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Multimodal Representation Learning for Alzheimer’s Disease Diagnosis
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Abstract Alzheimer’s disease (AD) is a complex neurodegenerative disease involving a variety of pathogenic factors. So far, the
cause of Alzheimer’s disease is not clear, the course of the disease is irreversible,and there is no cure. Its early diagnosis and
treatment have always been the focus of attention. The neuroimaging data of subjects has an important auxiliary role in the diag-
nosis of this disease,and the combination of multimodal data can further improve the diagnostic effect. At present, the multimodal
data representation learning of the disease has gradually become an emerging research field, which has attracted wide attention
from researchers. An autoencoder based multimodal representation learning method for Alzheimer’s disease diagnosis is pro-
posed. Firstly,the multimodal data are initially fused to obtain the primary common representation. Then.it is input into the au-
toencoder network to learn the final common representation in latent space. Finally,the common representation in latent space is
classified to obtain the disease result. The proposed method,which achieves the best diagnostic results compared with comparison
algorithms,has an accuracy of 88. 9% in the classification of AD and healthy subjects in the ADNI dataset. Extensive experimen-
tal results verify its effectiveness.
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Fig. 1 Framework of the proposed method
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