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Abstract

In this paper, a new multi-label attribute reduction algorithm based on the chain decomposition is
proposed. Considering the correlation between the labels, the labels are sorted. According to the
sorting method, the multi-label problem is decomposed into a single-label problem chain. For each
sub-problem, the lower approximation, the positive region and the dependency are redefined by
the rough set method, and the attributes are reduced. Experimental results show that the algo-
rithm can remove most of the redundant attributes without reducing the classification accuracy.
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FEMEGE A AR RS MR, SRR Y BARSE R L. (H AR B S i e
IR, — AWM LIS 2 AR RIR, B — iR SCE AT REAFAE 2N R A, — 1 B AT LA
AT, BAHCRRFENAZ IR 58RRE0IRAR, R0 KB EME 4.

) L2 i b R 2 R A I R T VR 2 — o e T B SRR 22 B 28 1) R A g — AN B AN AR 25 ) L
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WOT R EERA A S, R REA LRI A 2 MRS R IR, X T T A R A AR I ()
— RPN BOR I IR ME, ARSI bR H RPN o 12T RIRATRE 45 AR 2 A A 2%
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[x], = {x eX :|a(x,.)—a(x)| <¢ae A}

HTEE Yy, ey, &
T/,(xl.)z > yi(x), j=L2-m, i=12,,n.
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B, =BU{y1}
B, =B, ,U{y}, j=12m.
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Sig;, (aiaB):7; (E)_y(gB—a,-)(E)‘

X BLIRA At Y B B R R R D A

Bk B 4

BN (X,A4Y), X1E2H0>0.
Hith: 297 Red

: Red=Q,B=A

: for irl:lenght‘B‘

o RETAEA B BT sig, (a, B)

1
2
3
4: end for

5: WPEEBERRIBN sig, (a,,B)=max{a, € B:sig, (a,B)}
6: Red = Red U{a,}

7: B:B—{ak}

8: If sigm(ak,B)Sgo

9: b 2o fa B bk

10: else
11: IR 35 2 25
12: endif
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4. SKUER
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Table 1. Multi-label data sets
= 1. SIREHIEE

Date set Type Samples Attributes Label
Emotion Numerical 593 72 6
CALS500 Numerical 500 62 174
Yeast Numerical 2417 103 14
Medical Nominal 978 1449 45
Genbase Nominal 662 1185 27

Hamming Loss 7~ MHARE AR 4 12 73 R PR B ERE A TG AR 25 W Ll o AEBR /N9 2568 B0
SR, IR S EBIE R DRGSR EE VIS, MEURE AR EE N ey, HAE T Re G0
BRI, XETAEI AR, SR AT, % 2 B 2 FI4H T R AA24E Y Hamming Loss {. 2 3
255 6 bl T EE R R B . WNRP AT LA, ZEEESIE S CAL500. Yeast. Genbase
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ERTEREM R T ARSI . AE RS Medical 5 AR HVE B Z 0.004.

Table 2. Hamming loss
7= 2. XERRK

Date set Raw data PRR MLEFRS NLDR CDDR
Emotion 0.267 0.289 0.272 0.291 0.290
CALS500 0.110 0.138 0.142 0.133 0.130
Yeast 0.213 0.269 0.264 0.292 0.229
Medical 0.011 0.022 0.014 0.019 0.018
Genbase 0.044 0.045 0.047 0.050 0.043

Table 3. Coverage

*3.BEX
Date set Raw data PRR MLEFRS NLDR CDDR
Emotion 2.305 2.206 2.242 2.202 0.207
CAL500 113.1 115.7 132.8 133.7 114.4
Yeast 6.112 7.109 7.168 7.192 6.129
Medical 2.491 3.512 3.478 3.462 3.486
Genbase 0.562 0.656 0.559 0.568 0.556

Coverage FH T HRIEFEARNIIHIAREH T T A, B TA M ARSI T Z M RIREE N, %18
PREUE RN BERR A « 72 3 XFF Coverage TE45 72 119 5 AN EH 4 H EUASHECIF IO ORI 2 7E 2L 4E Yeast
5 CDDR /s KL, [RII 7R oAt 2 A~ %5#E - CDDR (1 Re 5 s LR Re 2 AR H R 1Y,
S NE L

R¥EE 2. % 3 ATLUAEH, CDDR 5 HANZ b2 @ ML A0 L LA IR 56 4+ 77, HMERRAL A
B S LI AIE 7 3T CDDR K J@ P4 f A ik
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AL 25T AR HE R 7 E RS 81 LU S RS R AR . ORI [ 2 K K 2 AR A 1]
R AR BRI T, K AR BE SO T IS A W TR T IR E R e 8 e R AE AR L
MR I, BREICRIBIESEAT LM . tseis a2 I BRR R, JATHI L BA m T etk

ERERIR, ARAS R DAESEIL A, REFEARNM. 1 CDDR HE X A &M T/
RS, AR R R . X T FRaE Z AR 50 R AR S EEMFRAE BB L 34T 5 FE AR ¢
P, EREARZEZ R A B R A2 — N B IR I . RoR, FATRR RS UAL R, SR E I AIHET Ty
2o [RIREAE SE RN AT T G ] g DR 288 ) A S AP [

SE
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