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Multi classification of Alzheimer’s disease
using linear fusion with images and indicators
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( School of Computer Science and Technology, Donghua University, Shanghai 201620, China)

[ Abstract] With the development of artificial intelligence, computer—aided diagnosis plays an increasingly important role in the
diagnosis of Alzheimer’s disease. This paper proposes a new multi—classification diagnostic model based on images and indicators
fusion. TOP-MRI image and clinical indicator features are fully exploited for multi—classification diagnosis of Alzheimer’s disease.
Firstly, a TOP-CNN-NN model consisting of three VGGNet—16 convolutional neural networks and a single hidden layer network is
constructed to extract the feature vector of TOP—MRI images of the brain, then CfsSubsetEval evaluator is used to screen the feature
vector of clinical indicators. Secondly, the image feature vector and the indicator feature vector are linearly fused by Canonical
Correlation Analysis (CCA). Finally, the vector is inputted into multi - classifier, which is used to distinguish three stages of
Alzheimer’s disease, including normal (CN) , mild cognitive impairment (MCI) and Alzheimer’s disease ( AD). Experiments show
that the accuracy of the proposed method in multi—classification diagnosis of Alzheimer’s disease can reach 86.7%, and it has good

performance.
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Fig. 1 Framework of multi—classification diagnosis model
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Tab. 2 Comparing the multi — classification performance of

different types of clinical indicators
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