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Abstract
Objective: Opioid use disorder (OUD) is a chronic relapsing disorder with a problematic pattern of opioid use, affecting

nearly 27 million people worldwide. Machine learning (ML)-based prediction of OUD may lead to early detection and inter-

vention. However, most ML prediction studies were not based on representative data sources and prospective validations,

limiting their potential to predict future new cases. In the current study, we aimed to develop and prospectively validate an

ML model that could predict individual OUD cases based on representative large-scale health data.

Method: We present an ensemble machine-learning model trained on a cross-linked Canadian administrative health data set

from 2014 to 2018 (n = 699,164), with validation of model-predicted OUD cases on a hold-out sample from 2014 to 2018

(n = 174,791) and prospective prediction of OUD cases on a non-overlapping sample from 2019 (n = 316,039). We used

administrative records of OUD diagnosis for each subject based on International Classification of Diseases (ICD) codes.

Results: With 6409 OUD cases in 2019 (mean [SD], 45.34 [14.28], 3400 males), our model prospectively predicted OUD

cases at a high accuracy (balanced accuracy, 86%, sensitivity, 93%; specificity 79%). In accord with prior findings, the top risk

factors for OUD in this model were opioid use indicators and a history of other substance use disorders.

Conclusion: Our study presents an individualized prospective prediction of OUD cases by applying ML to large administra-

tive health datasets. Such prospective predictions based on ML would be essential for potential future clinical applications in

the early detection of OUD.
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Abrégé
Objectif: Le trouble d’utilisation d’opioïdes (TUO) est un trouble récidivant chronique avec un modèle problématique d’uti-
lisation d’opioïdes, qui affecte près de 27 millions de personnes dans le monde. La prédiction du TUO basée sur l’apprentis-
sage machine (AM) peut mener à la détection précoce et l’intervention. Toutefois, la plupart des études de prédiction d’AM
n’étaient pas basées sur des sources de données représentatives et des validations prospectives, ce qui limitait leur potentiel

de prédire de futurs nouveaux cas. Dans la présente étude, nous cherchions à développer et à valider prospectivement un
modèle d’AM qui pourrait prédire des cas individuels de TUO basés sur des données de santé représentatives à grande

échelle.

Méthode: Nous présentons un modèle d’ensemble d’apprentissage machine formé sur des ensembles de données de santé

administratives canadiennes croisées de 2014–2018 (n = 699 164), avec validation de cas de TUO prédits par un modèle dans

un contre-échantillon 2014–2018 (n = 174 791) et une prédiction prospective de cas de TUO sur un échantillon non-che-

vauchant de 2019 (n = 316 039). Nous avons utilisé des dossiers administratifs de diagnostics de TUO pour chaque sujet basé

sur les codes de la Classification internationale des maladies (CIM).

Résultats: Avec 6 409 cas de TUO en 2019 (moyenne [ET], 45,34 [14,28], 3400 hommes), notre modèle prédisait prospec-

tivement les cas de TUO avec une haute précision (précision équilibrée, 86%, sensibilité, 93%; spécificité 79%). En accord avec

les résultats précédents, les principaux facteurs de risque pour le TUO dans ce modèle étaient les indicateurs d’utilisation
d’opioïdes et des antécédents de troubles d’utilisation d’autres substances.

Conclusion: Notre étude présente une prédiction prospective individualisée des cas de TUO en appliquant l’AM à de vastes

ensembles de données de santé administratives. Ces prédictions prospectives basées sur l’AM seraient essentielles pour les

futures applications cliniques potentielles dans la détection précoce des TUO.
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Introduction
The opioid crisis continues to worsen in North America.1–5 In
the United States alone, 10.3 million people reported non-
medical opioid use in 2018, and approximately two million
were living with opioid use disorder (OUD) that same
year.6 OUD is a well-established risk factor for opioid over-
dose and death7,8 – for example, in 2018, 128 opioid-related
deaths occurred per day, of which 41 were related to prescrip-
tion opioids.9 Between 2016 and 2019, Canada reported
more than 16,393 opioid-related deaths, yielding a rate of
at least 11 opioid-related deaths per day.10 Patients with
OUD are more likely than others to be hospitalized, visit
the emergency department and utilize urgent care services.
Once established, OUD is a chronic and disabling disorder
associated with a high cost to the healthcare system. In
Alberta, Canada, from 2018 to 2019, the annual direct cost
to the public health system was $22,000 for a patient with
OUD compared to the average cost per capita of
$2,000-$3,000 (see Supplementary Methods). If patients at
risk for OUD could be identified and intervened at the earliest
stages of the disease, aversive outcomes are preventable.11–16

Around one-fourth of opioid users will develop OUD,17

and 8% to 12% of those prescribed opioids for chronic
pain will develop OUD18; therefore, predicting and prevent-
ing OUD in this population is pivotal to harm reduction
efforts.19 However, recognizing problematic opioid use in
the clinical setting is difficult, especially given that many
patients are unwilling or unable to fully communicate their

patterns of prescription and illegal drug use. For this
reason, many health systems are turning towards clinical
and administrative databases to help identify patients at
risk, leveraging data on previously documented health condi-
tions, including substance use disorders, patterns of health-
care utilization, socioeconomic status, and history of
prescription opioid use. The data available from an adminis-
trative database in a single-payer health system provides
broad coverage of the population and thus could provide an
extensive set of objective indicators. Given the administra-
tive data’s strengths and the difficulty collecting and access-
ing opioid utilization information from illegal sources, we
believe that focusing on the OUD in those with prescription
opioid use represents the most practical starting point for
actionable prediction. While promising, these datasets are
highly complex and ever-expanding, creating unique statisti-
cal and analytic challenges.

Machine learning (ML)-based modelling has emerged as a
fundamental tool for processing health data for patient-level
risk estimation due to its capability to tackle complex data
and provide individualized predictions.20–22 ML is comple-
mentary to traditional statistical analysis with its capability of
making optimal predictions at the individual level.20–22

Compared with conventional statistical analysis, most of
which concentrate on group-level significance in the existing
data, ML has a built-in process to estimate the model’s predic-
tive performance on new data (e.g., cross-validation23), which
ensures generalizability of the model’s prediction. ML models
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can also make predictions at the individual level in addition to
at the group level, which is crucial for real-world applications
involving individual outcomes.22 ML models are usually data-
driven and able to capture the information and patterns within
high-dimensional data through automatic and objective optimi-
zation of its parameters and predictive variables, without
relying on a-priori hypotheses.22

Most existing studies on ML for OUD prediction are of
limited generalizability due to non-representative sampling.
For example, in the United States, only about one-third
(34%) of the population is covered by Medicare. Another
9% are uninsured, and the remainder is enrolled in various
commercial insurance plans,24 making representative data
sampling a major challenge. Also, most existing studies
(with the rare exception, see25) use hold-out validation
where one portion of the dataset is used for derivation and
another for validation, which does not guarantee accurate
prediction of future cases.26,27 Canada has a centralized, uni-
versal and publicly funded health care system,28 where pro-
vincially representative data are routinely collected, and
nationally representative health administrative data are syn-
thesized and made accessible by Canadian Institute for
Health Information. OUD prediction with administrative
data has not yet been demonstrated in the Canadian
context, leaving a major gap in the path towards cost-
effective, targeted prevention efforts to curb the opioid crisis.

In this study, we aimed to develop a novel ML model to
prospectively predict individual OUD cases in the future in
a large, representative Canadian sample. We also aimed to
identify and rank individual risk factors for OUD to
improve model interpretability.

Materials and Methods
The study was approved by the University of Alberta ethics
review board (Pro00072946). Individual-level information of
different types (e.g., demographic, socio-economic, health
utilization, etc.) was collected across Provincial government
ministries (Alberta, Canada, population of 4.3 million in
2019) and linked and analyzed by the authors (see
Supplementary Methods).

Study Cohort
Patients aged 18 years or older who filled an opioid prescrip-
tion between 2014 and 2019 and with active Alberta Health
Insurance coverage were eligible for the study. Patients were
enrolled in the year of the most recent opioid prescription fill.
We defined potential predicting variables as “features” for
ML models. We derived the features using a 5-year
window of historical data (e.g., for a patient with the most
recent opioid prescription in September 2016, the features
were retrieved from September 2011 to September 2016).
In line with prior publications on OUD prediction, we devel-
oped candidate predictive features based on literature search
and human experts curation.25,29 We excluded patients
receiving cancer medications because high opioid consump-
tion over a short period among cancer patients may represent
their routine treatment of pain (n = 14,079).30

Patients who developed OUD were identified using the
International Classification of Diseases (ICD) codes, including
the tenth revision (ICD10) codes: F11.1 (Opioid abuse), F11.2
(Opioid Dependence) available from ambulatory records, and
the ninth revision (ICD9) codes: 304.0 (Opioid type depen-
dence), 305.5 (Nondependent opioid abuse), and 304.7
(Combinations of opioid type drug with any other drug depen-
dence) available from physician’s claims.

Supplementary Table 1 shows the 62 features used,
including health system utilization indicators (e.g., number
of family physician visits), demographics (e.g., age, sex),
opioid-specific indicators (e.g., opioid-related poisoning,
opioid dosage), other substance abuse, and related disorders
(e.g., alcohol, nicotine) and other physical and mental health
indicators (e.g., chronic pain, hepatitis, depression).

Sample Derivation
We partitioned the data into three disjoint datasets (see Figure 1):
[1] training (retrospective) (2014–2018; n = 699,164), [2] vali-
dation (retrospective) (2014–18, n = 174,791), and [3] testing
(prospective) (2019, n = 316,039). Because OUD is a chronic
condition and we did not have a reliable indicator to identify its
termination, prior OUD diagnosis might introduce uncertainty
for the OUD status at the enrolment and lead to unreliable clas-
sification results. To ensure that the model was trained to clas-
sify specific target outcomes (OUD status at the enrollment),
the retrospective samples excluded patients with prior
records of OUD within 5 years of enrolment (n = 9669).

Figure 1. Study flow chart. The ensemble model was built by

running a base-learner on 66 different class-balanced subsets of the

training set to produce 66 base classifiers; to classify a new patient,

the resulting ensemble model runs those 66 classifiers on that

patient, then returns the majority vote of their responses, where a

case is classified as OUD if over 50% of the models classify the case

as OUD. We then tested the ensemble model on the validation and

testing set.
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However, during the prospective testing, we kept patients with
prior history of OUD to verify the generality of the model pre-
dictions. Patients included in the prospective sample were
excluded from the retrospective samples (n = 189,400). The
retrospective sample was split into training and validation
samples based on a 4 to 1 ratio, stratified to match the distribu-
tion of OUD, Age and Sex. This stratification was to reduce
validation variance and to ensure OUD, Age and Sex were
equally represented in the training and validation datasets.

Class imbalance is a common issue when building a model
to predict rare events.31 If an ML algorithm was trained on one
instance of a minority class but many examples of a majority
class, this may lead to poor classification accuracy for the
minority class. To enhance model performance in this setting,
undersampling of the majority class is a commonly used tech-
nique.32 In addition, ensemble methods can improve prediction
performance33 by using a set of classifiers to classify new data
points through prediction voting. We adopt an ensemble
method based on results voting from classifiers trained on
multiple class-balanced samples to address class imbalance
issues while optimizing predictive efficacy. The ratio of OUD
to non-OUD cases was approximately 1 to 66 (1.49% OUD),
for the training data, we randomly split the majority class
(non-OUD) into 66 equal-sized samples (each n =
12,860) matched to the size of the minority class (OUD).
Each non-OUD sample was combined with the OUD
sample to create 66 class-balanced training samples.

Data Preparation
SAS 9.4 was used for extracting and preparing the data for
modelling. Python 3.6 with scikit-learn 0.22.1 package was
used for running predictive models. The majority of the features
were treated as continuous, primarily measured in number of
years (frequency of occurrences), except the binary features –
Sex (Male, Female), Family Status (Couple/Single),
Long-Term Use (LTU) indicator (yes/no),34 Receiving
Government Financial Aid (yes/no) – and non-binary categor-
ical features: Family Income (Low, Middle, High) and Opioid
Dosage (Low, Moderate, High).34 We dummy coded non-
binary categorical features. Table 1 summarizes the demo-
graphic information. Variable derivations are described in
Supplementary Table 1. Because our data are from a single-
payer system where all interactions with the health system
were recorded and derived based on multiyear aggregated fre-
quency, no record was coded as 0 and interpreted as no occur-
rence. The stratification of OUD, Age and Sex for training and
validation datasets was performed using the StratifiedKfold
function. All continuous features were scaled using
RobustScaler from the scikit-learn package. Compared with
mean and unit variance scaling, RobustScaler is a method of
data standardization that is more resistant to adverse impact
of outliers, which scales the data based on the median and
an interquantile range between the 1st and 3rd quantile. The

testing data from 2019 were transformed by applying the
same scale used on the 2014–18 training sample.

Modelling
We developed an ensemble classification method by running
logistic ridge regressions (L2 regularization) classifiers on
each of the 66 training samples to learn base models for clas-
sifying OUD (1 = OUD, 0 = non-OUD), optimizing for
balanced accuracy, defined as the average of sensitivity
and specificity. We used internal five-fold cross-validation
to select the best parameter value for regularization. Then,
we ran each base classifier on the validation set (Figure 1).
All features were ranked for each classifier based on the
absolute value of the coefficients, and an averaged rank
was obtained to determine the top contributing features.
This ensemble model predicted OUD for a patient if more
than 50% of the base classifiers classified that patient’s
label as OUD.

Results

Model Performance
The ensemble model reached a balanced accuracy of 91.5%
in the validation data, with a sensitivity of 87.9% and speci-
ficity of 95.1%. For the testing data, the model reached a
balanced accuracy of 86.0%, a sensitivity of 93.0%, and a
specificity of 78.9%, with an Area Under the Curve (AUC)
of 0.94. The sensitivity and specificity trade-offs in the
2019 testing cohort were illustrated in the receiver operating
characteristic (ROC) curve and confusion matrix plot dis-
played in Figure 2.

Predictive Risk Factors
The ten top-ranked predictors (see Table 2 for case defini-
tions) were dominated by opioid use indicators and other sub-
stance abuse disorders (Table 3). Predictors measured in the
number of years were highly skewed, with the majority being
0 or 1 year. For presentation clarity, number of years
was collapsed into two categories (<1 or≥ 1 years; see
Supplementary Figure 1 for complete distributions). The
most substantial risk factors for OUD were Opioid-Related
Poisoning, LTU indicator and High Dose, representing
22.64%, 67.43% and 5.90% of the OUD sample, respec-
tively). Other substance abuse disorders were also the
top-ranked predictors, including Sedative Hypnotic Related
Disorders, Polysubstance Related Disorders, Amphetamine
Related Disorders, Cocaine Related Disorders,
Cannabis-Related Disorders and Hallucinogen Related
Disorders. Low Dose of opioids was the only protective
factor among the top 10 predictors, where 97.53% of
non-OUD patients had≥ 1 year of low dose (See the Low
Opioid Dosage row in Table 3).

La Revue Canadienne de Psychiatrie 57

https://journals.sagepub.com/doi/suppl/10.1177/07067437221114094
https://journals.sagepub.com/doi/suppl/10.1177/07067437221114094


Discussion
In the current study, we developed and prospectively vali-
dated an ML model that could predict individual OUD
cases in the following year based on representative
large-scale health data. Performance of our model on
hold-out validation data reached an overall balanced accu-
racy of 91.5%, and performance on prospective testing data
achieved an overall balanced accuracy of 86.0% with an
AUC of 0.94. We found that opioid utilization and other sub-
stance use disorders are the predominant risk factors driving
our model predictions, indicating an increased risk for those
with long-term heavy use of prescription opioids and a
history of other substance use disorders.

Predictive Performance
Prospective prediction of OUD is challenging, given the
ongoing significant and rapid shifts in opioid-related policy,
culture and medical management.27 However, our prospective
accuracy is comparable to or better than studies using hold-out
validation and a similar case definition for OUD. Other studies
included additional features such as lab tests and vital signs,35

additional diagnostic phenotypes developed based on unsuper-
vised learning,36 and a larger quantity and broader spectrum of
demographic and clinical features,37–39 as well as utilizing
advanced ML models such as decision trees,37–39 gradient
boosted trees40 and deep neural network learning.39–41 Our
findings demonstrate that a ML model based on retrospective
data can provide accurate predictions of individual OUD
cases in a prospective sample.

The lower accuracy of prospective predictions (86%) com-
pared to the accuracy of validation on 2018 data (91.5%) may
reflect the lag time between developing OUD and receiving a
clinical diagnosis, i.e., a portion of false positives could repre-
sent patients with OUD who are not yet diagnosed. Therefore,
false-positive cases may reflect a high-risk group in the early
stages of OUD and provide an important opportunity for clin-
ical and policy-level interventions. These cases will need to be
further followed up for future investigations.

It is difficult to compare our results with some of the previous
studies because existing literature on ML for opioid-related risk
prediction is inconsistent and includes a varied array of models
that predict similar but fundamentally different outcomes such as
OUD,25,35,36,40–43 opioid misuse,38,44–46 and opioid overdose

(See Tseregounis & Henry, 2021, for a review47). Opioid
misuse refers to the non-medical use of prescription opioids,
for example, for euphoric effect. Opioid misuse increases the
risk of opioid-related overdose and development of OUD48

but is not associated with a unique diagnostic code and is there-
fore difficult to identify and predict using administrative data.
Cases referred to as opioid misuse in previous studies may
include OUD and other opioid-related adverse outcomes. Still,
the prediction of misuse cases may be difficult to interpret
from the clinical perspective and to be compared with our study.

Risk Factors of OUD
In a clinical setting, risk factors for OUD include past or
current substance abuse, diagnoses of psychiatric disorders,
younger age, male sex, and social or family environment
that encourage misuse.49–51 Our predictive model identified
that the highest risk factors for OUD were tied to opioid use
indicators and other substance use disorders, consistent with
the literature.49,51 Given that ‘opioid-related poisoning’ is con-
sidered synonymous with opioid overdose, it is perhaps not
surprising that opioid-related poisoning emerged as the stron-
gest predictor of OUD. However, post-hoc analysis showed
that opioid-related poisoning and OUD have a low linear cor-
relation in the 2019 testing data (r = 0.298), with only 22.64%
of OUD patients experiencing one or more events of
opioid-related poisoning. This is consistent with existing evi-
dence that opioid overdoses infrequently occur in prescription
opioid users,2,7 and reducing opioid prescription availability
may lead to higher overdose rates.52 Of the non-opioid sub-
stance use disorders examined, polysubstance and
amphetamine-related disorders were the strongest predictors
of OUD, present in 41.25% and 22.84% of the 2019 sample,
respectively. A range of other non-opioid substance use disor-
ders, including sedative-hypnotics, cannabis, cocaine and hal-
lucinogens, also predicted OUD, albeit to a lesser extent
(present in fewer than 10% of OUD patients). Two-thirds of
the OUD population (67.34%) experienced LTU during the
year of enrolment, compared to 19% of non-OUD patients.
The distribution of top predictors of OUD and non-OUD
patients suggests that each of the individual factors is not pow-
erful enough to predict OUD alone. The OUD prediction
needs to harness the combined effects of predictors through
the power of multivariate analysis.

Table 1. Cohort Demographics.

Features Measurements

Training and Validation (2014–2018) Testing (2019)

OUD

(n = 12,860)

Non-OUD

(n = 861,095)

OUD

(n = 6409)

Non-OUD

(n = 309,990)

Age Age at enrolment

(mean ± standard deviation)

43.79 ± 14.67 46.69 ± 18.55 45.34 ± 14.28 51.56 ± 18.27

Sex Male 55.61% 49.35% 53.05% 49.92%

Female 44.39% 50.65% 46.95% 50.08%
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Implications
Prospective prediction based on historical data is a significant
step towards deployingOUDprediction and risk assessment pro-
grams at the population level in real time, arguably a new gold
standard for applied precision medicine. Early identification of
patients at risk for developing OUD might enable preventative
and harm reduction interventions that mitigate harms and
allow cost savings at the system level.53 The utility and efficacy
of predictive algorithm on OUD have already been studied in the
context of primary health care, with longitudinal sample and pro-
spective validation.54–56 Algorithm-guided physicians benefited
from clinically actionable insights and were able to prevent

OUD by limiting initial opioid prescription and improving
patient’s pain treatment outcomes.55 It is worth noting that the
validated clinical OUD detection tool utilized similar patient
history information reported in our study (e.g., illegal drug
use, history of prescription drug use. mental disorders, age)
along with patient’s genomic testing data (AUC = 0.83). This
suggests that the addition of administrative health-based predic-
tions with ML may further enhance the screening efficacy of
existing prediction tools used clinically and will yield superior
benefits to enhance patient outcomes with evidence of higher
predictive performance (e.g., our study had an AUC of 0.92).
The current study can be viewed as a proof of concept for
future applications of administrative health data on OUDpredic-
tion and prevention but not a replacement for clinical judgment
and diagnoses. More research is needed to further optimize the
methods and determine an optimal strategy for real-world adap-
tation and translation. One potential route is to leverage existing
healthcare resources and incorporate the prediction result as a
risk indicator within the electronic medical record system.
When a patient is flagged as high risk for developing OUD, a
clinician might then be encouraged to further screen for modi-
fiable OUD risks and alter future opioid prescribing strategies.
The risk factors identified by the model may further assist clini-
cians to go through the medical history of patients, while save
their time. Increasingly, patients have access to their own elec-
tronic medical records, presenting novel opportunities for
encouraging a better understanding of personal health risks,
including risks of OUD. Such insights might become particu-
larly important, e.g., in the context of pain treatment allowing
patients to make risk-informed decisions about available
options on the use of prescription opioids. Thus, innovative
and interactive patient/provider interface might translate
complex risk models derived from highly dimensional historical
health data into actionable insights for effective prevention,
diagnosis and treatment of OUD.

Figure 2. Receiver operating characteristics curve and confusion matrix. Receiver operating characteristics curve and confusion matrix for

prediction of OUD in the testing cohort for OUD cases. True Positive Rate is the rate model predicts a positive OUD label correctly,

equivalent to Sensitivity, whereas False Positive Rate is the rate model predicts a positive OUD label incorrectly, equivalent to 1 – Specificity.
AUC stands for area under the curve.

Table 2. Feature Case Definitions.

Features Case Definition

Opioid-related

poisoning

ICD9 code 965.0 and/or ICD 10 codes

T40.0, T40.1, T40.2, T40.3, T40.4, T40.6,

occurring within a five-year window prior

to enrollment year and measured in

number of years (frequency ranges from 0

to 5 years)

Long-term use

indicator

Dispensation duration > 120 days, or

dispensation frequency > 10 or a > 90

days period of continuous opioid

prescribing following the date of

enrollment34

High/medium/low

dosage

Daily morphine equivalent doses of > 200

mg, <200 mg and > 90 mg, or < 90 mg,

respectively, during the enrollment year34

Note. Substance-related disorders including Sedative and Hypnotic,

Polysubstance, Amphetamine, Cocaine, Cannabis, and Hallucinogen were all

defined like Opioid Related Poisoning, by corresponding ICD9 and ICD10

codes and measured in number of years. For more details on all features, see

Supplementary Table 1 in Supplementary Materials.
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Limitations
The results of our study need to be interpreted with caution
due to their limitations. Firstly, while our ML-based
approach optimizes accuracy of individual-level predictions,
model interpretability could be improved with more tradi-
tional statistical approaches and further validation.
Relatedly, the study data represents the health care system
users in Alberta, Canada; thus, generalizability to other
health care systems may be limited. Secondly, some elements
in our administrative data were designed for managing phy-
sician payments (i.e., billing data) and may be suboptimal for
capturing clinical events, potentially leading to missed OUD
diagnoses,57 or conversely, false OUD labels in cases of sus-
pected or unconfirmed diagnosis. The same limitation applies
to the candidate risk factors, while no data is available for
those do not utilize the healthcare system, e.g., patients
obtain substances through illegal sources, or recently
moved to Alberta. Our data also lack a clear indicator for
treated OUD or OUD in remission. An alternative solution
to validate OUD labels is to collect clinical diagnostic infor-
mation from the clinical setting (e.g., from electronic medical
records) and make the data available to administrative health
data custodians.

Further, our OUD definition relied on the premise that
OUD develops after LTU and, therefore, LTU during the
year of enrolment acted as a predictor of OUD. It is possible
that in rare cases, OUD developed before LTU criteria were
satisfied. However, the administrative data may have laten-
cies for relative event records, which makes it challenging
to consolidate the exact temporal sequence of the events.
Future studies should better differentiate OUD in remission
from active OUD and delineate the temporal relationship
between LTU and OUD.

In addition, given that interpretability of the model is
important for government policymaking, we chose ridge
regression to emphasize interpretability at the cost of

potentially inferior predictive performance compared to non-
linear models. Multiple algorithms should be compared for
prospective prediction performance in future studies where
the context requires real-life applications. Finally, future
studies should explore the optimal method to address data
shift,27 and to continuously update the model to maintain
high predictive accuracy.

Conclusion
Our study developed and prospectively validated a promising
novel approach that could predict individual OUD cases
based on ML and representative large-scale health data.
Our findings suggest that early detection of OUD is possible
with such a data-driven approach, which may enable timely
clinical intervention and policy changes relevant to OUD
and other opioid-related outcomes to help curb the opioid
crisis.
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Table 3. Summary of Top 10 Predictors in the Testing Data.

Predictors OUD Risk

Non-OUD

(n = 309,990)

OUD

(n = 6409)

< 1 year ≥ 1 year < 1 year ≥ 1 year χ2 rφ p

Opioid-related poisoning Increase 99.04% 0.96% 77.36% 22.64% 212,393 .82 <0.001

Sedative hypnotic-related disorders Increase 99.76% 0.24% 93.45% 6.55% 6822 .15 <0.001

Polysubstance-related disorders Increase 97.56% 2.44% 58.75% 41.25% 30,293 .31 <0.001

Long-term use indicator Increase 81.06% 18.94% 32.66% 67.34% 9221 .17 <0.001

Amphetamine-related disorders Increase 99.17% 0.83% 77.16% 22.84% 24,150 .28 <0.001

Cocaine-related disorders Increase 99.23% 0.77% 87.64% 12.36% 8480 .16 <0.001

High opioid dosage Increase 99.55% 0.45% 94.10% 5.90% 3347 .10 <0.001

Cannabis-related disorders Increase 98.43% 1.57% 90.72% 9.28% 2200 .08 <0.001

Low opioid dosage Decrease 2.47% 97.53% 14.98% 85.02% 3709 .11 <0.001

Hallucinogen-related disorders Increase 99.63% 0.37% 98.36% 1.64% 257 .03 <0.001

Note. The predictors were presented in the order of ranked importance. The percentage values were calculated based on the proportion of < 1 year and≥ 1

year in patients’ subgroups based on the OUD label, two-way χ2, rφ and p values were calculated based on raw counts.
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