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Abstract Deep learning technologies play more and more important roles in computer aided diagnosis (CAD) in medi-
cine. However, they always face the problem that insufficient labeled data is available for deep learning methods to learn
the millions of weights. This paper took the idea of non-supervised to solve the problem on limited labeled labels.and
proposed a 3D-PCANet method from aspects of unsupervised deep learning for computer aided AD prediction on limited

labeled MRI image. Simultaneously, full 3-D view of MRI images are used in the proposed methods. Experimental re-

sults show that the proposed method achieves promising performance in AD prediction.
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