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Background: opioid use
* High-potency analgesic
* Highly addictive
* Serious complications

* Significant morbidity and mortality

* Risk factor for prolonged opioid use and *
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Y \qf Is that feasible to identify postoperative patients
\] A ¢ at risk for prolonged opioid use based on EHRs?
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Background: state-of-the-art

e Solutions:

e Opioid risk assessment tools
* ML models

 Problems:

 Non-standardized data from
different sources

* Generalizability and reliability
e Data bias
e Evaluation bias
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Methods

Observation Window Time-at-Risk"
180 days < v
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Problem definition:

- A

Outcome
<Opioid Drug Exposure>

t=0 t=90 t=180
<Surgery date>

Model development components:

Data extraction Data preprocessing Model development Model validation

I Phenotypes I Observation time I Classifier I Validation strategy

I Population setting I Loss to follow-up I Hyperparameters I Evaluation measures
I Covariates I Sample size I Class imbalance I Recalibration

I Lookback period I Missing data I Ensemble learning !
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Model updating



Phenotyping rules

Target Cohort
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Phenotyping rules: concept sets

Opioid prescription
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Covariate and population settings
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Model development and evaluation

Implementation:
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External validation:
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https://prolonged-opioid-use-prediction.shinyapps.io/shiny-app/
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* Conclusion:
I LR and RF: Highest discrimination and risk calibration
I NB: higher specificity
I LR+ NB in a single ensemble model: a better balance of
sensitivity and specificity

* Future work: S,
82%.6)
" External validation across subgroups
" Evaluate the transportability - 498 T+-Yo(WBAB)0/5
" Ensemble learning

" Federated learning —
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