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Multi-label feature selection algorithm for cost-sensitive data

HUANG Qin"*, QIAN Wenbin"?, WANG Yinglong', WU Binglong’

(1. School of Computer and Information Engineering, Jiangxi Agricultural University, Nanchang 330045, China; 2. School of Soft-
ware, Jiangxi Agricultural University, Nanchang 330045, China)

Abstract: In multi-label learning, feature selection is an effective means to improve multi-label learning classification
performance. Aiming at the problem that the existing multi-label feature selection methods have high computation com-
plexity and do not consider the cost of data acquisition in real-world applications, this paper proposes a multi-label fea-
ture selection algorithm for cost-sensitive data. The algorithm first analyzes the relevance between the feature and label
based on information entropy, and redefines a criterion for feature significance by employing feature test cost; it then
gives a reasonable threshold selection method on the basis of the standard deviation of feature significance and feature
cost that obey normal distribution. At the same time, the algorithm derives the feature subsets with low total cost by re-
moving redundant and irrelevant features according to a threshold. Finally, the effectiveness and feasibility of the pro-

posed algorithm are verified by the comparison and analysis of the experimental results on a multi-labeled dataset.
Keywords: feature selection; attribute reduction; cost-sensitive; rough sets; granular computing; multi-label learning; in-
formation entropy; normal distribution
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Fig.2 Variation of one error rate with increase in the dis-
cretization parameter
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Table 2 The comparisons of Yeast datasets
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PERESES i RdEE CSMLFSIEFZE  MLFSIEFIZE  CSMLPAFIL MLPAF. MLDM#
PC(|)/% 100 2.34 3.26 16.34 15.81 15.02
HL (]) 0.193 4+0.0118  0.1932+0.0121  0.192 6+0.0115 0.208 2+0.0092  0.210 9+0.0102  0.209 4+0.008 6
OE (}) 0.2263+0.0316  0.219 7£0.0338  0.227 1+0.0275  0.237 9+0.034 4  0.2453+0.0306  0.244 1+0.035 6
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Table 3 The comparisons of Emotions datasets
PERESE R JRbhkdiEdE CSMLFSIEH®L  MLFSIEHTL  CSMLPARIL MLPASE MLDM# 3%
PC()/% 100 6.47 18.96 21.83 6.47 17.08
HL (1) 0.1883+0.0239  0.1864+0.023 7  0.1853+0.0199 0.202 4+0.0200  0.221 8+0.0258  0.224 9+0.021 4
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Table 4 The comparisons of Birds datasets
PERESETR JEinEdiEgE  CSMLFSIESE  MLFSIEF7L  CSMLPAR: MLPAF7. MLDM# %
PC(|)/% 100 11.65 46.54 21.83 2.77 2.95
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AP (1) 0.591 4+0.0458  0.617 1£0.0577  0.613 7+0.0502  0.590 5+0.056 4  0.574 6+0.042 6  0.573 4+0.047 2
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