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Label Enhancement and Fuzzy Discernibility Based Label Distribution Feature Se-

lection

XIONG Chuanzhen!, QIAN Wenbin*?, WANG Yinglong!

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

Software, Jiangxi Agricultural University, Nanchang 330045, China)

Abstract: Feature selection is the key pre-processing step of multi-label learning tasks. It can efficiently
solve the problem of the “curse of dimensionality” , which is existed in the high-dimensional multi-label
data. In multi-label learning, the label is described as the form of logical distribution, in which the importance
of each label associated with the instance is equivalent. However, the label importance of each label is
usually different in many fields. For this issue, a label enhancement algorithm is proposed in this paper. By
evaluating the fuzzy similarity relation on labels among instances, it transforms the multi-label data to the
label distribution data. The discernibility relation on labels and the fuzzy relative discernibility relation on
features are analyzed in details for label distribution data, then the fuzzy discernibility on the label space and
the feature space is defined, and the significance of feature is constructed to assess the discernibility ability
of the feature. On this basis, a feature selection algorithm is proposed for label distribution data, which can
obtain the result of feature selection in descending order of feature significance. Finally, the experimental

results show that the proposed algorithm is effective and feasible on several multi-label datasets.
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1o GEPERE Ko AE 2 AR 0 KU (Y R 4EREAE R, n] BE A AE BESE N A S B TUAR R HRAIE , X 8RR AR (i 75458 1Y
F1% 52 2% 2 R 4 I T 9 R S8 4R T, DT B2 00 22 A 3 2 > (9 3 JEPERE Rz AL BE 0 o O 1 A3 2880 Ml f ok
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e $ © A R PAR B H B IR

MRS 22 JEI0 A S QR RIS R, — B LR A RR R R PR AT 55 Th 2 B0 7 2 R RRF 500, K
U O 4R BB AR By LA A AT S 06 TR, AT MBSO TR A B DR T AR B AR O B R, X R
PR R AT R W ol T 20 A RDRE AR AR b BE A4 SORVBCHR | X T B3R Ah PR S AU HUHE . A
1, Dubois #l Prade 4 Hh 7 RO HURS 58 T LUAb BUR & BB R SRBESE T i 2 B SF M R AR,
FSS R0 HEL R S (87 T ASEE AR 10 5 28 47 135 JEOREBE A9 K 2, JC 75 % S50HE 8 A, T B 4 A o o 5 R ROl PR
) AR o Pl T AR AL 1 A58 8 114 55 P8 R 5 A IR R B R BUR T I 2 A RS
b—jz%[&lolo

X ZhRic s S BOE B b s 0 B A S bR 10 2 1) A i R AR AN 4 L bR i L2 R A P
SR IR 5 SR, 76 VF 22 B0 0 A0 rR, 47s 0 85 A b i i B 2R FE AR AN () o O i e 3 ) AT, AR
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LR A5 B, 75 A FR 0 3 8 07 05 18 20 AR 10 B8 1 22 BB AR 10 5% AL AR e o A BE o e AR SO
T — L TR AR (U A BR T 0 9 Bk R AL Gt B 22 B iC KO e 1K D bR A o0 A BUHE s e B T AR AC o Al
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) 38 1 A7 e AR O T AR A0 43 A B B AE 0 00 R AR B R R AR R Al B B I 1) B i 4 A A
o YRR AR e R o AE 2 Mulan 208 56 L RS2 50 50 A W, 220 A d0 4 5l A R I e R R RE A AT
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A X 22 b I e 4 RO PR AT R A T, AT LA B B I ek ] A 5 2 o SR R R SRR RE . IR
AEOR, Z AR IO R IE BB 05 T O U R 2 A B SO T SE R o Spolaor 45 4% ReliefF 553% B ] T £ 4R id %
A R T Relief ML RFAEZE £ 5120 Zhang 4538 4o 1) B K A6 48 AE AR 0628 2 ] (9 1 G &, 14
T MDDM 832 J DL S R IE ZE £ 400 b A , Lee 5538 18 BT BE A5AE 5 A5 10 ] 19 B.45 % 1T T PMU 4§
MRS Xu S TP BB 0 T AR e Xt LS 07 1 8 5 R Or e it 45 & Bt TR R e B 05
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BOMRURE S5 VE M R RS h i 2 T H 7 2 bR P22 8] T Ok B2 0F 58 A S oe .
W, Ry g ke LIF T 3409 b AR AE AT AY 1) B8, Xu %5885 LIFT 53k S BRI RLRE 245 4, 2 1 7 FRS-LIFT 4%
fiE R8RS, Lin 2851 ABOHI 505 B LAVEAL 2 48 10 5080 s AR AF 09 S 220k IR0 T — R % &
PRICHH JCPE 1) Z AR 0 RRAE e B F R 10T TT 0 AR KR £ 02 — Fh AT 0 2 bR IO R A S A A

R 2 AR I R A B R WS 6 T 2 A O R R = 8 50 o A AR, RIS R S A Y
Pric B EEAH A o S b, 0 T S AR R A A 2 R B, AN () B AR I R T A B A R RN
— R, S OB SRR T AR A A A 2] A RS ISt R AR e 2 IR — 2
2 > [ B A FR e Q0] 5 R 2% 27, BIEE A 7R 661 v ke DG B i 0 AH X R R O AN R A . E SR
(12]r  Xu S AN EEE T 2 Fhobs 0 3 58 50 1 F 2 A 10 8008 v 09 32 58 b 10 7 46 o Hh S8 2% A 19 bR 43
0BG . M F R GE B AR IE bR IE 40 A BB 0 AE 2 AR 1C B T A2 4 2 R WS BHE B RR R AT
RH AR T 22 bR I AR BE R T 0 A SRR o AR — BT B LR 2 2] 2 I AR e o A A S B RS A4
B b 22 B MO 2 0 OCTE . 7 SCIRL20 ] He SR8 1 T —Fh 58 4 508 5K 3h i AR 32 20 0 2% > 7 ikok A 3
N7 1 2 2] VS TE I BRIC A A L 20T R BE S AR R I R 90 1 R 5 R SCEE R, R B A A R DG A BT R
FEAR IS A A A2 . 5 LB, Liu 55 SR FH 45 440 Ak ) Ik 33 BIp Dy 22 D7 12 of T0000 A 5 155 J 04 A i o3 A 2t
WEAE, Zhao S5 4 T — i B F S5 0 A% 5 B E 09 B 18 43 A 2 > FbR 2 AH DS M2 48 19 05 k122, O 56 F Sink-
horn B 28 $2 745 10 43 70 2% 2 00 55080 A XU 19 320 o3 BT o X BRI S SR BT AR IE 4 AT B S 42 4 T
TR IV A A S, A B G AR R SR R A X G R

1 EAHHR

1.1 SBHRiIEEIS5iRiCIEE
HHFSERRIC A A R R AE 0k 5800, 1 S 0t ZARIC 2 ) MIARiC A A s I HE R T R A4 . 4

(L, by oo L) TR g MBI AR T IO o X SARIT IR T — (2, Yl €X, Y, CL ), Hrh Y, %
TR, B AR IR B Ay B L€ YL M L= L 1= 0, ZARiC 2% ST 0 B IR A 4 1 34
AT BB X XL R R R R IR IE 2 0 2R L f (a2, ) BO LR U 9] 2, S5 9 £ 9 56
WP R . 452 B (R R R () T R BT 6 BRI A0 b e ()= (LIf (2 L)™>1(2) )
1k 2 bR 2 5T O T  BRIC 40 2 ) AT R 1 T8 200 (0 FURR I 2 I 19 I £ . R T £ b
O T B R AR G, 76 040 2% 3T oP A A T S5 (8 S B B X T B R X T B E BRI 4
FBAR R ) 2 AERRICIE L EBIARIC A R 0 D, = (), d2, e, d2 ) 3E0P d) 3R BRIE % 5 i,
BB R . AR RR B, AR IE A R — e 0< &) < L IFHR— et D) &)= 1.

FERRIC A A0 2 2 o 38 A 6 AR T 0 BN S B R S SCRE 5 d5 R B A A B A bR IS 22 A Y
ORIRE 1 FLRBAS 42 4 3 2 W AR A B o i TME L) B AR AR IC 1 2 A0 15 B X S bR il o A R R
FEZ AR IC R4 Ll AR iC G aR AR A . W T EARICEIRE T = (&, Y 1<<i<<n},bpic B R 4 H b5
S 38 g R =2 R AR oG PR K R B B B BRI Y, B Ak R BRIC 4 A D, 3R A AR 0 4 A B e S—=
{(x, D) 1<i<<n},

1.2 #EHAERE 6 51 M U IR 58 BE

TEAE G RLBE SR B e P, F B R S M X R IND(B)={(z,y)Va€B, a(x)=a(y) i E 5

RN FEME 2]y ={yl(x,y)EIND(B)}. R, 7815 2 2N FH v, 85080 A 2 B0 7Y sl iR &
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o AR 56 R IND(B) ) Ab FERE S AE7E — 5 SR B o Ay ot , SR R 42 v A5 28 Ak 3 0 S 0

EX 1 EXRKERN<U,CUD>,URREIGERNISIL, CH D 53510 5 R AE 4 A MR
PRice BA MBI 0 — B A () R R Bl o X REEBIAE A RSRE (IR [0,1]. A(x) I ME
R, Rl E T AP REER K. MA(x)= 10, mlxEem TEREA.

GEA OISR 3 TAT AR o € C, ] LR M — 0K R R, WM — 056 & R, 2
THI &M, AT RRZ AR AR RIOE RS (1) AR R, (2, 2)=1;(2) MM R, (2, y)=R,(y,x)-

5 FAL B E FE B C, KB — LR RN R, = ﬂ R.. #W R Ya€B, R, IHEHIH MK Z,

W R, th S BRI A B 3R
FEF BRI A LE R Ry, v LUK S I3 50 2 W : U/Ry ={[ ] p) i1, BRI AR 0] 7R
[x]s :?+T+ +— r, = Ry (x, x,) RG], Bl AR O 2R Ry, T ORI AR L
EX2 HEEERB U, KR EES C, K RIE D, % U/D={D,,D,, -, D} Ak He 3k
5o ST R D, HAOH T 5 800 T I le R
Ry D;(2)= infmax {1— Ry(x,u),D,(u)}

RyD,(x)= sup min { Ry(x,u), D, (u)} )
ueU

KA D (w)RARRB u X RIFR D, FEE, — B Y€ U, F7E
1 u€D,
D;(u)= 0 weD, (2)
R, AR AR R T L 4k R
RyD:(x)= inf {1—=Ry(z,u)}
RyD,(x)=sup {Ry(z,u)} (3)

AT R K DT HBOROLRE S < Ry D, (). R, D, ()= M5 52 I T BEPIAS AR [ £ 9L £
R TR B o X T O D, AR B . AR T2 SURDRE B AR RRE B2 A0 1 3 o i L0k

VB Ay 2 DI (1 AR RS A S 780 AR B TRURE M A 36 T2 R O FH o R X T A G 1 R I SR
TR A B 2 B L b 85 34 500 B 481 22 ] ) 22 S v

EX3 WRERN<U,CUD>,CHEFMRIEMNES . HEBMW B REEM={M(x,y)},
HHRNH UK (UL e BER AR P AT M (2, y ) B8 & A FRE X T8 606 (2, y ) B B BE Y
5, Bike Uy

M (x,y)={axw a€C} Vr,yeU (4)

AP R, (2, y) B BIX (2, y) KT HAE a E‘J*&é*ﬂ*ﬁ@ﬁi , W AeAE sim, (2, v )s N(R, (2, y))=1—
R, (2, y)FRABIXT (2, y) R THRAE a BB FERUE dis, (2, 3 )e

2 HEMERICIEIERANAE X AR E &R

2.1 EFEMECERNIRIZIERE

T TR G 032 B AR IE A R AR SRR 1 4 A s TR 7 R AR T B 5 T vk R AR bR e 4R A AT R
o R, AR SCEIAT R[] 7 B8 1] 56 A e A AOR AR R0 i 221 i 22 A i A RO A

X4 WEZWICREERN<<U,CUL>, UNGE a N RBIBIES B RIS, C R &M 5RE 45
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BRIEIESIEN L={1, L, -+, L} Vo, o€ U, B FR L RUTEE N

AT
FLS(x;,x)= A—t—— (5)

VARt
oy ={4, L, -+, Ly R om Pl o AEFR I L EBIARICHHE, o) |[= Zléo

AR 2, 5 hﬁ*@?ﬁﬁfﬂﬁ’]&ﬁﬁ*ﬂﬁﬁuf&FTUFH*%ﬁHﬁLE*HM@%/\FIS DR N
FLS(x,)=[ FLS(z,,2,), FLS(x,,2.), -+, FLS(z,, 2,) ] (6)
ﬁ’i‘%)ﬁﬁ@@*ﬁ‘*ﬁ*ﬁ%ﬂﬂﬂéﬂﬁﬁ% FLA,HK/NA(UX L], HBEF 345 FLA (4, £) %R s il 2,
5nic £, ORI DG I nEm i, I e ok

FLA(i, k/)=FLS(x,)X L(k)= EFI,S(xi,xj)-li (7)

U L(R)RRERIC LB SRR 2B 384370 o W 5 B P B 7R ) B DG B B ) — 4k, BV AT A5 B AR vE Ak BY AR R
FRIC 6 5 46 B SFLA , HAl A Ky
FLA(i, k) FLA (i, k)

SFLA (i, k)= e (8)
FLA ‘
FLAG)] SYFLA(7,))

T?‘éﬂiﬁﬁ?%ﬁﬁiﬂij FE AT 78 00 5 T Fn 10 AL A LR R B a2 B AR A0 b AR B R E R
o TEILEERN b R I S RO P 5 I (Y 32 B AR TC A 45 5, 2R T 6 7 ) A AR C 22 18] A OBk B BEAT T

EMKEI’JT*LO SR, 1 T 2 AR 10 s 2 ) A9 AP R BEAE AR A AR 22 B A 1T R B9 0 SR AR IC 1Y SR Ik
R LR 5 B0 G IR L AR [ SFLA #E47 45 P2y .

2R Bl e, B JEU AR 2 R AR AL R JE G BR I BT o5 B B NALR ()=

WA= 00 e i i e

FEZ F A NAS(i ZSFLA ivj)o ARANRA] 2, 05 NAS(7)>> NALR(7), W) % H 1 B A7 647 0

TR
{SFLA(z‘,k)X NALR(7) =0
SFLA (i, k)= _ (9)
SFLA (7, £)/AS(i)X(1— NAS(i)X NALR({)) /=1
F AP AS()=1— NAS(7) LR M EFRICAY LK Z A, SFLA™ 78 #0240 J5 19 b5 A Ak 19 55851 bx 32 56 Bk
J& S B
TEMCFERY [, o T I B QI B /N A A0 52 ), TR TR TR A0 DG I R AT WAL, DA R B
W, AR AR I N

_ SFLA'(i,#) SFLA" (i, %)/ max {SFLA"(:)}=>0.25
RSFLA (4, k)= (10)
0 HoAth
3 RSFLA (8 AR AR A 1 5 16 B 46 I o
R K 40 A1 i SR I 03 — 1k, B AT 3R A5 78 0] o, 56 FARIE L AR e 0 A
g RSFLA(i, k) RSFLA(i, k) (1)

IRSFLA ()] d
>IRSFLA(i, )

Sk bric Wi T, AR Z AR iCBUE PR O e B iC A D, = d,, d2, e, d e



534 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 3, 2021

2.2 HEMIPHRERN X RFEETMIER

AN TR T GE B 7R AU R [ v T A B TRURE DAAS T ) R R S A A A ) R A A
e R AT HFR S BN TE R AR T R L X T R I O SE AR SR A e A AR AE S [R] 2 16 e i) BRI g
J1o MG AR SCHE T — Fh iz A BRSO B UL R 58 0 TS AR AR 5C T A 75 9 % A9 AR X B L AE 7 (RO
FHXE B FRD) , 2R 153 FFAE 75 18 k1 1 B A BRI AE T .

XS5 WEHILIREER <U,CUL> , UNEEARIEE, CHEMRIEMES . B EaeC
KT RGNS (2, y ) BRI HEREE H dis, (2, y ), BRI AE X BERBE FRD, (2, y )RR A

dis, (2, y)— min.ccdis. (x,y) (12)

FRD, (x,y)= - - :
«(25y) max,ccdis, (x, y)— min.ccdis. (&, y)

AHL SR AR X FERUE FRD, (2, v ) Tl 2 X B, FLREBSEHIHE R dis, (o, v ) SAIE 284, HE B [0,
1o 2R BE A, T LA X ARic B0 v 0 %) b 5 AT 5 9 UL RE 1 50 5 4E 45 4 L 30 O AR X B LR 4F
RDF*(x,y), HAfi# '~

RDF*(x,y)={alFSD,(x,y)> 1)} (13)

BRI ZHICHREE <UCUL>, X FAEZE M ARG (2, y)eU X U, H A X HF 1 R 4E
RDF*(x, y)ifi /£ : (1) RDF*(x, y)=RDF*(y,2);(2) 0<<A, <2, << 1, RDF"(z,y )2 RDF"(z,y).

IERA: (1) BRI AR X S TRURE A 6 AR Al e

(2) A2 5 AT, BB N 0<< Ay << A, << 1,0 F ARG BERARAE RDF (2, y ) A 94T B HRAE @, A
PR BERUE FSD, (a0, y)=> Ay, Hi— 5 103 2 AW AR X B UE FSD, (2, y)>> A,, AT 18 e ERDF" (2, y );
2 RS . BT A5 RDFY (2, y ) 2 RDE (2, y ).

Xt FAE AR a € C, G H AT AE B M X B U AE 4 6, 7T 8 SUAR W R 6 &

RDP*(a, U)={(x,y)la ERDF*(a,y)} (14)
g AT, 20 (14) A R aR Ny
RDP*(a, U)={(x,y)lx<y,a €ERDF*(x,y)} (15)

X FAEAE a € C, %R 1 A X B RV BE RDMY, K/ (U X UL 5 B v 8 B TL4E RDMY (2, )

FORFEAXTHEHROC R RDP (@, U) T BB AR X BERE FRD, (&, y ), HA AR I F
RDM' (z,y)= FRD.(.y) (.)€ RDP (e, U7) (16)
0 HoAt

i 3o 4 B RDMG, o] LU 5 AR AF a X 383k U b A9 2% 016 i A0 X B ARE 7 o HEULRE KSR 10 2
AN 3 A X (1 AR AR T S B OO/ T BB AN ST A R 1 5 i, DA TG R 6% 6 3 20 1 R AE X TR [ R
1% (1 B RE T

SR, BT A bR 1 20 A0 B08E bR 8] B 7R 400 % 2 (B AR il 22 SN, O T B AR bR IE A A TR
B AR B 2 P (dis,) , T A7 EAS [\l 7R il %) 2 B A brid 2 ) b gy 25 5, @ Lk .

EX6 BWU={x,xs - x,) WRBIZEL={1,1, -, [} WRiC S R EA . X TR =R
X (x,y)eU X U, HArid 2 2P dis, (2, y) & XK

Sdt-d!
/2(41)2 /2(@2

dis, (2, y)=1— (17)




R4 55 R T ARIT I 0R o MU PR IR U 09 AR T 0 R A SRR B 535

K d! Rl x FEFRIC L, BB RRIE A o X TAR BRI (2, y), Hobric 22 2k dis, (2, y) BB 35K
(0,1], HLuls xR . 850 b X F IR i 8 AR i £ €{ 0, 1}, ARie /06 di €[ 0, 1 13 m B A 5 ik
Mo B BRIC A A B 05X RE AR FNAR 0 22 8] A SR 56 F EAT S N TR 40 b A A | I BB 9% 38 S % R A bR
1028 5P dis, $2 48 R R X A e R ANE UE R .

TERIR U b, 45 € brid 22 585/ LDM, Hok/h R (U X UL, Hfiliad dn R

dis, (&1, 1) dis; (&, x2) -+ dis, (a1, x,)
dis 29 dis, (xy,25) -+ dis, (x5, T,

L DM — 1%1,(-.1_ x,) dis, (..rz xs) . is, (..752 x,) )
dis, (x,,x,) dis, (x,, x;) -+ dis (x),x,)

M S R i 22 S MR AR BE LDM, 7T RLAS B8 A A 25 ) B i 7m0 3 22 18] 1 22 5 P . 45 B s ) A5 1) G
TARAE @ (AR X BB RTE AR 10 25 ) b A AR 10 22 59 1 AT DU B RRAE o X 3K [R) AR 00 28 S 1 1) 7 461 %)
Z ) AR XS BEIRBE T, 1L /E RDA (a).

EX7 HEdEsw U, ZMERIEES Co X FAEERRIE ac C, HFFE # X #1681
RDA*(a)H

RDA"*(a)=RDM; X LDM= > RDM;(x,y)X LDM(x,y) (19)

2,y€U,x<y
M2 WRIFES N Co W TAEERRE e € C, AR HERAE /1 RDA (@)W 2 F AR : (1) 0<<
RDA*(a)<< %IUIZ;(Z) 0<<A, <A, <<1,RDA“(a)=RDA“(a)s
TERA : (1) fE L7 A0, 0 FAL R Bt (2, y ), Hoiili 2 RDMY (2, y)<<1,LDM (2, y )<< 1, [ i 2 %04
s . 1 - N : 1
PP AR 350 H RO/ T U pi T REA A SR J1 RDA' (a) << S |UT
(2) A HERT 1Al 45, 8 0<C A, << A, << 1, MAAXS BERARAE 4 RDE" (2, y )2 RDF" (2, y), f Ml 1%
FAXEBEIR 56 2l RDPY (@, U )2 RDP" (@, U”), & 0] 1541 %F HEIR B8 113 /£ RDA" (a)>>RDA" (a).
BT R AT LLE ik S AR RO TR B 2 A R R A g PR R R, o LR

RDA(a)
\ur

MR3 WHRIEEAR N Co X FAEMERME ac C, KPR HE 2 DS (o)W 1 FHEFT: (1) 0<
DS'(a)<<1;(2) 0<<2, <A, < 1,DS"(a)>DS"(a).

XF ARG 43 A B T R AR B B 2 DS (@) BB IS N AR 10 43 A1 2 S v iy SEE AR IC L R TERR
fIE 23 [ RO AR I8 25 0] b 255 5 B AR IE MR EE 01 o X FAFIE o i 5, HHFRE EE DS (o) W 8K,
TERFAESE A rh iy B SR
3 HiERER

B2 T bR J7 vk, AT aE ak B TR A OGPk 04 AR 10 1 5 7 K 1% Gt 2 bR RO B A6 R A 43 A O
TR HEAT b, 45 BRI AR BE R OC R FIbR 10 Z 18] 1Y 28 S vk, Al oH SRR AR 7E A 10 40 A Bods By BEiR %
BE s R T — T AR 10 4 9 RUSTRE B IR OC 3R B BR 10 43 A R AE £ #5581 (Label enhancement and
fuzzy discernibility based label distribution feature selection algorithm, LDFS) , % 3k H3 4f ¥ 11 8 %2 755 fE
JF L 0 AR A B SR PN R S AR IE R PR A SR . B AR A I T

DS (a)=2 (20)
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BiE ST AR c g R AR B R (Y B i o AT AR R R L

I ZARCIRE R < U, CUL >, H{EH A,

B R IEHER A S,

(1) XF Zhric s 247 Fric 3 o

@O Vo, € U, iH3 BRI AR ICAH RIS G FLS ()5

@y H 5 AL B BOR b 10 DG I 5 3 K B SFLA

Q) X CHK LA BE SFLA 47 HL 29 F 2 fa] , ARA AR ) 2, & TARIE L € L IARIC 530 d

(2) #4 #7122 5 PR 46 M LDM

(3) Xt T VYa€ C,H 3 H I TR ) X BRI AR X BERUEE , ST T F #4E

DO V(x,y)EU X U, iTHHAERE a € CHIBHIHEE dis, (2, v);
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Fig.1 Variation of the classification performance with the threshold for Emotions dataset
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Table 2 Comparison of Hamming loss( ¥ ) on eight datasets

Dataset MDDMproj MDDMspc PMU Relief-ML LDFS
Birds  0.049 5£0.002 6(3) 0.050 04=0.004 6(4) 0.047 2+£0.003 1(1) 0.051 9£0.003 2(5) 0.049 34-0.006 3(2
Emotions 0.206 140.020 6(3) 0.214 04+0.022 7(5) 0.211 4-£0.020 6(4) 0.201 640.029 4(2) 0.199 1+£0.019 5(1
Flags  0.272640.056 5(4) 0.2659-+0.050 1(1) 0.266 540.046 9(3) 0.301 7+0.049 2(5) 0.266 4+0.061 1(2
Gnegative 0.082 34+0.007 4(2) 0.085 1+0.008 1(5) 0.083 7+0.007 0(3) 0.084 740.008 3(4) 0.082 0+0.008 3(1
Gpositive 0.161 440.024 4(3) 0.180 24+0.020 0(5) 0.172 5+0.021 6(4) 0.151 34+0.025 1(2) 0.150 4+0.023 O(1

Plant ~ 0.089 6+0.003 4(3) 0.090 440.002 8(5) 0.089 8+0.002 7(4) (

(4) %) (3) (

(2) (4) (3) (

0.089 1£0.002 1(2) 0.089 040.002 3(1
Virus  0.211 740.022 1(4) 0.2157-0.023 5(5) 0.20524-0.026 7(3) 0.197 140.025 4(2) 0.188 940.020 8(1
Yeast  0.202 640.010 1(2) 0.204 04+0.008 7(4) 0.202 8£0.010 3(3) 0.204 14-0.011 0(5) 0.196 7£0.012 5(1

Avg Rank 3.000 4.250 3.125 3.375 1.250

)
)
)
)
)
)
)
)

R3I SMHEE LM 1-FIREI

Table 3 Comparison of One-error( ¥ ) on eight datasets

Dataset MDDMproj MDDMspc PMU Relief-ML LDFS

Birds  0.736 4£0.037 2(3) 0.737 90.034 1(4) 0.726 9£0.0557(1) 0.773 7£0.0411(5) 0.731 94-0.066 7(2)
Emotions 0.2953+0.054 5(3) 0.307 1-0.049 0(5) 0.3055+0.062 8(4) 0.293 6£0.0817(2) 0.261 64-0.066 5(1)
Flags  0.267 440.0857(5) 0.253 44-0.091 2(4) 0.242 1+0.085 3(2) 0.252 94-0.0980(3) 0.216 6+0.095 3(1)
Gnegative 0.341 940.037 0(2) 0.347 0£0.041 6(4) 0.343 4+0.025 2(3) 0.360 7£0.0430(5) 0.340 5+0.045 6(1)
Gpositive 0.333 5+0.061 8(3) 0.368 34+-0.058 6(5) 0.360 5£0.050 2(4) 0.323 6:£0.0518(2) 0.308 3£0.046 3(1)
5 ( (1)
) ( (1)
2.5

Plant 0.670 8+-0.051 0(3.5)0.662 64-0.052 8(2

Virus  0.627 6=0.075 8(5) 0.622 14-0.078 9(4 ) 0.501 940.067 6(1

Yeast 0.234 630.024 8(4) 0.245 3£0.022 2(5)0.229 240.032 6(2.5) 0.227 6=0.024 7(1) 0.229 2+0.030 4(2.5)
Avg Rank 3.5625 4.1250 3.062 5 2.9375 1.3125

0.687 24-0.029 4(5) 0.670 82£0.043 6(3.5) 0.653 3+0.056 2(1

0.579 540.088 7(3) 0.559 5£0.052 9(2
(

-
o)

)
)
)
)
)
)
)
)

(
(

R4 STBIBELHWTHEBEILL

Table 4 Comparison of Average precision( 4 ) on eight datasets

Dataset MDDMproj MDDMspc PMU Relief-ML LDFS

Birds  0.564 8+0.028 9(2) 0.5459+0.046 7(4) 0.550 6£0.052 1(3) 0.491 540.036 2(5) 0.585 14+0.079 3(1)
Emotions 0.784 64+0.036 8(3) 0.773 94+0.031 2(5) 0.774 4+£0.029 7(4) 0.788 940.043 4(2) 0.800 8+0.039 3(1)
Flags  0.810 9+£0.048 7(3) 0.814 0£0.044 6(2) 0.810 34+0.044 9(4) 0.796 3+0.054 0(5) 0.8250+0.057 2(1)
Gnegative 0.782 240.022 2(1) 0.777 90.023 8(4) 0.77940.0154(3) 0.769 640.029 7(5) 0.780 2+0.028 6(2)
Gpositive  0.804 74-0.034 3(3 (2) 0.817 8£0.027 4(1)

( (&)

( (2)

( (2)

0.536 12-0.032 0(2) 0.524 24-0.017 4(4) 0.522 70.026 1(5
Virus  0.609 6£0.039 8(5) 0.619 9£0.051 7(4) 0.642 84-0.054 9(3) 0.648 8+-0.037 2(2) 0.685 3+0.033 6(1)
Yeast  0.750 740.022 3(4) 0.746 7+0.018 1(5) 0.754 2+0.018 9(3) 0.754 34-0.018 4(2) 0.758 0+0.022 9(1)
Avg Rank 3.000 3.875 3.500 3.500 1.125

4)
®)
(2)
(4)
0.7850=0.031 1(5) 0.791 74-0.027 3(4) 0.809 8==0.030 9(2
Plant ~ 0.530 50.034 2(3 (2) 0.540 24-0.038 6(1)
4)
(5)

)
)
)
)
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Table 5 Comparison of Coverage( v ) on eight datasets

Dataset MDDMproj MDDMspce PMU Relief-ML LDES

Birds  2.736 040.487 9(2) 2.898 940.381 2(3) 3.0052+0.494 7(4) 3.353 940.414 8(5) 2.356 9£0.314 5(1)
Emotions 1.854 04+0.1859(3) 1.929 840.124 0(4) 1.932 9+£0.159 6(5) 1.818 240.174 8(1) 1.827 1£0.195 4(2)
Flags  3.629 740.539 6(1) 3.640 50.499 4(3) 3.68244-0.470 4(4) 3.861 1:£0.467 8(5) 3.636 84-0.456 &(2)
Gnegative 0.814 72£0.094 9(1) 0.848 54-0.098 2(4) 0.839 2+0.086 4(3) 0.849 34-0.140 5(5) 0.834 20.117 8(2)
Gpositive  0.524 32=0.088 5(3) 0.572 540.078 2(5) 0.551 2+0.065 1(4) 0.520 12-0.096 4(2) 0.495 1==0.082 2(1)
4) (3) ) ) 1)

(®) 4) ) (2) (1)

4) (5) ) (2) 1)

(
Plant 2.525240.229 2(4) 2.520 1+£0.264 7(3) 2.516 3+0.212 7(2) 2.598 7£0.1759(5) 2.511 94-0.223 4(1
Virus  1.501 240.135 1(5) 1.4614+0.171 8(4) 1.394 840.153 4(3) 1.368 8+0.216 5(2) 1.254 54-0.160 0(1
Yeast  6.468 240.228 6(4) 6.451 8+0.169 8(5) 6.418 240.202 6(3) 6.388 3+0.213 3(2) 6.356 940.223 5(1
AvgRank 3.000 3.750 3.500 3.375 1.375

x6 SITHIEELMHFHAITLL
Table 6 Comparison of Ranking loss( v ) on eight datasets

Dataset MDDMproj MDDMspc PMU Relief-ML LDFS

Birds 0.099 6+0.023 8(2) 0.104 2+0.018 6(3) 0.106 5+0.022 5(4) 0.125 140.019 3(5) 0.081 70.016 7(1
Emotions 0.174 340.032 2(3) 0.190 24+0.025 2(4) 0.191 8£0.020 1(5) 0.169 24-0.030 4(2) 0.166 8+0.029 9(1

Flags  0.206 3+0.061 2(3) 0.204 6£0.051 2(2) 0.207 44+0.053 8(4) 0.229 9+0.060 5(5) 0.202 740.060 7(1)
Gnegative 0.106 74+0.012 9(1) 0.110 7+0.012 5(4) 0.108 6+0.011 0(2) 0.111 34+0.018 3(5) 0.109 2+0.016 3(3)
Gpositive  0.172 040.029 4(3) 0.188 4+0.025 7(5) 0.181 24-0.023 6(4) 0.171 8+0.031 2(2) 0.162 2+0.029 7(1)
) (3) (2)
(4) (3)
(5) (3)

5 )
)
5

5

= = =< X X X

Plant 0.217 84+0.021 8(4) 0.216 6+0.024 5(3) 0.216 1£0.020 5(2) 0.225 240.016 8(5) 0.2157+£0.021 9(1)

Virus 0.2554-0.029 6(5) 0.247 0+£0.042 8(4) 0.235240.042 3(3) 0.228 34+0.039 9(2) 0.209 0£0.030 5(1)

Yeast  0.178 540.0155(4) 0.179 7+0.012 4(5) 0.174 9=£0.011 9(3) 0.174 440.012 3(2) 0.173 2+0.014 0(1)
Avg Rank 3.125 3.750 3.375 3.500 1.250
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Fig.2 Variation of the classification performance with the number of feature for datasets Gpositive
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