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[Abstract] Objective: To construct a personalized prescription recommendation model that integrates multi-view
graph contrastive learning (MVCL) based on real —world stroke clinical data. Methods: The stroke clinical
dataset is modeled as a multi—graph structure, combining the properties of traditional Chinese medicine (TCM)
and symptom semantic information to generate node embeddings with TCM characteristics. Subsequently, a
similar view generator is proposed for view augmentation, and local contrastive learning is conducted separately
in the symptom space and the TCM space to enable the model to uncover the compatibility patterns in the
data better, thereby improving the accuracy of prescription recommendation. Results: The results of the
comparative experiment on the stroke dataset show that compared with the relatively better performing
SMRGAT, MVCL has improved by 5.01%, 5.43%, and 5.30% respectively in the Precision@5, Recall@5, and
F1-Score@5 indicators. The results of the comparative experiment on the public dataset (PTM) show that
MVCL has improved by 7.92%, 9.94%, and 9.08% respectively in the Precision@5, Recall@5, and F1-Score@5
indicators. Conclusion: The MVCL model shows advantages in both the accuracy of recommendation and the
generalization ability of the model, providing more reliable support and new research ideas for the auxiliary
diagnosis and treatment decision—making of stroke in traditional Chinese medicine.
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