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A B S T R A C T

Background: Opioid Use Disorder (OUD), defined as a physical or psychological reliance on opioids, is a public
health epidemic. Identifying adults likely to develop OUD can help public health officials in planning effective
intervention strategies. The aim of this paper is to develop a machine learning approach to predict adults at risk
for OUD and to identify interactions between various characteristics that increase this risk.
Methods: In this approach, a data set was curated using the responses from the 2016 edition of the National
Survey on Drug Use and Health (NSDUH). Using this data set, tree-based classifiers (decision tree and random
forest) were trained, while employing downsampling to handle class imbalance. Predictions from the tree-based
classifiers were also compared to the results from a logistic regression model. The results from the three clas-
sifiers were then interpreted synergistically to highlight individual characteristics and their interplay that pose a
risk for OUD.
Results: Random forest predicted adults at risk for OUD with remarkable accuracy, with the average area under
the Receiver-Operating-Characteristics curve (AUC) over 0.89, even though the prevalence of OUD was only
about 1 %. It showed a slight improvement over logistic regression. Logistic regression identified statistically
significant characteristics, while random forest ranked the predictors in order of their contribution to OUD
prediction. Early initiation of marijuana (before 18 years) emerged as the dominant predictor. Decision trees
revealed that early marijuana initiation especially increased the risk if individuals: (i) were between 18–34 years
of age, or (ii) had incomes less than $49,000, or (iii) were of Hispanic and White heritage, or (iv) were on
probation, or (v) lived in neighborhoods with easy access to drugs.
Conclusions: Machine learning can accurately predict adults at risk for OUD, and identify interactions among the
factors that pronounce this risk. Curbing early initiation of marijuana may be an effective prevention strategy
against opioid addiction, especially in high risk groups.

1. Introduction

Opioid Use Disorder (OUD) is a physical or psychological reliance
on opioids, a substance found in certain prescription pain medications
and illegal drugs like heroin (Centers for Disease Control, n.d.). The
United States is in the midst of an opioid overdose epidemic, which is
now a public health crisis (Finn, 2018). OUD covers a wide range of
illicit and prescribed drugs of the opioid class. These range from those
that are illegal to ones commonly sold in black markets, such as heroin,
to opioids used for substitution of street drugs such as methadone, to
analgesics used mainly in hospital settings such as morphine to
common painkillers available on prescription such as codeine and
oxycontin (Daniulaityte et al., 2014). Thus, OUD covers a wide range of
drugs accessed through many different sources and by people from
different walks of life. Perhaps the most well-known and notorious type
of OUD is Heroin Use Disorder, however, only about 20 % people with
OUD list heroin as their “drug of choice”. Most people with OUD use

analgesic opioids, or common painkillers that are prescribed by doctors,
whether it be for themselves or for someone else. A significant popu-
lation of people with OUD obtain prescription drugs from some other
medium as well (Finn, 2018; Tinker, 2019).

Several characteristics increase the likelihood of addiction to
opioids and other substances. These include mental illnesses, dis-
abilities, issues with personal and social relationships, proximity to
other drug users, and past traumatic events (National Institute on Drug
Abuse, 2017). Contemporary studies have evaluated the association of
some of these characteristics with substance use disorders. Most of
these studies, however, attempt to explain substance use disorders by
considering each characteristic in isolation. For example, according to
the Department of Health and Human Services, individuals with dis-
abilities have a substance abuse rate two to four times of that of the
non-disabled population (National Rehabilitation Information Center,
2011). Similarly, the National Bureau of Economic Research reports an
association between mental illness and substance abuse (Center for
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Behavioral Health Statistics and Quality, 2016). Fiellin et al. (2013)
examine the association between substance abuse in youth and sub-
stance use disorders in adult life.

Although each characteristic may individually increase the odds of
substance abuse by three to four times, neither one is a determinant.
Therefore, it is necessary to move beyond explanation to prediction,
where intricate associations between these characteristics can be con-
sidered in an integrated manner in order to determine who is likely to
develop OUD. Identifying adults at risk for OUD along with potential
confounders that enhance this risk can help public health officials in
planning effective intervention and prevention strategies. This paper
presents a machine learning approach to predict individuals that are at
risk for OUD and to understand how interactions between various de-
mographic, socioeconomic, physical, and psychological predictors in-
crease this risk. The approach uses a combination of logistic regression,
decision trees, and random forest classifiers synergistically.

2. Materials and methods

2.1. Curating the data

The paper takes an epidemiological perspective, where OUD is an
outcome, and certain characteristics increase its likelihood. To develop
a predictive relationship between OUD and these characteristics, a data
set is needed where individuals are classified as having OUD or not
along with their other characteristics that are associated with this
outcome. The 2016 edition of the National Survey on Drug Use and
Health (NSDUH), conducted by Substance Abuse and Mental Health
Services Administration (SAMSHA) included OUD outcome for the first
time (Substance Abuse and Mental Health Services Administration,
2016). This was the 36th edition of the NSDUH survey, and it covers the
civilian, noninstitutionalized population of the United States (including
civilians living on military bases) older than 12 years. This data is
publicly available and details about the sampling methodology can be
found in the NSDUH codebook (Center for Behavioral Health Statistics
and Quality, 2016).

The survey includes over 56,000 observations, with each observa-
tion comprising more than 2600 variables (Substance Abuse and Mental

Health Services Administration, 2016). The raw or edited variables
were directly reported from the interviews, and these raw variables
served as the source for recoded or imputed variables. Recoded and
imputed variables do not have any missing values, and SAMHSA re-
commends using these instead of the raw source variables whenever
possible (Center for Behavioral Health Statistics and Quality, 2016).

A data set was curated from these survey responses. Respondents
are classified according to the outcome (OUD/No-OUD), if they had a
Heroin Use Disorder, Prescription Pain Reliever Use Disorder or both.
These disorders consider both dependence and abuse. Therefore, re-
spondents are classified as having pain reliever or opioid abuse if they
reported a positive response to more than one of: (i) having serious
problems at home or work due to abuse; (ii) using substance regularly,
and then doing something that might have put them in physical danger;
(iii) causing actions that repeatedly got them in trouble with the law;
(iv) continuing to use substance even though it caused problems with
family and friends. Adults are classified as having dependence on a
substance if they responded positive to three or more of: (i) spent more
than a month getting over the effects of substance abuse; (ii) unable to
set limits on substance use, or used more often than intended; (iii)
needed to use substance more than before to get desired effects or
noticed that using the same amount had less effect than before; (iv)
unable to reduce the amount used or stop using the substance every
time he or she tried or wanted to; (v) continued to use substance even
though it was causing problems with emotions, nerves, mental health,
or physical problems; (vi) reduced or gave up participation in important
activities due to substance use. (Center for Behavioral Health Statistics
and Quality, 2016).

In addition to the OUD/No-OUD classification, characteristics that
were believed to be germane to the prediction of OUD were included in
the data used to train and test the three models. Table 1 summarizes
these predictor variables along with the different levels that they can
take. All of the variables, except for disability and obesity are available
in the recoded form in the NSDUH survey. A binary value of any dis-
ability is computed from the raw variables on six types of disabilities
listed in Table 1. Obesity takes three values based on the individual’s
Body Mass Index (BMI), which a, continuous variable. The curated data
set consists of 42,324 observations. Data for adolescents between the

Table 1
Summary of Predictor Variables.

Variable Levels

Outcome
Opioid Dependence or Abuse in the past year: Yes/No Two
Predictor Variables (Demographic)
1 Gender: Male/Female Two
2 Age: 18-25 yrs, 26-34 yrs, 35-49 yrs, 50-64 yrs, 65 yrs or older Four
3 Race: Non Hispanic White, Non Hispanic African American, Non Hispanic Native American/Alaskan Native, Non Hispanic Native Hawaiian, Non Hispanic Asian,
Non Hispanic More than One Race, Hispanic

Seven

Predictor Variables (Socioeconomic)
4 Income: < $20k, $20k-$49k, $50k-$75k, > $75k Four
5 Employment: Employed full time, Employed part time, Unemployed, Other (including not in the labor force) Four
6 Education: Less than high school, High school grad, Some college/Assoc degree, College Graduate Four
7 Approached by someone selling drugs: Yes/No Two
8 Heorin fairly or very easy to obtain: Yes/No Two

Predictor Variables (Physical & Psychological)
9 Any Disability: Computed based on the difficulties in one or more of: vision, hearing, walking, thinking, running errands, and dressing, Yes/No Two

10 Any mental illness in the past year: Estimated based on psychological distress, based on symptoms such as feeling nervous, feeling hopeless, feeling restless or
fidgety, feeling so sad or depressed that nothing could cheer you up, feeling that everything was an effort, and feeling down on yourself, no good, or worthless, and
functional, social, relational, and work impairment, suicidal thoughts, attempts, and plans, and impairment at home, work, etc. includes depression and suicidal
thoughts. Yes/No

Two

11 First use of alcohol before 18 years: Yes/No, No includes both those who use alcohol after 18 years and non-users. Two
12 First use of marijuana before 18 years: Yes/No, No includes both those who used marijuana after 18 years and non users. Two
13 Overall Health: Self-reported, Excellent, Very Good, Good, Fair/Poor. Four
14 Parole/supervised release status in the past year: Yes/No Two
15 Probation status in the past year: Yes/No Two
16 Perception of great risk trying heroin once or twice: Yes/No Two
17 Perception of great risk using heroin weekly: Yes/No Two
18 Obesity: BMI, Normal (< 25.0), Overweight (25.0-29.0), Obese (> 29.0) Three
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ages of 12 and 17, and those with missing values were eliminated.

2.2. Training the classifiers

In machine learning, the curated data is split into training and test
sets. The training set is used to train the classifiers, and the test set is
held out for validation, after the model has been trained (Tattar, 2018).
Usually, the training and test sets contain 60 %–80 % and 40 %−20 %
of the observations, respectively. These standard train-test split com-
binations are unsuitable for OUD prediction, because the percentage of
OUD to No-OUD observations is 1%–99% leading to a class imbalance
problem. Imbalance makes the classification problem that this paper
approaches challenging, and in effect moot if not solved, because even
if the classifier predicted all observations as No-OUD, it would be in-
correct only 1 % of the time, while not finding any observations with
OUD.

Several techniques were considered to address this class imbalance
problem. Class weights, which were considered initially, could impose a
heavier cost when errors are made in the minority or rare class.
Downsampling randomly removes instances in the majority class, until
the two classes are balanced. In upsampling, instances are randomly
replicated in the minority class (Tattar, 2018). The downsampling
method was ultimately implemented by eliminating the No-OUD ob-
servations from the training set until it is balanced with an equal
number of OUD and No-OUD observations.

The balanced training set was used to train decision tree and
random forest classifiers. The logistic regression model was also built as
a baseline for comparison. The three classifiers were then used to pre-
dict the outcomes (OUD/No-OUD) for the observations in the holdover,
or test data set. For each of the three classifiers, this split-downsample-
train-test process was repeated 50 times and the average performance
measures and confidence intervals using a 95% significance level were
computed. The analysis was conducted using the packages in the R
programming language (Graham et al., 2018; Wickham et al., 2019;
Breiman et al., 2018; Kuhn, 2019; Milborrow, n.d.; Therneau et al.,
2019; Tobias et al., 2015; Xavier et al., 2019).

2.3. Evaluating the classifiers

The outcomes predicted by each classifier are compared against the
observed outcomes, in machine learning, called the ground truth. These
predictions can be organized into four groups in a confusion matrix as
shown in Fig. 1. True positive refers to an observation where the clas-
sifier predicts OUD, and OUD is indeed present. False positive refers to
an observation where the classifier predicts OUD, even though it is
absent. In a true negative observation, the classifier does not predict
OUD and it is indeed absent. In a false negative observation, the clas-
sifier does not predict OUD, but it is present. True negatives and true
positives are correct classifications, where false negatives and false
positives are incorrect classifications.

The performance of the classifier can be evaluated using sensitivity
and specificity. Sensitivity, also known as recall, is the ability of the
classifier to correctly identify those with OUD (true positive rate), while

specificity is the ability of the classifier to correctly identify those
without OUD (true negative rate). Sensitivity is the percentage that a
person with OUD is correctly classified as such. If the classifier is highly
sensitive and it classifies a person as not having OUD, then it can be
fairly certain that that individual indeed does not have OUD. If the
classifier is highly specific, and it predicts that the individual has OUD,
then it can be fairly certain that in fact, the individualhas OUD.

A classifier will usually outputs a probability that a test input be-
longs to the OUD or the No-OUD class. This output is compared against
a default threshold of 50 % to determine the ultimate class of the test
input. If the probability that a test input belongs to the OUD class is
greater than 50 %, it is labeled as having OUD. Likewise, if the prob-
ability that a test input belongs to the No-OUD class is greater than 50
%, it is labeled as not having OUD, or No-OUD. Now, if this decision
threshold is varied, the number of true and false classifications will
change, and correspondingly, the sensitivity and specificity will change.
Thus, varying the decision threshold leads to a different tradeoff be-
tween sensitivity and specificity. A classifier with a high sensitivity
usually has low specificity; it is therefore successful in finding actual
cases of OUD but it also has a relatively high rate of false positives.

The ROC (Receiver Operating Characteristics) curve, which shows
the sensitivity or the true positive rate as a function of the specificity or
the false negative rate for different thresholds was used to assess this
tradeoff. Each point on the ROC curve represents a sensitivity and
specificity pair corresponding to a particular threshold. When the
threshold is higher, the false positive fraction decreases with increased
specificity but the true positive fraction and sensitivity will decrease.
When the decision threshold is lower, the true positive fraction and
sensitivity increases, but the false positive fraction also increases, and
therefore the true negative fraction and specificity decreases. The area
under the ROC curve (AUC) is a measure of how well the classifier can
distinguish between OUD and No-OUD classes. Overall, the perfor-
mance of a classifier is regarded as fair if the AUC falls in the range of
0.70-0.80, good if it falls in the range of 0.80-0.90, and exceptional if it
is greater than 0.90.

3. Results and discussion

The average values and 95 % confidence intervals for sensitivity,
specificity, and AUC were computed for the three classifiers over 50
runs. The average performance measures as well as the 95 % confidence
intervals are shown in Table 2 for the three. The random forest classifier
can predict adults at risk for OUD with remarkable accuracy, with
average AUC of over 0.89, an improvement over prior AUC of 0.86
(Wadekar, 2019). Thus, incorporating accessibility of drugs within
one’s community, criminal involvement, and perception of risk pro-
duces a more comprehensive approach with better prediction accuracy.
The performance measures of the random forest classifier are slightly
better compared to the logistic regression classifier. Moreover, the
confidence intervals of the random forest classifier are narrower com-
pared to the other two classifiers. Both the logistic regression and
random forest classifiers outperform the decision tree classifier, but not
by a very large margin.

The classifiers show higher sensitivity over specificity. That means,
they correctly identify many with OUD, but flag some incorrectly. If
specificity were higher than sensitivity, the classifiers would miss a
higher percentage with OUD. In OUD prediction, however, it is desir-
able to have higher sensitivity over specificity because identifying
people at risk for OUD can ultimately save lives by providing them with
early support. Thus, in the interest of public health, higher sensitivity as
opposed to a higher specificity is a more desirable outcome rather than
the reverse scenario.

The different types of analysis results provided by the three classi-
fiers can be used synergistically to improve our understanding of OUD.
Table 3 lists the average p-values of the specific levels of the predictors
from the logistic regression model. These p-values are computed usingFig. 1. Confusion Matrix.
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the entire data set, without the train/test split. In the table, ***, ** and
* indicate 0.001 %, 0.01 % and 0.05 % levels of significance respec-
tively. The p-values split the characteristics into the two groups whe-
ther statistically significant or not. However, p-values alone cannot
determine the relative importance of the predictors. For example,
Table 3 suggests that early initiation of both alcohol and marijuana
have a significant association with OUD. Thus, curbing early initiation
of both alcohol and marijuana may prevent OUD, but it may be onerous
to prohibit early use of alcohol compared to marijuana, given its wide
used in social settings.

Intervention strategies can be cost effectively developed if the pre-
dictors are ranked in the order of their contribution to OUD prediction.
This ranking can be produced by the random forest classifier as shown
in Table 4. First use of marijuana before the age of 18 years has the
highest contribution among all the predictors. It has a much higher
contribution to OUD compared to early initiation of alcohol. Once
again, prohibiting early initiation of marijuana in all demographic
groups is desirable, but it is unlikely to be cost-effective. It then be-
comes necessary to narrow the socioeconomic and demographic groups
that are more affected by early initiation of marijuana.

Decision trees reveal the interactions between early initiation of
marijuana and other predictors. Early initiation of marijuana affects
adults with no full-time employment, or those who have not completed
high school, or with incomes under $49,000, or between the ages of
18–34 years, or of Hispanic and White heritage, or with fair/poor
health, or on probation, or those who live in unsafe neighborhoods with
easy access to drugs. It is important to note that some predictors such as
probation are not identified as statistically significant by logistic re-
gression. Random forest also pegs their relative contribution as very
low. However, it is the interaction of these predictors with early in-
itiation of marijuana that increases the risk for OUD, which can only be
identified by decision trees.

The approach demonstrates the advantages of using a combination
of several models. Logistic regression and random forest classifiers

show comparable prediction accuracy. Logistic regression can reveal
which predictors and their levels are statistically significant for OUD
prediction, while random forest can rank the predictors according to
their relative importance. Finally, although the prediction accuracy of
decision tree is lowest, this model can identify the interactions between
the significant risk factors identified by the other two models.

This research collectively overcomes many drawbacks of prior ef-
forts. The study is reproducible because it uses public domain data,
rather than private administrative or electronic health records. It is
inclusive because it considers abuse and dependence of both prescrip-
tion opioids and heroin, unlike some that focus only on prescription
opioids (Li et al., 2018). It covers the general adult population, rather
than a specific cohort such as Medicare recipients or Caucasians
(Crosier et al., 2017). The sample size is larger compared to con-
temporary studies (Crosier et al., 2017). The method is parsimonious
because it needs a small number, of predictors. Despite its parsimony, it
is still comprehensive and considers many dimensions of a person’s life,
rather than only a narrow subset such as behavioral markers or per-
sonality traits (Ahn WY et al., n.d.; Ahn and Vassileva, 2016). Finally,
this approach enjoys a higher prediction accuracy compared to con-
temporary approaches that apply machine learning to substance use
disorders (Acion et al., 2017; Crosier et al., 2017).

This study can be beneficial in many ways. First, it can be used in
primary care settings, to proactively identify at risk adults, by eliciting
responses to only a few questions. Second, it identifies the risk factors
and narrows their impact to certain socioeconomic and demographic
groups, which can guide public health officials in prevention and early
intervention. Third, it can inform policy makers regarding the regula-
tion and legalization of substances. For example, this research adds
another dimension to the ongoing debate about legalizing marijuana by
highlighting that early initiation of marijuana may also increase sus-
ceptibility to OUD in adult life.

This is one of the first comprehensive approaches to predict adults
at risk for OUD. Using three models, that have their respective ad-
vantages, synergistically on a secondary data set in the public domain,
this approach improves our understanding of the interactions among
the characteristics that increase an adult’s risk of developing OUD. It

Table 2
Average (Confidence Intervals) of Performance Measures – Evaluated on 50 Runs.

Classifier Sensitivity Specificity AUC

Logistic Regression 0.8150 (± 0.0123) 0.8007 (± 0.0104) 0.8854 (±0.0104)
Decision Tree 0.7958 (± 0.0123) 0.8037 (± 0.0120) 0.8477 (±0.0060)
Random Forest 0.8197 (± 0.0081) 0.8103 (± 0.0026) 0.8938 (±0.0023)

Table 3
Predictors, Levels, and p-values.

Predictors & Levels p-values

Disability – yes 4.46e-10 (***)
Age 18–25 0.014076 (*)
Age 26–34 0.003557 (**)
Age 35–49 0.012485 (*)
Age 50–64 0.038768 (*)
Income 20k-49k 0.019390 (*)
Mental Illness Yes < 2e-16 (***)
Education – College 0.034171 (*)
Health – Fair/Poor 2.72e-05 (***)
Health – Good 1.61e-06 (***)
Health – Very Good 0.043476 (***)
Employment – Other 0.017493 (*)
Employment – Unemployed 0.000341 (***)
First use of alcohol before 18 years 4.52e-05 (***)
First use of marijuana before 18 years 2.36e-14 (***)
Probation – Yes 0.002999 (**)
Perception of risk, weekly use of marijuana – yes 5.36e-05 (***)
Perception of risk, trying marijuana once in a lifetime – yes 0.006285 (**)
Heroin easy or very easy to obtain – yes < 2e-16 (***)
Approached by someone selling drugs – yes < 2e-16 (***)
Obesity – Obese 0.025378 (*)

Table 4
Percentage Contribution of Variables in Prediction of OUD.

Variable Relative Importance

Early initiation of marijuana before 18 13.52 %
Mental Illness 11.78 %
Approached by someone selling drugs 8.52 %
Age 7.29 %
Overall health 7.16 %
Perception that drugs are easy to obtain 7.03 %
Income 6.26 %
Education 6.25 %
Employment 5.47 %
Early initiation of alcohol before 18 5.43 %
Race 5.36 %
Obesity 4.43 %
Disability 3.49 %
Gender 2.49 %
Perception of risk of trying heroin in lifetime 1.99 %
Probation 1.77 %
Perception of risk of using heroin weekly 1.27 %
Parole 0.49 %
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showcases that many large secondary data sets hold rich information,
vasts amounts of information, and employ statistically sound data col-
lection methodology. Using these secondary data can alleviate the
burden of collecting, anonymizing, cleaning, and recoding primary
data. However, certain limitations also arise from using secondary data,
because only those characteristics that are included in the survey can be
incorporated into the model. For example, in predicting OUD, the use of
substances and other prescription medications by family members may
be relevant. Additionally, debilitating and painful health conditions
such as neuropathy may also lead to abuse of opioids. However, be-
cause these data types are not collected in the NSDUH survey, they
cannot be considered in the model.

4. Conclusions

The proposed machine learning approach predicts adults at risk for
OUD with remarkable accuracy. The dominant predictor of OUD is first
use of marijuana before the age of 18 years. Socioeconomic and de-
mographic groups affected by such early initiation are also identified.
The machine learning models are capable of finding a “needle in a
haystack”, given the low number of observations with OUD. Finally, it
is shown how a combination of different machine learning methods can
be used to comprehensively and synergistically predict Opioid Use
Disorder in adults.
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