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Abstract Dimensionality reduction of data is a significant and challenging task under multi-label learning, and feature
selection is a valid technology to reduce the dimension of vector. In this paper,a multi-label-specific feature selection
method based on neighborhood rough set theory was proposed. This method ensures theoretically that there exists a
strong correlation between the obtained label-specific features and the corresponding labels, and then reduction efficien-
cy can be improved well, Firstly,a reduction algorithm of rough set theory is applied to reduce redundant attributes,and
the label-specific features are obtained while keeping the classification ability unchanged. Then, the concepts of neigh-
borhood accuracy and neighborhood roughness are introduced, the calculation approaches to dependence and attribute
significance based on neighborhood rough set are redefined,and the related properties of this model are discussed. Final-
ly, a multi-label-specific feature selection model based on neighborhood rough set is presented, and the corresponding
feature selection algorithm for multi-label classification task is designed. The experimental results under some public
datasets demonstrate the effectiveness of the proposed multi-label-specific feature selection method.
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Table 1 An example of multi-label task
u Y
1 11513
Xy ll ,lz
T3 Iz s13
Ty 4l
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Table 2 Binary representation of multi-label task

u 141 Iy I3
271 1 0 1
Zg 1 1 0
X3 0 1 1
xy 1 0 0
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Table 3 Description of datasets
HEE gk  WRE  BE R
Emotions 391 202 72 6
Enron 1123 579 1001 53
Birds 322 323 260 19
Bibtex 4880 2515 1836 159

4.2 KGR

ARV YL AT LA F 2 2 2R , 5 L Lazy, Rules,
Trees #l Bayes 4 R4y 2548, ¥ NRS-MLSFS & 5 3wk [4]
B MDMR B35 Sk 15149 FARNeME B8l 475 b S0 se .
SEG T o i PR P 2 B S B AR A T R SR B R
8% 8 TP A B ERT BR B AR AT PR . A 4R 0

D http: //mulan. sourceforge. net/datasets. html

RS RIS 22 R W AR 745 TP 9 TU AR B M, 7k B X AR
12 0 AR SEELAL 5T e fo HEATOUAL . RAE 2 IR L B 45 SR 19
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T Bk NRS-MLSEFS S vk (A 20, £ 4 51l T 3 Fh
FETEA RIS B AR DO 2SR . 32 5 511
T FARNeMF B¥ETE 3 FiA 7] 43 28 4% b 36 45 04 R 1R B0
ARG, 36 FIH T NRS-MLSFS L TE 3 FiR A0 2548
EREERE B B . R T A T R A R R T
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Table 4 Comparison of the selected gene number and classification

accuracy of three algorithms on different datasets

MDMR FARNeMF NRS-MLSFS
HEE  BE FaES HEAE FaES HEAE A%

ME BB/ A BE/MS AN RE/X

Emotions 26 72. 357 3 93. 861 16 94. 799
Enron 10 75.586 7 93. 855 4 95. 785
Birds 32 71. 363 2 88.021 60 91.316
Bibtex 49 87.245 8 91.919 19 99. 296

F 5 FARNeMF BIL7E 3 5 288s LM RAE 4R
SRR LA
Table 5 Comparison of the selected gene number and classification

accuracy of FARNeMF algorithm with three classifiers

Lazy Rules Trees
HAHEE AP g2 AP g2 AP g2

MEOBE/S A BRE/MS AN RE/MX

Emotions 3 92.5831 3 94. 8849 3 94.1176
Enron 7 93.5886 7 92. 2529 7 95. 7257
Birds 2 90.7671 2 84.532 2 88.763
Bibtex 8 87. 5637 8 93.6013 8 94.593

%6 NRSMLSFS BRI 525 AT
BN G SRS B ) LR
Table 6 Comparison of the selected gene number and classification

accuracy of NRS-MLSFS algorithm with different classifiers

Rules Trees Bayes
HAHEE AP g2 AP g2 AP g2

MEOBE/S A BRE/M AN RE/M

Emotions 16  94.3734 16 95.1407 16  94.8849
Enron 4 95. 7257 4 96.0819 4 95. 5476
Birds 60 88.9743 60  90.0621 60 94.912
Bibtex 19 09.2623 19 99.2828 19 99.3443

T OWFHELTEARR S LM IOE M R/
Table 7 Comparison of classification accuracy of two algorithms

with the same classifier/ %

) 8 Rules Trees

HER FARNeMF NRS-MLSEFS FARNeMF NRS-MLSFS
Emotions 94, 8849 94.3734 94,1176 95, 1407

Enron 92. 2529 95, 7257 95, 7257 96. 0819

Birds 84.532 88.9743 88.763 90. 0621

Bibtex 93. 6013 99, 2623 94. 593 99, 2828

135 4 W1, MDMR S35 B SR T UG B4R 09 73 2548
B (B B R AE A K s FARNeME B89 AT LI 240t 2
AAHRHVEHE T4 - (BB TE RBRTT R SR AE RS 7 AP il B T
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