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Improvement of predictive accuracies of functional outcomes of stroke patients
by machine learning models
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Stroke is one of the conditions requiring caregiving, underscoring the
importance of prognosis. Previous research utilizing multiple regression analysis for stroke
prognosis has indicated potential diminished predictive accuracy due to the non-linear nature of
clinical data. Hence, this study investigated whether machine learning capable of analyzing
non-linear data could enhance prognosis prediction for stroke patients compared to traditional
regression analysis.

This study performed prognosis prediction of discharge Functional Independence Measure (FIM)
scores, a prominent assessment index of activities of daily living (ADL), for 1046 stroke patients
based on age and FIM scores at admission. The analysis utilized multiple regression analysis along
with five machine learning algorithms. This study demonstrated that machine learning improves

prognostic prediction accuracy compared to multiple regression analysis.
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