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Abstract  Multi-label classification (MLC) is a machine learning problem in which models are
sought that assign a subset of labels to each instance. MLC is receiving increased attention and is
relevant to many domains such as text categorization, classification of music and videos, semantic
annotation of images and many more. Recently, many studies are looking for efficient and accurate
algorithms to cope with multi-label classification challenge. They are usually partitioned into two
main categories: algorithm adaptation and problem transformation. In multi-label classification
problem the labels will not occur independent of each other; instead, there are statistical
dependencies between them. Nowadays, it is commonly accepted that exploiting dependencies
between the labels is the key of improving the performance of multi-label classification problem.
In this paper, we divide the utilizing methods of label dependency into two groups from the
perspective of different ways of problem transformation: label grouping model and feature space
extending model. Label grouping model normally groups labels into several label subsets based on
certain strategies or criteria to incorporate label dependences. While feature space extending
model usually extends the feature space of the binary classifiers to let them discover existing label
dependence by themselves. We find out that the common difficulty for both kinds of models is
how to accurately measure the dependences between labels. In particular, for feature space extending
model, how to choose proper labels to extend the original feature space is the key to improve

classification performance. On the basis of this, we propose a ReliefF based pruning model for
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multi-label classification (ReliefF based Stacking, RFS). RFS measures the dependencies between
labels in a feature selection perspective, and then selects the more relative labels into the original
feature space. And we use a stacking based algorithm during training and prediction. The key
contribution of this algorithm is threefold: (1) It provides a new method to measure the dependences
between labels. Unlike existing methods measuring pair-wise label dependences, our method
related to the ReliefF algorithm takes into account the effect of all interacting labels. (2) Instead
of extending the original feature space with all labels, we choose the closely related labels. Thus,
we can reduce noise in the data and avoid adverse effects caused by irrelevant labels. (3) In the
feature selection phase, we design a brand new strategy that treats original features and label
features as the same features and select together. Our empirical study is divided into two parts: a
systematic study on parameters of our algorithm and a comparative study between our proposal
and other multi-label classification algorithms. The effects of parameters, feature selection strategies
and base classifiers on RFS are discussed in the first part of experiments. In the second part,

experiment results based on 6 evaluating measures on 9 multi-label benchmark datasets show that
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RFS is more effective compared to other advanced multi-label classification algorithms.
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Y H N — A Z AR 4 JE R R FRATT B e v L
Wi R HEATHE AL B 22 bR i 4 28 1n] BB Ak Ol B bR i 43
Fen) . X B, TR 22 A I ) AR 6 &R 7
TR 5E ) BR 540 2 J5 - F AT BR 24 5 45 i LS (9
JIT A At AR A B0 B 5 I a2 T e A 2
b B — S BRI R x I BT om — 1
AT AHJE E.

KR IR BAEES D={((x,,y) [i=1,-
SR AL R T 2R (6) A B R 4 S.
S:{((xl.,y['l s Vi sttt

.n}

Vi1 Vi1t Vi) s Vi) |
(6)
B P LB EHIEGEN n DN T
m X n A H A S AR IC AR 0 m N2 Ry T
ITAS BN RGN d N ERNT d+m—1 4 3
M7 Rl v, W — 5028 b, (s yns
Ly e s v ) >y UL R S S R I 2
m A3 .
3.2 BHEEYR
Zead b — L R ] A A R AT T —
A JE YRS YRS B A8 SR bR 0 B L BT ) B AR

i=1,nsj=1,,m)
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B 1 J Pk 25 ) A AL A D R A A R BR M bR e A B
PLAM B A7 HoAb AR 0 8 . UAE Y stacking 2R 57 ¥k
(il 4n BR+, DBRO ¥ B 4% 75 3% FE 09 4l i 25 4y
JaER . AR 7 AR B BT A A R M AR 10 1k X
A3 0 TTERAH [ . SR T 3K R 1 A 3 AR R R R G S
B i 1 0 1. 422 T R FATTE ] Relief F 350 5 % i
S T P 5 YRR IC A A R AR B TEAT R o O 3 M 6
i N

FATEHE RelielF B A5 0 B AR R ¢ R 19 i A
A VLT W 8L B P Relief F ARy — g P8 07 1%
Xof Je P () A R B A P R S B % R B J P T 19 R B
FHOCPE o 35 1 Ak 28 P F] B AT R DG M 1 508 . X R
R 5 FATT Y 2 A 10 Bl 19 45 IR A BIBR
10 ] 34 3k A7 78 45 KOG &Rl ReliefF 2 5 P A4~
T T P A A 2 I 3 W LA 2 ) HL b s 3 19 5 )
FUK S ReliefF Bk Z A s R o b A ke
S8 F) T S I, 1 in RF-BR #1 RE-LP. {14
HUEFEF BR AT LP S 40fy  HL 6 b AR e £ 10 @ o
SR B v i JE R R . 3k B FRATT R R R TR Y
[ R Ak 7 1 OF HIRAT & LT i B g ik
FEBR 2 B bR 2 LS I Al A e e 4

BARIC v, G =1 sm) A B A 43 2588 b, (x,
Vit ey e Vst ) BB YE B R
BREMEEEAS N PaCy) o RIBEEES N
Pa,(y) MRIARICE S N Pa,(y,), ZHZH KR
R (D).

Pa(y,;)=Pa,(y;) UPa,(y;) (7

WA 43 L S 8O ¢ 51 X ) L% AL )G
R HR R FRATR AT T 3 FpAS [ 1) Ja8 1 2o 43 20 s .

(1) RFS(ReliefF based Stacking). {4 85 4 #B )5
i@ B Pa, (y;) = x o B4 AR 0 & PR 2E 47 3F 40 O
HET L AR B bR i BB Pay (y) | =L Xom ], B
KIEMEES Pa(y,)=xUPa,(y)).

(2) RFS-S(RFS-Separated). X} 4 %5 5 4 J&@ 1k
AR IC 8 1 #E AT WA IF o Bl AT HE R DR B R
Lo Xd 1A s Jag P T Lo <o JAS A a4 43 ) 44 B
Pa,(y)Fl Pa,(y;), &A@ HES Paly,) 1 =&
BOf 413 5.

(3) RFS-J(RFS-Joint). X 4= J5 4 J& 1 F b
ICJE PE HEAT VR OF 3R I AT HE R R B AT Lo X
(d+m) @M. BESEIRAEEES Paly).

ReliefF J5 75 M2 41 J8 P 1B X5 T 30 <8 55 41 1) [X 43
RE 1R VP B 1R i AR SRR R — A B PR AE

PIASBRIC A [] 9 30 408 S5 1] b BROAS ] 42T U 22 Jil 2 )
P s R — A JE P TE A B T A [R] 9 3 408 52 491 1= Ji
AN TAlE S DA 5332 J . % 1 451 J8 1 S Relief T 4 i
—ME w, w HKPN—1 5] 1A HF IEH w 18
PR o (B R 3 W2 i M 1) i B A R A

B S S, ZFATH I SRR 5 A BA A TR
PRic v, BB BT A AR L fE 20 B o e, XL
TATE mtwTE p(pexU W LEMAIH] S, F1 S,
2R E X

R p R AR R A L DU

diff(p+S..S) =

Ca™ Cp

€))

max, —min,
FHorpr max, fl min, 73 52 JE M p FEVIZRAE F 15K
B F IR /MA.
WA p J& 4 R E M
diff(pis..50—10" T 9
e 119 CaFC
S 4 Ja8 M E PR A S T 22 1 S0 FRATTRE A
S E] A BE S dis(S, . S,) [E XN BT A 7 W S A5
IF1] 22 (4 A1 40 28 (10D B
dis(Su,S,,):le(zjuy)diff(p,sa,S,,) (10)
TEXARIC v, G= 1. o) FEAT 8 VE 2 3% 1 5
HL e TR BT A R M AR w, I BRI 0, IF
LRI A FRICH v, LB G, HEEZES THE
PLIEH— 25 S, 43 5 N FRIC M 55 S: AH [A] F1 AN [F]
A2 o 4R B — A5 S, B B A/ B S2 0. o B
Hit(E) M Miss(E) R, ficJa # (1D ok 8 5
A TEHEMAE w,.
w,=w,—diff(p,S; Hit(S))/r+
diff(p,S; Miss(S))/r 1D
Shy kL — OBl RE B BB B A R ik
R r R4 RelieflF 550345 9 VAR, X 25 (6 X 41 ik
BB E p NLiZ% R BN 7E 5 28I 22 4K ()
K] 22 RN e AE R (1) ERVH diff(p. S,
Miss(SOMEEEI dif f(p.Sis Hit (SOE R/, T
MTLASRNE (1) RES 33 Ry ], 13k 33 A8 0 Pl 4R 55
FOR MBI 1 PR,

Bk 1. RFS &

A« AR I ES S, BEAREL . s Pt 5
HATE ¢

i SR IC KRB RS Pa(y) . j=1,m

BEGIN

FOR j<1 to m DO
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FOR all p& (y—{y;}) DO
w, =0
FOR i<1 to r DO
TEFRICAN v, 1Y S i o B AL 58 i — A~ 52491 S
TE5 S 25 1H AR A /Y 52 6] v 48 3 B 3T 48 S 4

HE IR TR M 4> Pa. (v, J& B HAY 1 AR i 8 138
4y Pa, Cy,) AR AN X BLFRATT 0 78 J5 i 500l 48
T BR X Pay Cy) H AR e 2R 47 B0, 2 IR
stacking B o 1 iy 44 7 2L RATFR X — L FE
base-level FU. 7E 402 )5 - FATHAI X (12) F Ay 43

Hit (S) 3 -
' K B 95 019 5 4B HE B 4T B 8 8 5, G =

1015 S, R 09 96 1 R BUROE B 5500 S 73 3G

Miss (S)) Lyeeeom) s BATTFRX — 33 #2 4 meta-level B, 7 &

w,<~w, —diff (p,S: s Hit(S)) /r+
diff(p,S: Miss(S:))/r
END FOR
END FOR
% w KBNS S BUCRGT L 2 < m )4 Ja P B Pay (y)
Pa(y;) < xUPa,(y;)
END FOR
END
3.3 g5k
TEA5 B [n] 8L AL 5 1Y 2R 4R LA S 45 b ie 1A K i
JBYEES Paly) Z G BATHEAT LLFEAT 70 BB AU 1Y
IR T . AT EE N B — AR C I Zr— A B Y 73
K AR —H m A T AHBARRIC 2 8.
2RI RS — AN AT A Pa(y,)

o TO0I S 481 () T 45 SR R y = {315 +++ s 3 b
h;(Pa(y;))—>y;» j=1,,m (12

4 X W

FRATHY 5 56 J& 7 Mulan® 7 & 1 Weka® - 5
AT, Mulan J2& H #7268 H B 24505 2 JF
& AT BRAT LR R L g5 R,
FfEE X S8 &5 R TTIE.

4.1 HEES

TESEH rh  RATIEBE T 9 A 2 R0 Jk e B I 45
B X SRR AR A Ak [ T Mulan M35, 9 %K
PEEE A BSUAR AW A 4 A B
AT ARG B % 1 s,

x1 XBBEESHR
attributes
name domain instances - - labels cardinality density distinct
nominal numeric
birds audio 645 2 258 19 1.014 0.053 133
CAL500 music 502 0 68 174 26. 044 0. 150 502
emotions music 593 0 72 6 1. 869 0.311 27
enron text 1702 1001 53 3.378 0. 064 753
genbase biology 662 1186 27 1. 252 0. 046 32
medical text 978 1449 45 1. 245 0.028 94
yeast biology 2417 0 14 4.237 0.303 198

# 1 1 name, domain 43 il b5 B 5 45 45 19 44 B
NPTk B Y 40 d s instances, attributes (nominal/
numeric) | labels 43 51l b7 B %5 4 4 14 5246 4 %5 )&
AR BT/ B R AR ie S 2L cardinality BRI AR
ICHE 8 (Label Cardinality) . F F 48 I 25 5 52 4]
(-1 X R 10 A58 HoE = (13) s,

) 1 n
Label Cardinality(D)=— > [y,|  (13)
n ;=

density BI#RiC %5 E (Label Density) , | T 4t i %4
AR S T Y AR D B B e = (1) f .
Yy

m

1
Label Density(D)=— Z

n o=

distinct BI#RIC4E %L (Distinct Label Set) , 7~
R AR G B 0 BT A R R AR IS TSR 3R

(14)

4.2 EHIER

VA SO A PR RE  FRATTIE R 6 Rl 248
IRV 4R A5 BT 0 2 DU R (Hamming
Loss) . T % IF 1 2 (Subset Accuracy) . [l Z (Re-
call) FG5HiF (Precision) \F1 M7 (Fl-measure) Yk
2 (Accuracy).

(1) Hamming i 5. Hamming i 2% i+ 5 14 &
TEREAIIREE T R aom &5 52 19 b i Lo 41 1 2.
FE SR (15) frR.

1 n ; Ai
Hamming Loss(h,T)=— Z @

ni— m

(15)

@ http://mulan. sourceforge. net/
@  http://www. cs. waikato. ac. nz/ml/weka/
®  http://mulan. sourceforge. net/datasets-mlc. html
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X HEFESE . T ReliefF B ZARICT Ak

491

Ho,y 5 0 AR SE ] B AR A0 1) Ly ol Ay 2K e
h Sy LT A bR 1] L D 5B S GE i A )
S8t P (B AN A (] 4 6T 13 754> 3. Hamming 451 2% (19 (6 76
L0 1T I) A2k 1B A 2 B 28 g o i 4k 5 491 1 2 4>
BRIC 05 4 B A1) Al B

(2) T4 IE 1 R (Subset Accuracy). T4 IE i
B 2 A5 D 3K 5 491 ) B SRR AC AR A AU A i
Bt VA A ES AHAE I A 73 2R . 75 0
LRI SR e w7 S o I A S 1 5 e S Tl w5 v M A
52 A R 43 RS2 B Y Lo e SCanE (16D .

1< .
Subset Accuracy(h,T)=— 2 ICy,=y,) (16)
—1

n i
Hp I(true) =1, I(false) =0. — N X 2 —Fpid
TR R PEA AR A PR A B S S A R —
XF N TC R AN A AE % B T A Ay e
e, B 25 IR B AE WG R 2 BT R FRAH TR 1)
1G0T S AR 0 5 A B 2 AR 45 3 S5 491 1) B S AR
WwEA.

(3) H [l F (Recall). 4 1345 184~ M 52 4]
FLIARIC AR 5 AR N A IO AR 0 5 Y S B RN LS
FRic e R/ LG S FEAE T A7 M 52 491 b SR P fE. Hog
A= A iR,

1 GlyiNy:l
Recall(h,T)*;lZ; il

(4) K5 & (Precision). X5 i 2 5 i1 4 4 ik
BRUIERRR R Ty TRk o EVASRURIIE SRR ST RS SN
5 HIARICHE RN E L ISR (R o an=8)
iR,

a7

1 &Iy
n Z:; Lyl

(5) F1 & (F1-measure). ¥ i R 45 0] &K 2

PN AH B 29 B bR v D T v A el 38, o RS

AE HlL 48 o 35000 5 1 A B RSN AR T 4R A B R

B T30 T AR A BORAR R RE 23 B IORS i 3.

PrecisonCh,T)= (18)

ISRy TV 3 A B o LA RE BT U A 4 T PR AN
SrRARPERE. AATHR L T F1 &, HoE Can=X (a9
7.

2 » Recall(h,T) * Precision(h,T)

Recall(h,T)+ Precision(h,T)
(19)

(6) HER Z (Accuracy). HEWI R G144 H 52
PRICAR 5 B AR 105 1 38 86 KV B SRR e 4 5
B0 5 1 I8 KN B F A SE ) SR (. Hoe
X 20) s,

F1(h,T) =

n

iﬂ Ai
2 (20)

1
Accuracy(h, T)=—
y: Uy

n =

4.3 ZWIRE

FOAT I 2 56 S A A3 Sy W KR A S FRATHE S
X FRATTSE Y AR R AT SE I R AR A S
B J P R R SR W X 45 R A B . TR SR AR A SR e
o AT AT B L 5 2 R A AT B B T R AT R 1
HLa. A Fir A7 SR I 45 R AR 480 10 FAZ X
TS5 15 B A &5

TR — R S, FATE e R m A e
IrCSE e XA A R A S L X B R AT IE R J48
PR B2 25 VE S base-level il meta-level [ 3L 4
Fdn LA MG (1D RFS Bk #E47 )8 PR ik £, IR B &
PR A0 TR RO AR IO P AT O . 280 PR |
WY R R T 1 2 ] b bR A0 e P 7 CBR S TAR I
LR 2 EARiC i A 40 b RATTHE 0.1 3 1 22 [H] 3k B
T 10 A TE & B R 5 B AT I, S 25 R
Kl 4.5 firs.

XHy T A AL AT H 4l T 7R enron Al
CAL500 M Hodi 4 By S g 45 5. I 5 AT AT
PLE . 1 CALS00 %l 5 b, 2% TP f 45 A FE A
FHERRBEE AR ORI AR A, SRR A AT
XA — A O B e it & BV R R
PEA B S AR e A F0i Ee (. CALS00 %4k 45 193X —

Hamming Loss Subset Accuracy ~ Precision
0.052 M 0.12 0.54
0.051 & 0.10 %ﬁ 0.52 %M
005011 1 0o u 0o0gb—— o+ v 0 os0L—L 1 v
0.1 03 05 07 09 01 03 05 07 09 0.1 0.3 05 0.7 0.9
Recall Fl-measure Accuracy
0.52 0.42 0.60
0.50 W 0.40 M 059 %
48—t 1 1 111 03— 1 1 1111 058— 1+ 1 1
01 03 05 07 09 0.1 03 05 0.7 0.9 01 03 0.5 0.7 0.9

4 enron HHi 4k ¢ IR LR
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Hamming Loss Subset Accuracy _ Precision
0.19 1.00 0.355
0.18 o.ssow
0.50
0.17 0.345
oq6b—— 1 11 0L 000000000 0340——1 1 1 11
01 03 05 07 09 0.10.20.30.40.5 0.6 0.7 0.8 0.9 1.0 01 03 05 07 09
) Recall Fl-measure Accuracy
0.34 = 0.220 0.35
0.32 0.215 %M 0.30 M
O.SO | | | | | | | | | 3 1 1 1 1 1 1 1 . : 1 1 1 1 _\ 1 1 1 1
01 03 05 07 09 0210 0.1 03 0.7 0.9 029 0.1 0.3 0.5 0.7 0.9
K5 CAL500 $#agE « HI: 345 R

FEAE A 0.39: 1, 2T A 9 A Kt B e — — 4 i iy
JRHERCE AR IC D R E . U, S A B E M
] rp AR T R P 2 S A D T R TR £ B A
JE SISOt A, SO enron BUHEAE L B R
PEAECG AR e B BB 2 18.89 : 1. &l 4 MY SE5E
G5 NR Y ¢ fHE 0. 2 5L 0. 3 B A T4 48 A
AT K ) — AN 45 Ry BEAR A . X 1 W O AR BR 0 gk %
A 38 MRS AR IC I A ) S5 IR S P 23 a] v, w] DL T

B ROk ATHE E ¢ HRNH 0.7, BHFFE Ik 3
Kdn R A B R R, X BIRATESE T
3R EE 3 2R A% 230 s TR J48. 3 1) B AL
(Support Vector Machine, SVM) Fl #p 2 D1 i 87 43
25 4% (Naive Bayesian, NB). W1 2 7, X} g 3|
base-level Fl meta-level 1, T AIILE I T 6 FidH &
J5 =0 7R 6 B BRIl SR sk 3~k 8 .

; 2 o . - . e ®2 EBNEB[EERE
TR PERE AR A o D B 22 0 bR a0 #R ME LA
name base-level meta-level
A R 5230 k4 BOHR R 1 25 T 0 Tt it i
- A A o N ) oy SVM SVM
XU ARG E T FATE 1 0 B A A ;izi;\é ji: SIVR
SR 24 I b A 50 5 bR e A B0 L 3 T R BT SVM+J48 SVM 148
(N 7E i 4 genbase WX — L {HIAH] T 43. 93+ SVM+SVM SVM SVM
o . . SVM+NB SVM LR
1) s ¢ B 72 AR S 56 25 S 19 52 e 50 23 742 B 0T HA.
R3 Yeast HEEAREFTLB/REER
name Hamming Loss Recall Precision Fl-measure Accuracy
J48+7J48 0.2703 0. 5549 0. 5254 0.4044 0.6120
J48+SVM 0. 1969 0. 5846 0.6163 0.5071 0.6733
J48+NB 0.3015 0.6127 0.5393 0. 4207 0.6674
SVM+J48 0. 2605 0.5722 0. 5466 0.4231 0.6136
SVM+SVM 0. 1989 0.5774 0.6109 0. 5006 0. 6698
SVM-+NB 0. 3006 0.6169 0.5422 0.4249 0.6710
% 4 Emotions FIEEFRRESLBILER
name Hamming Loss Recall Precision Fl-measure Accuracy
J48+]48 0. 2591 0.5744 0.5282 0.4373 0.6924
J48+SVM 0.1934 0.6278 0.6171 0. 5329 0. 7506
J48-+NB 0.2484 0.7724 0. 6360 0. 5334 0. 7606
SVM+J48 0. 2434 0. 6100 0.5692 0.4762 0.7014
SVM+SVM 0. 1870 0. 6415 0.6372 0. 5549 0. 7610
SVM-+NB 0. 2467 0.7780 0. 6399 0.5373 0.7761
x5 Birds HRETEAEFTERBIIRER
name Hamming Loss Recall Precision Fl-measure Accuracy
J48+7J48 0. 0580 0.5229 0. 5306 0.5038 0. 3888
J48+SVM 0.0615 0. 6190 0.6038 0.5668 0. 4353
J48+NB 0. 3006 0. 3137 0. 1826 0. 1365 0. 3641
SVM+J48 0. 0562 0. 5664 0.5724 0. 5448 0. 4488
SVM+SVM 0. 0566 0.6164 0. 6056 0.5722 0.4316
SVM+NB 0. 2998 0. 3137 0.1824 0. 1364 0. 3644




3 1 X HEHEAE . JET RelieflF 54T B 24510 70 R 493
R 6 CALSOO HIBEFARAESLBIWER
name Hamming Loss Recall Precision Fl-measure Accuracy
J48+]48 0.1719 0.3179 0. 3507 0.2165 0. 3280
J48+SVM 0. 1849 0. 3147 0.3379 0.2086 0. 2592
J48+NB 0.2677 0. 4904 0.3523 0.2218 0. 3260
SVM-+]48 0. 1800 0. 3329 0. 3500 0.2162 0. 3035
SVM-+SVM 0. 1381 0. 2440 0.3412 0.2104 0.2982
SVM-+NB 0. 2473 0. 4819 0. 3655 0.2322 0. 3519
&7 Genbase HIEEFEENL[/IRER
name Hamming Loss Recall Precision Fl-measure Accuracy
J48+7J48 0.0011 0.9914 0. 9904 0. 9862 0.9926
J48+SVM 0. 0008 0.9917 0. 9926 0. 9894 0. 9936
J48-+NB 0.0249 0. 5009 0. 5209 0. 5009 0. 8757
SVM+J48 0. 0011 0. 9899 0.9893 0. 9854 0.9918
SVM+SVM 0. 0008 0.9904 0.9912 0. 9882 0.9923
SVM-+NB 0. 0247 0. 5054 0.5255 0. 5054 0. 8843
® 8 Medical IIEEREENLB[/LWER
name Hamming Loss Recall Precision Fl-measure Accuracy
J48-+748 0.0104 0.7988 0.7742 0. 7436 0. 8298
J48+SVM 0.0102 0. 8074 0. 7906 0.7618 0. 8025
J48+NB 0. 0250 0. 4344 0. 4040 0.3678 0. 6245
SVM+J48 0.0101 0. 8047 0. 7864 0. 7571 0. 8262
SVM-+SVM 0.0093 0. 8253 0. 8086 0.7782 0. 8176
SVM-+NB 0.0221 0.5072 0.4731 0.4395 0.6679
MR B AT LU 70 2 4% 1 108 5 0 S 5 A5 WHLZ L. A [F base-level/meta-level %733

S5 R R R R Y WJ!IH £ genbase ¥4
R L, J48 + SVM [ 3 43 28 48 41 45 AT DL HUAR & ik
0.99 W) recall {8, JAS+NB B2 n & 1
recall {H A 0.5 2247, HAR 254 $odl 48 19 52 55

BRI AR, B X —Fh s KA

B HAES TR 845 L RIE T B0 yeast %
a4k 1y J48 4+ SVM 4l A, CAL500 ¥ 46 45 1 iy

A AEA AL AR RS
gy sl LUR T3 s Mk g

3.2 AR B, AT FE AT 3 Fhimg
RFS.RFS-S DA & RFS-J. #ATd 8 17 92 5605k 1t
BOX 3 MRS RIL . X BIRATIE  HRADH
0. 7,base-level I meta-level ¥ L ¥ SVM it 3t />
et 3 FREAE 5 DAL I SE IR g Rk 9~

i Y AR

SVM-+NB 414

»medical (¥4 1) SVM+SVM

# 13 iR,

%9 Yest HEEFRFERIRER

strategy Hamming Loss Subset Accuracy Recall Precision Fl-measure Accuracy
RFS 0.1989 0. 1481 0.5774 0.6109 0. 5006 0. 6698
RFS-S 0. 1986 0. 1481 0.5776 0.6112 0.5010 0.6701
RFS-] 0. 1990 0. 1440 0.5743 0.6093 0.4978 0.6678
% 10 Emotions HIFEERF R IHER
strategy Hamming Loss Subset Accuracy Recall Precision Fl-measure Accuracy
RFS 0. 1870 0.3015 0. 6415 0.6372 0.5549 0.7610
RFS-S 0. 1889 0.2914 0. 6289 0. 6255 0.5441 0.7523
RFS-] 0.1968 0.2747 0. 5877 0. 5887 0.5118 0. 7301
F 11 Birds iiEE AR RBEEIKRLER
strategy Hamming Loss Subset Accuracy Recall Precision Fl-measure Accuracy
RFS 0. 0566 0. 4845 0.6164 0. 6055 0.5722 0.4316
RFS-S 0.0536 0. 4845 0.6153 0. 6077 0.5753 0. 4399
RFS-] 0. 0530 0.4782 0.6158 0. 6086 0.5741 0. 4547
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F 12 Genbase HIIEEARFRELNER

strategy Hamming Loss Subset Accuracy Recall Precision Fl-measure Accuracy
RFS 0.0008 0.9773 0.9904 0.9912 0. 9882 0.9923
RFS-S 0.0008 0.9789 0.9920 0. 9927 0. 9897 0.9938
RFS-] 0. 0008 0.9773 0. 9904 0.9912 0. 9882 0.9923

R 13 Medical IIEERRRELHLER

strategy Hamming Loss Subset Accuracy Recall Precision Fl-measure Accuracy
RFS 0.0093 0. 6881 0. 8253 0. 8086 0.7782 0.8176
RFS-S 0. 0100 0. 6728 0. 8077 0. 7930 0.7622 0. 8029
RFS-J 0.0098 0.6759 0. 8091 0. 7959 0. 7652 0. 8049
Mi%éﬁ%*&ﬂ]%iu,ﬁ emotions ﬂ“ﬂ medical ;E 16 Z;ﬁg;ia @Ettiﬁiﬁ%
ﬁ%E%J: RES % s 7 % G ﬁ? L#ae T /ﬁ‘:% 7 dataset BR DBR CPS cC RFS
A& W% T 7E genbase Fll yeast B~ Az 4 40 58 19 B4 birds 0.5529  0.5192  0.4980  0.5447 0. 6164
£ | RES-S 55 W5 (1 437 15 A7 4 10 471 48 . 33 06 0 2 emotions  0.5994  0.5781  0.3838  0.5777  0.6415
ot f B ’/ 1l 1 I N , — P E 4T enron 0.5035 0.4901 0. 1856 0.5091 0.5042
i E Eg fli i ;}ﬁjﬁﬂéﬁzbﬁ e fﬂ iz ﬂ}% ﬁf—ﬁ{% medical  0.8020  0.7988  0.1270  0.8051  0.8253
PR PR AR IR T o0 R RE Ny, AR R AT R B, 55 yeast 0.5783  0.5527  0.4738  0.5491  0.5774
=T RES-] 76 & D Hd 5 bt 2 305 5 A %
AR 50 T 2 14 506 T VA i 1 5 SR %17 AAEERMELRER

S BT ) — R T AT RS ey desl  BR O DBR CPS  CCRES
’ﬁ%lﬂ%ﬁ[ﬁﬁé}?ﬁﬁ(}% ‘I"éj‘(i*%t E@%i}% ﬁ[] 'fﬂj&#ﬁﬁﬂ: birds 0.5979 0. 5287 0.5314 0. 5857 0. 6055

emotions  0.5808  0.5252  0.4363  0.5738  0.6372
SIS0 B MR g 56 &, ki ek ik RFS-] enron 0.6180  0.5121  0.3445  0.6085  0.5254

%lﬂ%ﬁf#:ﬁ&ﬂ]ﬁ?é\}é El/‘]j:ﬂz qjélﬁgd;ﬁ% medical 0.7792 0.7742 0.1358 0.7892 0. 8086
85— T4 o1 e T (1 60 B 5 o yeast 0.6114  0.5279  0.6955  0.5633  0.6109
1T ZhRic o3 AL R TR ) U S50 Hh T T b AR £ 18 AEE®FINSHKER
ML e FE L 551 BR vk v L 32 dataset BR DBR CPS cC RFS
%7256_"\% %g%‘@ CC[”] y Stacking % % 72;“ DBR[”] s % birds 0.5611 0.5027 0.5061 0.5510 0.5722
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Background

Multi-label classification (MLC) is a machine learning
problem in which models are sought that assign a subset of
labels to each instance, unlike conventional (single-class)
classification that involves predicting only a single class. The
multi-label problem is receiving increased attention and is
relevant to many domains such as text categorization, classi-
fication of music and videos, semantic annotation of images
and many more.

Recently, many studies are looking for efficient and
accurate algorithms to cope with multi-label classification
challenge. They are usually partitioned into two main categories:
algorithm adaptation and problem transformation. In multi-
label classification problem the labels will not occur independent
of each other; instead, there are statistical dependencies
between them. From a learning and prediction point of view,
effective exploitation of the label dependencies information is
crucial for the success of multi-label learning techniques.
These dependencies constitute a promising source of informa-
tion, in addition to that coming from the mere description of
the objects. Indeed, there is an increasing number of papers
accounting for possible dependencies between class labels that
achieves optimal predictive performance.

In this paper, we divide the utilizing methods of label

dependences into two groups from the perspective of different

algorithm to selecting feature sets for classification of high
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ways of problem transformation; label grouping model and
feature space extending model. We find that the common
difficulty for both kinds of methods is how to accurately
measure the dependences between labels. In particular, for
feature space extending methods, how to choose proper
labels to extend the original feature space is the key to
improve classification performance. On the basis of these, we
describe the ReliefF based pruning algorithm for multi-label
classification.

The key contribution of this paper is threefold: (1) We
provide a new method to measure the dependences between
labels. Unlike existing methods measuring pair-wise label
dependences, our method related to the ReliefF algorithm
takes into account the effect of all interacting labels. (2) Instead
of extending the original feature space with all labels, we
choose the closely related labels. Thus, we can reduce noise
in the data and avoid adverse effects caused by irrelevant
labels. (3) In the feature selection phase, we design a brand
new strategy that treats original features and label features as
the same features and select together.
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