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Opioid use among youth, particularly among American Indian (Al) youth, is rising,
resulting in a large number of accidental overdoses and deaths. In order to develop
effective prevention strategies, we need to use exploratory data analysis to identify
previously unknown predictors of opioid use among youth living on or near reservations.
The present study is an application of Machine Learning, a type of exploratory data
analysis, to the Our Youth, Our Future epidemiological survey (N = 6482) to determine
salient risk and protective factors for past 30-day opioid use. The Machine Learning
algorithm identified 11 salient risk and protective factors. Importantly, highest risk was
conferred for those reporting recent cocaine use, having ever tried a narcotic other than
heroin, and identifying as American Indian. Protective factors included never having tried
opioids other than heroin, infrequent binge drinking, having fewer friends pressuring you
to use illicit drugs, initiating alcohol use at a later age, and being older. This model
explained 61% of the variance in the training sample and, on average, 24% of the
variance in the bootstrapped samples. Taken together, this model identifies known
predictors of 30-day opioid use, for example, recent substance use, as well as unknown
predictors including being AI, Snapchat use, and peer encouragement for use. Notably,
recent cocaine use was a more salient predictor of recent opioid use than lifetime opioid
use.
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What is the significance of this article for the general public?

This study identified risk and protective factors for opioid use among reservation-
based youth. Moreover, the highest risk was conferred for those reporting recent
cocaine use, having ever tried a narcotic other than heroin, and identifying as
American Indian. By using Machine Learning we were able to identify predictors
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== of opioid use including and beyond those that would be predicted from theory.
S = These risk and protective factors can help inform prevention and intervention
TE efforts targeting youth living on or near American Indian reservations.
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RISK AND PROTECTIVE FACTORS OF YOUTH OPIOID USE

“The opioid epidemic is quietly ravaging
Indian Country” (Tipps et al., 2018, p. 422). Data
over the past 20 years indicate that rates of opioid
misuse and opioid-related deaths have rapidly
increased among American Indians (Al)/Alaska
Natives (AN). For example, the Centers for
Disease Control and Prevention (CDC) data indi-
cate that 2018 age-adjusted opioid-related over-
dose deaths among AI/AN were nearly five times
the comparable rate in 1999 (2.9 per 100,000 in
1999; 14.2 per 100,000 in 2018; Tipps et al.
2018; Wilson et al. 2020). Moreover, these num-
bers are likely undercounted by as much as 40%
due to misidentification of race on AI/AN death
certificates (Arias et al., 2016). Adjusting for mis-
classification reveals rates equal to or greater than
those of non-Hispanic Whites, the population
hardest hit by the opioid epidemic (Martins et al.,
2015). With respect to opioid misuse, 2018 data
from the National Survey on Drug Use and Health
(NSDUH; Substance Abuse and Mental Health
Services Administration [SAMHSA], 2019) indi-
cate that 5.8% of AI/ANs age 12 and older reported
pain reliever misuse, compared to 3.6% of the gen-
eral population, while AI/AN opioid misuse rates
were 5.8%, compared to 3.7% nationally.

Recent research shows that particularly high
rates of opioid misuse are seen among Al adoles-
cents who live on or near reservations. Annual
misuse of OxyContin and heroin among Al reser-
vation adolescents in 2018 was significantly
greater than among the comparable national pop-
ulation (Stanley et al., in press). For example,
among 10th graders, past year OxyContin use
was 2.9 times higher than national 10th Grade
rates, while 10th Grade heroin rates were 20.8
times higher than national rates.

Two recent studies provide some context to the
current study (Barnett et al., 2019; Nalven et al.,
2020). Barnett and colleagues (2019) examined
risk factors for nonprescription opioid use (not
including heroin) among U.S. adolescents using
the 2017 Youth Risk Behavior Survey. While the
number of potential risk factors was limited to
other substance use, mood, amount of sleep,
school, academic performance, and race/ethnicity,
they found that identification as AI/AN was asso-
ciated with more nonprescription opioid use. One
limitation of this finding is the few number of Al/
AN in the sample and the failure to distinguish
between reservation and urban Al youth. In con-
trast, Nalven and colleagues (2020) limited their
study to a population-based sample of reservation

131

Al youth. With predictors limited to peer, family,
and school factors, they found that variables from
each of these domains were associated with higher
nonprescription opioid and heroin use.

Beyond the study by Nalven et al. (2020); there
is only limited data on opioid use among AI/AN
youth living on or near reservations and none that
included a comprehensive set of potential risk
and protective factors. As such, there is a need to
explore a broad range of contextual factors that
may portend risk for opioid use among Al youth
that live on or near reservations. Further, AI/AN
youth often attend schools that are attended by
non-AI/AN youth and live in communities that
are not exclusively AI/AN as well (Stanley &
Swaim, 2018). In studies that collect data from
school aged youth that live on or near reserva-
tions, non-AI/AN students are often excluded
from analyses to provide clearer focus on AI/AN
youth (e.g., Stanley & Swaim, 2018). However,
this may be a missed opportunity to study all
youth attending these schools. Indeed, while there
are likely factors that are not controlled, (e.g.,
neighborhood factors), there are many contextual
factors that are shared among youth that attend
the same schools (poverty, reduced access to pre-
vention and treatment services). This creates a
natural experiment to begin to distill out potential
contributions of ethnic/racial identity influences,
for example, historical trauma, that may affect
likelihood of engagement in high-risk behaviors,
including opioid use.

High rates of adolescent opioid use on and near
reservations underscore the need for culturally con-
gruent and efficacious prevention interventions for
opioid misuse. Such interventions must be based on
sound evidence about the risk and protective factors
underlying opioid use. However, little research has
specifically examined factors that contribute to
opioid use among reservation-based adolescents.
Additionally, efforts to reduce opioid use over the
past two decades have resulted in limited success as
evidenced by relatively higher rates of use (Nalven
et al., 2020; Stanley et al., in press). One potential
explanation for this lack of improvement despite
efforts is a failure to identify meaningful predictors
that explain opioid use in this population that are
beyond the scope of typically invoked theories
(Hellemann et al., 2009). For example, factors asso-
ciated with adolescent substance use in general are
numerous and broad in scope (Stone et al., 2012).
However, the list of risk and protective factors is
both long and likely includes variables that fail to



ed by the American Psychological Association or one of its allied publishers.

This document is copyri
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

All rights, including for text and data mining, Al training, and similar technologies, are reserved.

132

explain significant amounts of variance. Additio-
nally, an exhaustive list of protective and risk factors
does not exist. This leads to a need to both organize
and select factors that have already been identified
and use methodology that will identify risk and pro-
tective factors that have yet to be studied.

Bronfenbrenner’s ecological theory (1977) may
be useful in selecting among known predictors
as it provides a framework for the selection of
potentially useful variables that cuts across indi-
vidual, social, and community factors. This wide
selection of variables is also supported in the
review of risk and protective factors for adoles-
cent substance use presented by Hawkins and col-
leagues (1992). Machine Learning as a data ana-
lytic tool may be useful in identifying new risk
and protective factors (Hellemann et al., 2009).
Machine Learning is essentially an empirical athe-
oretical approach to data analysis that relies on fea-
ture selection, or salience, in identifying salient
predictors (Adkins, 2017; Bleidorn & Hopwood,
2019; Dipnall et al., 2016; Witten & Frank, 2002).
Taking an atheoretical approach using exploratory
data analysis techniques, such as Machine Lea-
ming, allows for the identification of previously
unknown salient predictors (Lemon et al., 2003).
With replication, these newly identified predictors
can be incorporated into existing models to increase
explanatory power and im-prove the effectiveness
of prevention and intervention strategies.

Data from the Our Youth, Our Future (OYOF)
study, a large ongoing epidemiological study of
adolescents living on or near reservations (Swaim
& Stanley, 2018b), affords an opportunity to use
Machine Learning to examine a large group of
such measures in order to identify the most pre-
dictive risk and protective factors for reservation-
based youth. One of the advantages of Machine
Learning is the capitalization of the immense
amount of data collected in large epidemiological
studies such as OYOF (Dipnall et al., 2016). In
addition, these data offer a unique opportunity to
compare whether risk and protective factors for
opioid use operate similarly between Al youth
and non-Al youth attending the same schools.
Because reservation Al youth sometimes attend
off-reservation schools, due to no grade-appropri-
ate on-reservation school, the OYOF study sam-
ples schools on or within 25 miles of a reservation
with at least 20% Al enrollment. Moreover, some
on-reservation schools have significant numbers
of non-Al students due to large non-Al popula-
tions residing on reservations. Because the survey
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is given to all students attending a school, a sub-
stantial number of non-Al students are surveyed
as well. This comparison is important for several
reasons. Prevention programming and substance
use policy are often school- or community-based.
For these to be effective, commonalities and dif-
ferences between Al and non-Al students must be
ascertained prior to implementation. In addition,
it is often asserted that there are important differ-
ences in how risk and protective factors operate
for reservation Al youth versus other youth, in
part due to the unique environment of the reserva-
tion and due to cultural and ethnicity factors
(Szlemko et al.,, 2006; Zeledon et al., 2020).
Using a large number of predictors in a Machine
Learning study with both AI and non-Al youth
can add evidence toward answering whether this
is true. Unlike studies that compare reservation
Al adolescents to national adolescent samples,
our sample of Al and non-Al youth have some
similarities in terms of shared schools and, to a
lesser degree, living environment. Therefore, it
provides a unique point of comparison unlike that
typically seen in the literature where reservation
Al adolescents are compared to national adoles-
cent samples.

This study sought to use Machine Learning to
identify previously unknown salient predictors of
past 30-day opioid use from a large population-
based sample of youth (both AI and non-Al) liv-
ing on or near reservations. Given that Machine
Learning is an atheoretical approach to data analy-
sis (Witten & Frank, 2002), no directional a
priori directional hypotheses were tested.
Instead, the primary hypothesis for this study
was that Machine Learning would identify
both previously known and unknown salient
predictors of opioid use among reservation-
based youth. While a pressing public health
concern, opioid use is a rare event that raises
methodological challenges. Machine Learning
methods are well suited for making predictions
about factors that portend risk or that can be pro-
tective for/against rare events like opioid use
among youth (cf. Weiss & Hirsh, 2000).

Method
Sample and Recruitment

The present study used survey data from 37
schools that participated in the Our Youth, Our
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Future (OYOF) survey during the spring semes-
ter of 2015 and the 2016-2017 academic year.
Schools were stratified into seven regions (North-
east, Northwest, Southeast, Southwest, Northern
Plains, Southern Plains, and Upper Great Lakes)
based on cultural and other similarities among Al
groups as described in Snipp (2005). OYOF is an
ongoing epidemiologic investigation of substance
use rates of adolescents living on or near reserva-
tions and related risk and protective factors. Its
methods are described in detail in Swaim and
Stanley (2018b). Randomly selected schools were
contacted via mail, e-mail, and phone, and if
schools agreed to participate, appropriate tribal
and/or school board approval was obtained. Each
school received a report of their survey findings
and compensation for resources used to complete
the survey process, with median payment of
$1,500.

Procedure

Several weeks prior to the survey, parents
of enrolled middle and high school students
(grades 7—-12) received letters describing the
survey and instructions for opting their child
out, if desired. Students not opted out were
administered the OYOF survey online via
Qualtrics software and were instructed to
skip questions they did not want to answer.
Participants were anonymous, and all proce-
dures were approved by the Colorado State
University Institutional Review Board.

Participants

The sample consisted of 6,482 youth in
grades 7—12. Fewer than 1% of the participants
were opted out or refused to take the survey.
Of the 6,482 participants, 48% identified as
Al including those who identified as Al and
another race (n = 3,098), while 52% identi-
fied as non-Native (n = 3,384). Among those
who identified as non-Native: 60% identified
as White, 11% identified as Black/African
American, 33% identified as Hispanic, and
17% identified with another racial/ethnic iden-
tity (note, race and ethnicity categories within
non-Native are not mutually exclusive). App-
roximately 50% of participants self-identified
as male. The average age was 14.78 (SD =
1.79).
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Measures

Drug use items on the survey mirror those on
the Monitoring the Future survey, a nationally
representative annual survey given to middle and
high school students. The outcome variable was a
dichotomized sum of endorsement of any opioid
use in the past 30 days, coded as 1 for any use
and O for no use and calculated from two items
measuring (a) “How many times (if any) have
you taken narcotics other than heroin on your
own—that is, without a doctor telling you to take
them—during the last 30 days?,” where other nar-
cotics were defined as a list of opioids: metha-
done, opium, morphine, codeine, Demerol, Vicodin,
OxyContin, and Percocet; and (b) “how many times
(if any) have you taken heroin during the last 30
days.” Summed scores across these two items
greater than 1 were reduced to 1, creating a binary
30-day opioid use outcome variable. Three percent
(n = 175) of the sample endorsed any opioid use
within 30 days of completing the survey, while
97% (n = 6,185) reported no opioid use within the
past 30 days. A greater percentage of participants in
the Southeast reported use within the past 30 days
(6%, n = 36) compared to the other regions.

Other OYOF survey items measure risk and
protective factors deriving from the social devel-
opment model, a general theory of human behav-
ior that incorporates predictors in the individual
and in the family, school, community, and peer
group environments into a coherent development
model predicting antisocial and prosocial behav-
iors (see Cambron et al. [2019] for an overview
of this model).

In particular, the survey contains cultural, reli-
gious, family, personality, and peer measures (cf.
Swaim & Stanley, 2018b). Three hundred four-
teen items were used as predictors of past 30-day
opioid use. These predictors can be generally
categorized as: demographics (e.g., age, gender,
ethnicity), substance use (e.g., alcohol, cannabis,
cocaine), consequences of substance use, cultural
and religious identities, family structure and val-
ues, personality, peer norms and influence regard-
ing substance use, and attitudes/beliefs about
substance use. Predictors were single items rather
than aggregates of multiitem measures. Example
predictors are “When (if ever) did you first do
narcotics other than heroin?,” “how often do you
use Snapchat,” and “how often have your friends
asked you to use other illegal drugs?” A complete
list of the predictors and the outcome along with
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the response options are included as an online
supplemental table.

Analyses

All analyses were conducted in R (R Core
Team, 2019). Data were cleaned and analyzed for
missingness. After preliminary analyses of uni-
variate descriptive statistics, data were randomly
split into two samples - the training (in this case
80% of the data) and testing (20% of the data)
samples. The research question was addressed
using recursive partitioning, a Type of decision
tree-based Machine Learning (Zhang & Singer,
2013) as implemented through the rpart package
(Therneau et al., 2019) on the training sample and
testing misclassification in the testing sample.

Recursive partitioning is a nonparametric type
of Machine Learning that builds a “tree” that
identifies homogeneous orthogonal subgroups of
a population, called “leaves” or “nodes,” whose
members share common characteristics that pre-
dict the outcome variable (Lemon et al., 2003); in
this study, presence or absence of past 30 day
opioid use. Model construction is binary and re-
cursive in that, at each step of the model building
process, every predictor variable is used to predict
the outcome variable and split the sample into a
more homogeneous subsample, even if that pre-
dictor variable has already been used in model
construction (Zhang & Singer, 2013). The advant-
age of recursive partitioning is that a large number
of predictors can be evaluated a theoretically to
determine salient predictors of the outcome variable.
This process can be used to build a robust set of pre-
dictor variables and to determine intricate relations
among predictor variables in predicting the outcome
of interest. The first variable in the model is consid-
ered the most salient predictor of the outcome vari-
able. All predictor variables retained in the model
after the first step are predicting the outcome vari-
able through the preceding steps; in other words,
they are interacting with all predictor variables at all
previous steps to predict the outcome variable. In
decision tree analyses, chains of predictor variables
are referred to as branches of the tree. Branches on
the left represent the protective side of the model, in
this study, no opioid use in the past 30 days, while
branches on the right represent the risk side of the
model, or any opioid use in the past 30 days. Model
construction continues until each branch of the tree
ends in a “node” that is perfectly homogeneous
(i.e., all members of the sample have exactly the

PRINCE, CONNER, DAVIS, SWAIM AND STANLEY

same values on all variables; the most homogeneous
sample is typically a sample of one person). Model
fit is evaluated by examining the relative error of
the final model. The lower the relative error, the bet-
ter the model fits the data, while 1 — the relative
error is an estimate of the variance explained by the
model.

Perfect homogeneity means that the model is
overfit to the particular sample of the population
under study (Zhang & Singer, 2013). Thus, two
processes are used to maximize the amount of
variance explained by the model while also maxi-
mizing the generalizability of the model to other
samples from the population of interest. The first,
bagging (Strobl et al., 2009); is to cross-validate
the model using a bootstrapping procedure where
80% of the sample is extracted n number of times
and, using replacement, built up to the same n as
the original sample. In the present study, 100
bootstrapped samples were extracted for cross-
validation. The model is then reestimated in each
of the bootstrapped samples. Each reestimated
model has a relative error associated with it. All
of these relative errors are then used to calculate a
mean relative error and a standard error of that
distribution of relative errors. The second process
is to use a cost-complexity pruning rule to select
the model that most parsimoniously explains both
the most variance in the sample and, on aver-
age, the most variance from the cross-validation,
based on the model relative error and the mean and
standard error of the relative errors (for Hellemann
et al., 2009). The goal is to select the model that
uses the fewest splits to explain the most variance
across all samples. This pruning process uses parsi-
mony to reduce model overfit, which typically
results in less variance explained in the original
sample, but more variance explained across all of
the boot-strapped samples. A good-fitting tree is
one with the fewest splits that has smaller cross-val-
idation error than a model with no splits.

Model results are also evaluated with a confu-
sion matrix and by computing accuracy, error
rate, specificity, and sensitivity of the model. The
confusion matrix assesses the accuracy of the
classification algorithm learned in the training
sample on the data in the testing sample (Clarke
et al., 2009). Data are presented in a 2 X 2 table
so that predicted class, learned in the training
data, is compared to actual class in the testing
data. Cells in the table represent the true positive
(predicted positive, actually positive), true nega-
tive (predicted negative, actually negative), false
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positive (predicted positive, actually negative), and
false negative (predicted negative, actually posi-
tive). Accuracy, error rate, specificity and sensitiv-
ity are calculated from these values. Values for
accuracy, specificity, and sensitivity are better the
closer they get to 1, while error rate is better the
closer is gets to 0.

Model construction used the “class” method in
rpart as the outcome variable was binary (Therneau
et al., 2019). Splitting of the sample continued as
long as there were five observations remaining in
the previous node and splitting stopped when there
were at least 2 observations remaining in any node.
Past 30-day opioid use was rare in this sample; 175
out of 6,482 (2.7%) participants reported any
opioid use in the past 30 days. The cost-complexity
parsimony rule that governs model selection stipu-
lates that the model with the fewest number of
splits that explains the most variance in cross-vali-
dation should be selected to maximize generaliz-
ability while minimizing overfit to the sample.
However, research indicates that this pruning
method often overprunes the model (Esposito et
al., 1997). Thus, with rare outcomes, as is the
case herein, pruning the model one step past par-
simony maximizes the variance explained while
still minimizing overfitting, assuming the more
complex model satisfies all other model fit criteria
(e.g., explains more variance in the boot-strapped
samples on average compared to a model with no
splits).

Results

Results from recursive partitioning identified a
good-fitting model to the training sample data
that was stable in the cross-validation procedure
and replicated in the testing data with adequate
classification statistics. Model fit statistics are pre-
sented in Table 1, the confusion matrix is pre-
sented in Table 2, and classification indicators are
presented in Table 3. The model, before pruning,
had 5 steps, each with an increasing number of
splits, up to 25 splits. Evaluation of the fit statis-
tics from the model construction and cross-valida-
tion procedures indicated that a model with 3
splits was the most parsimonious (i.e., Step 2).
However, given the rareness of the outcome vari-
able, the model with 12 splits (i.e., Step 4) maxi-
mized explanatory power of the model while still
minimizing overfit to the sample. Thus, the Step
4 model was retained as the final model.
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Table 1
Recursive Partitioning Tree Fit Statistics
Step CP # of splits Rel error X error X STD
1 0201987 0 1.00000  1.00000 0.080160
2 0.039735 2 0.59603 0.81457 0.072552
3 0.016556 3 0.55629  0.60927 0.062943
4 0.015000 12 0.39073  0.75497 0.069911
5 0.01000 21 0.26490 0.76159 0.070210
Note. CP = model complexity parameter; Rel Error = rel-

ative error; X Error = mean of the relative error of all cross
validations; X STD = standard error of the distribution of
cross validation relative errors. Bolded text denotes the step
where pruning occurred.

The final pruned model is presented in Figure 1
This model explained 61% of the variance in the
training sample and, on average, 24% (18% —31%)
of the variance in the bootstrapped samples. The
most salient predictor of any 30-day opioid use
was the number of times an individual used
cocaine in the past 30 days. Lowest risk of any 30-
day opioid use was predicted by having used
cocaine less than twice in the past 30 days and
never having tried opioids other than heroin.
Conversely, highest risk of any past 30-day opioid
use was predicted by two or more instances of co-
caine use in the past 30 days, ever having tried
opioids other than heroin, and self-reporting as an
American Indian. Intermediate risk for any opioid
use in the past 30 days was predicted by other sub-
stance use (i.e., binge drinking, amphetamine, can-
nabis, and huffing glue), peer pressure to use illicit
substances, age and social media use as depicted in
Figure 1.

Discussion

Opioid use is a major public health concern
among youth, particularly AI youth (Stanley et
al., in press), yet little is known about the risk and
protective factors affecting its use. The present
study used Machine Learning to identify risk and
protective factors of past 30-day opioid use among
a large representative sample of youth living on or
near Al reservations. Results demonstrated that
Machine Learning was able to predict current
opioid use accurately, and thus it can be an effec-
tive tool for identifying salient predictors of such
use. One key finding from this study is that youth
who report recent use of substances other than
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Table 2
Confusion Matrix of the Final Tree

Testing data

Prediction No opioid use Opioid use
No opioid use 1,252 (TN - A) 13 (FN - B)
Opioid use 7 (FP-C) 11 (TP -D)
Note. The confusion matrix was run on the Testing Data,

which is comprised of 20% of the available data.

opioids are more likely to report past 30-day
opioid use. Thus, efforts focused on preventing
and treating opioid use should focus on substance
use more broadly. In particular, the most salient
predictor of recent opioid use was 30-day use of
cocaine. This finding is consistent with observa-
tions of growing concurrent use of stimulants and
opioids and of users intentionally switching back
and forth between stimulants and opioids (Enos,
2019).

In addition to ever using opioids other than her-
oin, a critical risk factor for past 30-day opioid use
was self-identifying as Al Identifying as Al app-
eared as one of the most important predictors of
past 30-day opioid use among the over 300 predic-
tors tested (i.e., it was the third most salient predic-
tor on the high-risk side of the model). This implies
that, among youth living on or near reservations, Al
youth are more likely than their non-Al peers to use
opioids. Applying Bronfenbrenner’s theoretical fra-
mework for identifying predictors, our modeling
included measuring the most common risk and pro-
tective factors among adolescents for substance use,
items that measure key constructs within the family,
peer, school, and individual domains. These items
have been found to be predictive of substance mis-
use in all populations of adolescents, including Als.
In addition, measures of cultural identity, ethnic
pride, and perceived discrimination are included in
the survey and thus in the Machine Learning model.
However, even with many culturally relevant items
included in the set of possible predictors, identifying
as Native was a salient predictor of last 30-day
opioid use.

There are several reasons why this might be the
case. First, there are variables that differentiate the
Al and non-Al groups and that predict substa-
nce use but that are not measured in the survey.
These include socioeconomic variables, such as
poverty (Henry et al., 2011); and variables specific
to Al populations, for example, historical trauma
(Skewes & Blume, 2019). Historical trauma results
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from the Indigenous history of colonization, geno-
cide, for-ced removal from lands, and attempts to
deny and abolish cultural traditions, including lan-
guage and healing practices. Historical trauma is
transmitted intergenerationally through diminished
family functioning (Cromer et al., 2018); and is
hypothesized to impair parenting practices.
Moreover, Indigenous children are often victims of
or witnesses to high rates of trauma and loss, often
associated with suicide, accidents, violence, and
substance abuse (Brockie et al., 2013; Sarche &
Spicer, 2008); and this trauma has been linked to
substance use. This history is both an important
contributor to a host of Indigenous health inequities
(McOliver et al., 2015). In the present study, this
history may be the reason identifying as Native, an
Indi-genous identity, was a salient predictor in the
model. This is consistent with Davis et al. (2020)
who found that Al adolescents were more likely to
endorse coping motives for marijuana use than their
non-Al counterparts attending the same schools.
Motives for opioid use was not measured in that
survey, but it could help explain why being Al is a
risk factor for opioid use.

For those reporting recent cocaine use and never
having tried opioids other than heroin, the next
most salient predictor of past 30-day opioid use was
past 30-day inhalant use, another serious substance
misuse behavior (Manikandan & Balasubramanian,
2020). This finding is similar to that found for a
national sample of adolescents age 1217 years
showing that persistent inhalant use was a strong
predictor for nonmedical opioid use (Nakawaki &
Crano, 2012).

Staying on the high-risk side of the model, the
Machine Learning algorithm identified Snapchat
use as a protective factor, with those using Snapchat
often being less likely to endorse recent opioid use.
Snapchat use was a salient predictor for individuals
not identifying as Al. One interpretation of this find-
ing is that Snapchat use is a proxy for social engage-
ment. Those non-Al youth who are not using

Table 3
Classification Indicators

Testing data

Error rate 0.02
Accuracy 95% CI 0.98 (0.98, 0.99)
Sensitivity 0.46
Specificity 0.99
Note. Error Rate closer to .00 is best, all others closer to

1.00 is best.
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Figure 1
Final Regression Tree
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the number of participants in the node, those on the left of the diagonal report no opioid use in the past 30 days and those

on the right denote those reporting 30-day opioid use.

Snapchat may be more socially isolated which may
be a risk factor for engagement in substance use.
Some research has shown that social media use is
linked to benefits including social capital (e.g.,
Ellison et al., 2007); especially among marginalized
youth (Jarrett, 2003; Stevens et al., 2017). Future
research is needed to better understand risky versus
protective engagement in social media with respect
to substance use. The final variable on the high-risk
side of the model differentiating those that reported
more Snapchat use was a lifetime history of am-
phetamine use, with those reporting use more likely
to report past 30-day opioid use.

In contrast to risk factors, the Machine Lea-
rning algorithm also identified a host of protective
factors. Among the protective factors were less
engagement with substance use broadly with the
exception of using marijuana to cope. It is possi-
ble that using marijuana to cope is protective
because youth who use marijuana to cope are
not choosing to use opioids. However, using

marijuana to cope may be a harbinger of prob-
lems that are yet to develop. Longitudinal re-
search can help determine if using marijuana to
cope has lasting protective benefits against engag-
ing in opioid use.

Beyond personal substance use, those who
reported less peer pressure to use illegal drugs
were less likely to report current opioid use. This
finding, along with the social media engagement
described above, point to the importance of social
factors in youth’s decisions to engage in opioid
use. Prevention and intervention efforts should
include both individual and social strategies to
help defend against the risks associated with
opioid use.

One surprising finding was that geographic
region did not emerge as either a risk or protec-
tive factor in the classification tree. Examining
the prevalence of opioid use across regions indi-
cates that there are regions of higher risk (e.g.,
Southeast, 6% reporting opioid use) and regions



ed by the American Psychological Association or one of its allied publishers.

This document is copyri
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

All rights, including for text and data mining, Al training, and similar technologies, are reserved.

138

with less risk (e.g., Southern Plains, 0% reporting
opioid use); however, region did not emerge as a
salient predictor among those studied. This indi-
cates that other risk factors, that also vary by
region, explain these differences in use.

Overall, the model identified predictors that are
known. For instance, substance use of any kind
was predictive of past 30-day opioid use.
However, lifetime use of opioids other than her-
oin was not the most salient predictor of the out-
come. Instead, more recent cocaine use was a
more salient predictor. Beyond substance use, the
model identified nuanced predictors of risk. For
instance, while we know in general that Al ado-
lescents are at higher risk for substance use (e.g.,
Swaim & Stanley, 2018a), the algorithm identi-
fied Snapchat use as a salient predictor. More
research is needed to understand this relation.
Finally, the algorithm identified being younger as
portending more risk for past 30-day adolescent
use among individuals reporting increased alco-
hol misuse, more peer influences to use drugs,
and initiating alcohol use at a younger age. This
finding is surprising and important in differentiat-
ing who might be at high risk for opioid use from
a young age.

Strengths and Limitations

This study had both strengths and limitations.
Major strengths included the large sample of both
Al and non-Al youth living on or near reserva-
tions, an understudied, vulnerable population, and
the application of Machine Learning to a major
public health concern in order to effectively iden-
tify a list of salient risk and protective factors for
current opioid use among youth. Additionally, an
ensemble approach to the recursive partitioning
was used by training the algorithm in one data set
and testing it in another and by employing the
cross-validation and cost-complexity pruning
methods. This allowed for the assessment of the
model by a number of indices and minimized
overfit while maximizing generalizability. Lim-
itations included cross-sectional data that pre-
cludes causal inferences and some degree of
overfitting due to the rarity of opioid use among
youth. Given the rarity of past 30-day opioid use
in absolute terms, it would be helpful to replicate
the current findings in a new sample or to test
the predictive validity of the final model in a
new dataset. We did not ask whether students
were using substances simultaneously, a parti-
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cularly dangerous form of use (Ochoa et al.,
2001); but further research should examine
whether reservation students are using heroin
and cocaine together, the so-called speedball,
that can be quite lethal (Leri et al., 2003).

Implications

There are a number of implications of the cur-
rent study. First, findings from these exploratory
analyses identified risk and prevention strategies
that can be used to inform prevention and inter-
vention efforts, including factors (e.g., social
media engagement) that have not been part of the
national discussion around the opioid epidemic.
These findings can be shared with regional and
tribal treatment and healing centers to be used as
screening tools or to help providers have a richer
understanding of factors that may portend risk for
opioid use or that may be protective. Some of
these findings may be surprising (e.g., the poten-
tially helpful use of marijuana to cope) and may
provide some context for providers in elucidating
risky substance use (e.g., cocaine use, binge
drinking) and less risky substance use. Second,
this study demonstrates that Machine Learning,
and more specifically, classification tree analysis
with recursive partitioning, is an effective tool for
predicting rare events.
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