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Study on Alzheimer’ s Disease MRI Image Classification Method Based on an Improved Swin Transformer Model

ZHAO Shanshan, SHI Haolin, WANG Yingshuai, WAN Yanli

Institute of Medical Information, Chinese Academy of Medical Sciences & Peking Union Medical College, Beijing 100020, China
(Abstract)  Purpose/Significance To develop a more effective magnetic resonance imaging ( MRI) classification model, so as to im-
prove the early diagnosis accuracy of Alzheimer’s disease (AD) and enhance the quality of life of patients. Method/Process Based on the
Swin Transformer model, integrated with a multi — resolution feature fusion (MRFF) module, an improved network structure, Swin Trans-
former + MRFF, is proposed. Data augmentation and expansion strategies are adopted, and the problems of insufficient samples and cate-
gory imbalance are solved. Through comparative experiments with other deep learning models, the advantages of the improved model in the
recognition of AD are evaluated. Result/Conclusion The improved Swin Transformer + MRFF model significantly outperforms the base
model on the OASIS -1 dataset, notably enhancing the recognition ability for mild dementia and non — dementia categories.

(Keywords]  Swin Transformer model; multi —resolution feature fusion (MRFF) ; MRI medical image classification; Alzheimer’s disease
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