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An early diagnosis method for Alzheimer’s disease
based on multimodal brain imaging fusion

WEI Xinyi

(School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract; Alzheimer's disease ( AD) is a degenerative disease that severely affects the health of the elderly population worldwide.
Early detection can prevent further damage to the patient, which is crucial for the treatment of Alzheimer’s disease. Over the past
decades, it has been demonstrated that neuroimaging can be a key diagnostic tool for AD and that fusion of different neuroimaging
features can improve diagnostic performance. Therefore, a deep learning framework based on multi-modal data is proposed for early
diagnosis and classification of Alzheimer’'s disease. This framework employs structural magnetic resonance imaging ( MRI) and
positron emission tomography ( PET) data to perform four-class classification of AD. The model utilizes a pre-trained VGG19
model combined with a freezing strategy to extract key features from preprocessed MRI and PET data. Meanwhile, the feature fusion
module introduces the BLOCK model to represent the higher-order interactions of multimodal features through the super-diagonal
tensor decomposition strategy. The experimental results on the ADNI dataset show that the proposed framework has significant
advantages in the early diagnosis of AD, with an accuracy of 92. 5%, a precision of 93. 36% , a recall of 91. 82%, and an F1 value
of 92.17%.
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Table 1 Dataset statistics
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Table 2 Performance comparison of different modalities and multi-

modal fusion models
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Fig.4 Confusion matrix based on single-modal data
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