B2k HIH

iR LB %

Computer Science

201547 A July 2015

ETREEMBRBEERRNZIRIEESE

* B FEEE TEME T 4!
(LEAFFTENEGEEERER  KE 030006)}
(LBEAZHELEREFXERAEHRTHELLEZE  AJF 030006)°

B B HASRLHABOTAREARRE HRGAL, RET —HH6 SR EMER S 2D, HRD
RAERATILH XA kmean BRI FRMR S ERVGF RBA . HTHEMESRKE ¥ LIREAME
HEFE AR CNAARN T AR REI RERBRBE XSS LB L St R RE A H— 0%
BT &6 WAL, AB AL AR RS. E3MRESHRELBEF INAFEHLIAMBE LN ERERA
B3 F B AL A S £ M, FRAER L 6 AF A8 $ARTEA 4547 LR E A 89 MLANN # rank-SVM % 4ie %
IFERAEHGREAE,

X s kmean L F,RHEE, BIFEFET

FEES %S TP391 XRARIAD A DOI 10. 11896/j. issn. 1002-137X. 2015. 7. 058

Multi-label Text Classification Based on Robust Fuzzy Rough Set Model

ZHANG Jing! LIDeyu"? WANG Su-ge? LI Hua!
(School of Computer & Information Technology,Shanxi University, Taiyuan 030006, China)!
(Key Laboratory of Computational Intelligence and Chinese Information Processing of Ministry of Education,

Shanxi University, Taiyuan 030006, China)?

Abstract Owing to the uncertainty of multi-label data and noise data,a novel multi-label robust fuzzy rough classifica-
tion model was proposed, which is an extension of k-mean robust statistics fuzzy rough classification model that is used
to solve the single label classification problem. First, for each unlabeled instance, the membership with respect to each
label was obtained by similarity measures. Second, according to the membership, the degree of correlation was defined.
Finally,an appropriate threshold was given to demarcate the correlated and uncorrelated labels. The experimental results

on three benchmark multi-label datasets and one actual multi-label datasets indicate that the proposed model is superior
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to ML-£NN and rank-SVM across six popular multi-label evaluation metrics.
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ML-kNN 0. 709140, 0210 0. 260210, 0270 0. 388010, 0388
Rank-SVM 0. 682210, 0170 0. 2942+£0. 0155 0. 46880, 0418
MIL.-FRS 0. 657010, 0211 0. 530940, 0192 0. 408210, 0425
MIL-kFRS 0.7267 10, 0284 0.2448%0, 0211

0. 3543 +0. 0603

2.2705+0. 2099
2,3478+0. 0994
2,7372+0.1736
2. 1776 £0. 1558

0. 341540. 0428
0. 346510, 0231
0. 3927+0. 0193
0. 4526x0. 0221

0. 4184:0. 0431
0. 4216+0. 0272
0. 468910, 0228
0.5604£0. 0213

« 273 »



# 3 Image HUIERHMETRLER CPHE LIRS

Cvy

ACH

Fi 4
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A RaHE AT T, $ 6 AT Emotion, Image, Yeast,
Textdata 4 MBS &L HETRTEAE.

®6 3 FEETERTA SIS LTI 2aTE (s)

Datasets ML-kNN Rank-SVM ML-kFRS

Emotion 0. 66 134.13 0. 30
Image 12. 80 170. 58 4,54
Yeast 12,12 4693. 52 4,01

Textdata 3.85 466. 94 2.15

H# 6 ATLUE 1 , ML-AFRS B35 43 3 BT R T #E R B/
f9, ML-ANN B 54 2563 (6] & 1, 1] Rank-SVM B R E R
A, SRR SIBE B, ML-ANN 1 Rank-SVM &5
T EHFE— AR AT, BHE rank-SVM B3, 5
AEEVIS4S R MLAFRS B HEZEHARWE. B
Mg, A SCHR M) ML-AFRS 23 5B k78 40 250 A) LRI MR
KA.

HRIF SRR PR E A R R BRI
FE, AT k-mean R B0 T BB AR AL, T —
FhETF k-mean B S I BEMHEBEN BIRIC LR
(ML-2FRS) , KR AR MR ERie R B, B2 HEX
ZhRc IR S AT, RAURIE T IZRE RN FE470
% OLHR ARSI WA, W BIEH T ixERES %
B ) b A B AR

ASCH, AR ICE S NN U RS &HRiEZ
MR E  REHZIRREAAN FARKNRER
BRE, AR T ShRic BB R AT M AR et . Eik, @t
INAFRICE A R MR R B 0T i, RS T
R TAE.
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