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Based on hypergraph expressing low-rank feature
selection algorithm for regression analysis

Zhong Zhi' Fang Yue’™ Hu Rongyao® Li Yonggang® Lei Cong’
(1. School of Computer & Information Engineering Guangxi Teachers Education University Nanning 530023 China; 2. Guangxi Key Laborto—
ry of Multi~source Information Mining & Security Guangxi Normal University ~Guilin Guangxi 541004 China)

Abstract: The traditional regression model does not consider the deep complex structure among the feature matrix so that it
leads to output unstable regression model. To address this issue this paper proposed a novel feature selection algorithm. Spe—
cifically this paper first employed a €, ,-norm regularizer and a ¢, ,-norm regularizer respectively in the regression frame—
work to conduct noisy reduction of samples and to select important features via considering the correlation among the features.

Then it used a hypergraph representation and a low—rank constraint to consider the local structure and the global structure re—
spectively. Finally it integrated subspace learning with the proposed model to further improve the result of feature selection.

Experimental results show that the proposed method obtains the best results for regression analysis compare to the four com—
parison methods.
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