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Whole-brain Classification Based on Generalized Sparse Logistic Regression
WANG Jing'*, ZHANG Bao', XIE Xiao'”, LI Jian'’, ZHANG Li'*, GUO Huaping'”’

(a. College of Computer and Information Technology; b. Henan Key Laboratory of Analysis and Applications of

Education Big Data, Xinyang Normal University, Xinyang 464000, China)

Abstract: Previously proposed sparse logistic regression algorithms cannot make the most of the spatial
structure information of brain, so it is not appropriate to be applied directly in whole-brain {MRI data
classification. To address the problem, two penalty terms of characterizing sparsity and spatial structure are
simultaneously introduced into traditional logistic regression algorithm, which produces a generalized sparse
logistic regression algorithm. Specifically, a flexible penalty term that characterizes the spatial structure is
designed. By tuning parameters of this penalty term. the spatial structure information of brain can be fully
utilized. Under the framework of minorization-maximization, an iterative process is designed to solve the
corresponding optimization problem, which guarantees that an explicit solution can be obtained in each iteration
and a locally optimal solution for the problem can be found. Experimental results show that the proposed
algorithm outperforms existing sparse logistic regression algorithms in classification accuracy.
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