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Multi-label Attribute Reduction Algorithm Based on Neighborhood Rough Set

CHEN Panpan'?, LIN Menglei'?, LIU Jinghua®, LIN Guopin'?
(1.School of Mathematics and Statistics, Minnan Normal University, Zhangzhou, Fujian 363000, China;
2.Institute of Meteorological Big Data—Digital Fujian, Zhangzhou, Fujian 363000, China;
3.Department of Automation, Xiamen University Xiamen, Fujian 361000, China)
Abstract: In multi-label learning, attribute reduction is capable of eliminating irrelevant and redundant attributes, which is
a key technology to solve the curse of dimensionality for multi-label data. However, existing attribute reduction algorithms
based on neighborhood rough sets have high cost computation on positive region and the importance of each label is different
in multi —label learning. In this work, a multi —label attribute reduction algorithm based on neighborhood rough set is
proposed. First, the label is weighted by using the difference between the average distance from a given sample to its
heterogeneous sample and the average distance from the sample to its homogeneous sample in all attribute space. Then, the
sample space is divided by the integer function, and a new method of quick positive region calculation is proposed for multi—
label neighborhood rough set. Finally, all attributes are sorted by the forward greedy attribute reduction algorithm. Given the
compare results of five multi-label data evaluated by four evaluation criteria. Experimental results and analysis has shown

the effectiveness of the proposed algorithm.
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Data sets MDDMspe MDDMproj RF-ML PMU MLNB ARNRS_ML
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