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Opioid use disorder (OUD); It is feasible to develop models to
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- affects more than 16 million people worldwide [1]
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Table 2: Characteristics of included studies (n = 22)

Study retrospective cohort (n = 11), prospective cohort (n = 7), observational (n =
types 3), case-control (n = 1)

Objective

Primary opioid use disorder (n = 8), opioid overdose (n = 6), persistent opioid use (n
ollj(ele] Il = 5), fatal opioid overdose (n = 2), opioid-induced-respiratory depression (n
=1)

Data databases (n = 9), electronic health records (n = 7), insurance claims (n =
source 2), patient-reported data (n = 2), prescription drug monitoring programs (n =
1), multiple sources (n = 1)

This systematic review aims to consolidate evi-
dence on the feasibility, efficacy, and accuracy of
using predictive models to assess risk of OUD and
OD in adults to inform clinical decision making.

Sample Range: 762 patients — 5,293,880 patients
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S Strategy’ methOdOIOgy’ & data ex- metrics loss (n = 1), aOR (n = 1), sensitivity/specificity (n = 3)

M et h Od S traction results. Models logistic regression (n = 9), multiple models (n = 6), random forest (n = 1),

LASSO regression (n = 2), neural network (n = 1), Poisson (n = 1),

proportional hazards (n = 1), support vector machine (n = 1).
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