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Abstract

Al-based decision support systems enable doctors to quickly evaluate stroke patient data and more
accurately predict critical illnesses that may be caused by stroke in the initial stage. To improve the
accuracy of stroke prediction, a variety of Al-based decision support systems have been proposed. In
this paper, we first briefly introduce the classification, symptoms, and risk factors of stroke, then elab-
orate on the application of Al in stroke prediction research. Meanwhile, by comparing the advantages
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and disadvantages of different machine learning methods and listing specific domestic and interna-
tional research cases on stroke prediction, we conduct a critical analysis of various Al-based deci-
sion support systems and provide corresponding research methods for stroke prediction. This pa-
per further expands the discussion on the application of deep learning methods (CNN, RNN/LSTM,
GNN) and points out the key significance of model interpretability (XAI) and privacy-preserving
computing (federated learning) in clinical translation.
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