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Individualized treatment response in multiple sclerosis predicted with machine learning
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Introduction Objectives / Aim

 Treatment response varies between patients, creating a need for individualized prediction of future disease activity across DMT  To develop and evaluate machine-learning models for individualized prediction of MS outcomes and to characterize patient-
options. specific variation across DMT-conditioned prognostic scenarios.

* Machine-learning models can integrate multiple clinical characteristics to generate patient-specific prognostic predictions and » Four outcomes x three prediction horizons = 12 prognostic tasks, with predictions evaluated across nine DMT scenarios for each
examine how predicted outcomes vary across DMT-conditioned scenarios. patient.

 Robust evaluation is required to determine whether these individualized predictions are reliable across outcomes, prediction
horizons and independent populations.

Methods Results: Results: Results: Conclusion

Data source and cohort Prognostic performance DMT-conditioned predictions Interpretation & validation . Machine-learning models are suitable for
« Training / testing: MSBase Registry
« External validation: Naples MS cohort
« Eligible treatment episodes required a valid
baseline EDSS assessment and sufficient Relapse CDW
|Oﬂgitudina| fO”OW-U p A Discrimination B Precision-recall performance 12m - & 1 16.22 12m  +e+ 0.71 Annualised relapse rate _ 0.338

individualized prognostication of relapse risk,
CDW, CDI and PIRA across 12-, 24- and 48-month
horizons.

 The predicted outcomes varied across patient
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* Relapse predictions were additionally
evaluated in an independent external cohort.
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