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Graph feature selection for Alzheimer’ s disease diagnosis
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(1. School of Computer Electronics & Information Guangxi University Nanning 530004 China; 2. College of Computer Science & Informa—
tion Technology Guangxi Normal University Guilin Guangxi 541004 China)

Abstract: This paper proposed a graph feature selection method for Alzheimer’ s disease diagnosis by adding the information
inherent in the observations into a sparse multi-task learning framework. Specifically this paper firstly defined two relations
(i.e. the featurefeature relation and the sample-sample relation respectively) based on the prior knowledge. Then embed-
ding these two kinds of relations into a multi-task learning framework (i. e. a least square loss function plus an [,-norm regu—
larization term) to conduct feature selection. Furthermore it fed the reduced data into a support vector machine ( SVM) for
conducting the identification of Alzheimer’s disease ( AD) . Finally the experimental results on a subset of the Alzheimer’ s
disease neuroimaging initiative ( ADNI) dataset show the effectiveness of the proposed method in terms of classification accura—
cy by comparing with the state-of-the-art methods including K nearest neighbor ( KNN) SVM and so on. This paper
proves that the proposed method can improve the performance of AD diagnosis accuracy by take feature selection and two
kinds of relation into account simultaneously.
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