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A filtering framework for the multi-label feature selection

GUO Yumeng, LI Guozheng
(School of Electronic and Information Engineering, Tongji University, Shanghai 201804, China)

Abstract : The researchers of multi-label learning mainly focus on the classifier performance, regardless of the influ-

ence of the dataset feature. This paper proposes a filter framework of the multi-labeled data feature selection. The al-

gorithm implementation and experiment were carried out based on the Chi-square test. This framework calculates the

CHI-square test for each feature on each label, and then the ranking order of each feature is computed by the statis-

tics of the score. This paper considers three different types of statistical data ( average, maximum, minimum) for

the experimental comparisons. The contrasting experiments with the four common multi-label datasets with three

classifiers and five evaluation criteria show that these three score statistical methods share both superior and inferior

characteristics, but still improve the performance for multi-label learning problems.
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Table 1 The characteristics of datasets
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Fig.l Partial results of the experiment on the emotions dataset
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Table 2 Comparison of optimal results of the experi-

ment on the emotions dataset
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Table 3 Comparison of optimal results of the experi-

ment on the medical dataset
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Fig.3 Partial results of the experiment on the medical
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Table 4 Comparison of optimal results of the experi-

ment on the scene dataset
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Table 5 Comparison of optimal results of the experi-
ment on the scene dataset
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