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Multi-label attribute reduction based on fuzzy inconsistency pairs

GAO Qi', LI Deyu'?’, WANG Suge'*

(1. School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China; 2. Key Laboratory of Computation-
al Intelligence and Chinese Information Processing of Ministry of Education University, Shanxi University, Taiyuan 030006, China)

Abstract: In real life, there is a large amount of multi-label data, and in multi-label data processing, attribute reduction
is one of the important methods to solve the high-dimensional disaster of multi-label data. Because there is a relation-
ship between labels, in this paper we firstly use the KL divergence metric to determine the relationship between labels,
then define the label weight, and then combine the label weight to define the fuzzy inconsistency pairs. Finally, consid-
ering the distingishing ability of attributes to the fuzzy inconsistency pairs, we propose a multi-label attribute reduction
algorithm based on fuzzy inconsistency pairs. Extensive experiments carried out on eight publicly available data sets

verify effectiveness of the proposed algorithm named MLAR-FL by comparing it with some state-of-the-art approaches.
Keywords: multi-label data; attribute reduction; fuzzy inconsistency pairs; label weight; Kullback-Leibler divergence;

the relationship of labels; fuzzy rough sets; distinguished matrix
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TRAEFRAE 25 () ) 1 A2

UL R AR B B T A 4 0 ) 4y b
(LDA) | FEAEHIEUy 75 (MDDM)™ Rl 2 AR 10 ¥ 7E
T AR (MLSDY, R AF IO 13 B RE S 4R
ZHRIC AR MR, HZ 07 VR IR B T e
2 18] 28 25 7 JEARRAE A 38 Lo ASTR) T ARAE S LAY
T ¥, FRAE R B 07 R AR — 2 PN HEN], A
JE R )RR AR 25 8] rh B B — A (AL B AR RRAE T4
A AR o UL A DT o DU AT A0 e R [
U B T 4 i, Spolaor 1Y 3t
F IR KRR TR AR REDL, B TR T 245
IO AR F 26 £ )7 B (RF-BR, RF-LP. IG-BR. IG-
LP); Li 2™ F| FH B K AL A5 838 25 8 B B R AE AR
TE A AH DG, B8 2 T B 1 25 1 2 AR IC AR AIE i
PP IGML) &,

FEASTRITRE RS £ A5 7 v it TSR A B OG R AR
B MO s SR AR v ) SR O R O T A
X G2 2 18] A AS AT X o o e RO HE R S BEE
FROR DX 0 A AE & e 4 1R 5, Chen 251 4R T
— o 3 T DX R B v 1 B /N TG 2R 1 JE M 2
RS T EEAR AR, Dai U
— B TR RS £ A 10 B K IX 435 1) i 4 240 7
Bk,

TEZFRid2E 2 b, RS REAR AT AR A B SR8 T
ZAFRIE, bRic Z BT fEfF7E B B A L &,
T AR SCAER X Z2 0510 2% 2] [ A8, A KL B B
FRIc a6 R, IF 8 XARIC A E o % EALE 1
B, 58 B A — SO0, 2 H — b B T ROR R —
Ot ) Z b0 R 1 24 18 J7 B (MLAR-FL), 3 38 1
SIS UE T A SCREE A B

1 EABS

Wi —APKE<U, 4, D>, b U={x,,
Xoo o x yNAEE A RFEAL S, FRH NI B,
A={ar, ay - a)) B AR &R S, D
—MEE M, W B A FIRETE RN
HJEYE o FTOuE ) U ERYBM — 0 KR, Ry N H
PR IBME D IEI U EI 0K R, up(ry) FH
R, FHM U LA ZITKR, FRMFEAR xy 7F
JRYE a T HIBDIA AT XM o Mg (x,)=1- g (x.,)
RARHEA xy TEJRME T BB ] X 53 i
BN G —NRRE<U, 4, D>, YosE
— AN XA B M, Hed 3 S
M'(x,y) = {anw,, pla € A Vx,y € U}
(E AR RS, b X3 B A 3 rh (4 0T
Je— A RO AT XA BB AR R R A

W B iE— Mtk X TUURE T D,
A x Fl y 76 B F B B JF (satisfiability) & X "
miBn{uR“ ) = ma};x{l —ug, (X, )},

N(ug,(x,y)) = 1;
0, N(ug,(x,y)=0

S (total satisfiability) & N
D, SAT, (M (x,y))

x,yeUx#y

D SAT, (M (x,y)

x,yeU,x£y

MR B —mKE<U, 4, D>,
BcA — & MEtk4. % B LI &0

1) SAT(B) = SAT(A) = 1;

2) VB’ C B,SAT(B') < SAT(B).

N B R FE<U, A4, D>H) — > FOH R RE
2fdf .

RFRBTE, T, Xfaed, il

sim,(x,y) = ug, (x,y)
dis,(x,y) = N(ug, (x,y))

EX 2™ BE N IREK<U, 4, D>, B
DX o Fp R — TN B TR AR R (), WZAEAS
Xt X O 4 e KRR 1X i 1

{aldis,(x,y) = maxdis,(x,y),a € A}
acA

SATpp(M'(x,y)) =

SAT(B) =

MDA, D(x,y) = Ug,(x,y) = 0
D, ug,(x,y) =1

XV a € A XTI ) 5 KA X 53 % 78 SN

MDP,D(U) = {(x,y)la € MDA, D(x,y), (x,y) € U x U}

tHF MDA, D(x,y) W XFFR P, W 1 =00 @

XH
MDP, D(U) = {(x;, x,)la € MDA, D(x;, x,),
Vx,x; € Uyi < j}

MR 2" B - RIRE<U, 4, D>, %

B H—AJEtET4E, WA
MDP,D(U) = VgBMDP;D(U)

MR HE— IR E<U, 4, D>, R
4 B 2.

1) MDP,D(U) = MDP, D(U);

2) VB’ ¢ B,MDP,,D(U) c MDP,D(U).

W) B e s R — 21 .

2 ZAEREMENE &

B — D ZhRE RIS S=<U, 4, L>, Hh
U={x,, x5, "+, xn}jg)f:iz]_(%, A={a,, a5, ad}j‘j%
IR, L={1, L, -, LY NbRic . AR x 4
AHRIC L, W 1)=1, BN 1(x)=0,

E X 3" KL ¥ (Kullback-Leibler diver-
gence), ¥ p Fl ¢ JEHERZS 0] Q T AP MR
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p(x) 3
mem=2;mmga5 (M ‘ZDAMMM 1
2 D (pllg) B R 5340 p e TFA0Ai g 19 KL HUEE WFl—T—r————-zﬂHM7
KL i3 3 R o Bk 19 1 ML A8 it 1 22 ZZD,_,(H,-HH,-)
S HAEE/NEF p LA g 2 5N, L
U5E — A ZFRICRE L S=<U, 4, L>, ¥ T Z&ﬂMH)l
Jj=1
Vi elL, ¥ HFEM 0,1} F i REHLAS & R wy=[1-—— 15 =04136
ROGACH Hy, SV 1 e L, W1 HIXEF 1 B9 KL DD Dy(HH,)
B E LR " li: A
H(k) D\,(H,|IH,)
D;(H||H)) = Hi(k)log (2)
! kgg; H;(k) Wy = 7—27——————~%=03017
A ZFRIC IR S=<U, 4, L>, bricss ) DD Di(HIH,)
=1 j=1

L bRic i EE A A M . ik, v DUF
KL 88, X SehRic A

EX 4 HE—-NTZhidhRE S=<U,
A, L> X Ve L, & LHAERFER L EN

i%ﬁ%)

j=1

Zimww>

i=1 j=1

M T KL HORE w] DU R & & bR id 2 18] 19 22
5, EmH— M PRid 28 A bR, 2 A 2
SN, DR R N, B bR IE TR A ARl
25 ()R S, IIZ AR IC A R BOR

Bl X1 AE—DZiRCBE kR R<U,
A, L>, U={x,, x5, X35 X4 X5}, A={ay, @y, a3}, L=, b, L} o

F1 —1NSRHRiERERER
Table 1 A multi-label decision table

1
1,1<i<q 3)

w; = 1_

U a; a, a; I b L
X 0.2 0.3 -0.2 1 1 0
X, 0.3 0.2 0.1 0 0 1
X3 -0.1 0 0 1 1 0
Xy -0.2 —-0.1 0 1 0 0
X5 0.7 0.4 0.3 0 0 0

H 2 1 Al AR 0 AR 5 AR 0 A« po(1)=3/5,
P1(0)=2/5; p(1)=2/5, p(0)=3/5; ps(1)=1/5, ps(0)=4/5;
F 5 S 3 n]f9bRic 2 0] KL #UE R

_ p2(0) po(1)
D, = p,(0)log 2.0) + pa(1)log ()
_ D2(0) p2(1)
Dy = Pz(o)logp3(0) +pa(1)log py(1)

Iﬁjfﬂﬁf@f D21\ D31\ D13\ D23; *EJE%X 4, E‘[’?%"
FRICALHE :

— M ZIRIL R K S=<U, 4,
s W)y B R

EXS5 HE
L>, X W PR ICACE S W={w,, w,, -
LR A —BREA X E SN

FIP,D = {(x,y)| Al € L, (x) # [i(y),x,y € U} “4)

B — SRS H

FCP,D = {(x,y)IVl; € LI,(x) = [,(y),x,y € U} Q)

X T o — O A — BUREAR X, E X
LL(x,y) = {illi(x) # ;(y),1 <i< q,(x,y) e FIP,D} (6)
SRR — BORE AT & A —BUN PR & 4R

o [FIETE X

> wi (Y eFIPD
keLL(x,y) (7)
0, (x,y) e FCP,D

R B AN — BORE A X i B B B,
DIS(x,y) A 0, WIZK/R xy FERE LS LA —FH,
47 DIS(x,y) AH 0, MR xy TEAREES AN
— By, HAEBK, W R R Z ] B A — B
JEBOR

EX 6 HE—DTZhhidEE S=<U, 4,
L>, W65 —> Ja TR0 B2 2 R e 09 A A %k 1T
T KA Y R RO A A BLUE PR & SR

DIS(x,y) = {

{aldisA(x,y) = m:}quisa(x7y)aa € A}’
MDA, D(x,y) = DIS(x,y) #0
©, DIS(x,y) =

)
MR 4 XTI KB A A s A
MDA, D(x,y) = MDA, D(y, x) 9)
WERR  F TR DX o0 B A X R o AR
E L6, VETT 4 AT AR
EXT HE—NDZIRICIRKE S=<U, 4,
L>, WX T Vaed, W& LTEZIE Y b iR s
BIAAAAEA X
MDFIP,D(U) = {(x,y)la € MDA, D(x,y), (10)
(x,y) e FIP,D}

EX 8 ZhiwE—"1TZhidikE S=<U, 4,
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L>, VYBCA, EX:
MDFIP,D(U) = U MDFIP,D(U) (11)

VaeB

MRS 4w —PEicikR R S=<U, 4,

L>, X TIE k4 B, W
MDFIP,D(U) C MDFIP,D(U),YBCA  (12)

IR ARIEE X8, MEJE 5 AT ARHIE.

MR 6 ZE—DEhidikRE S=<U, 4,
L>, V B'C B A, MDFIP,D(U)< MDFIP,D(U).

WERR W F B'SB, LR B'={a,, a,, a;},
B={ay, a,, as, a,}, W H & X 8 A[15:

MDFIP, D(U) = MDFIP, D(U)J
MDFIP,, D(U)|JMDFIP, D(U)
MDFIP,;D(U) = MDFIP,, D(U)| JMDFIP, D(U) | J
MDFIP,, D(U)| JMDFIP, D(U) =
MDFIP; D(U)|JMDFIP,, D(U)

Hy 12 5 /% $4 )it 7] 15, MDFIP, D(U) UMDFIP,,
D(U) 2 MDFIPy D(U) , W15 6 AIIE

Hi |3 1 5 W] 4%, IMDFIP,D(U)|7E J& 1 F 4
B L, i R HREE

MR7T HE—DEZhicikR R S=<U, 4,
L> 3T VB CB, Vae C-B', N

IMDFIP;, D(U)| < [MDFIP,D(U)| (13)
IMDFIPC;, D(U)| < [MDFIP,, D(U)|  (14)

MR8 4HE—NZhridikREK S=<U, 4,
L>, MDFIP,.D(U)=MDFIP,D(U), 24 H. X4
IMDFIP,.D(U)|=[MDFIP,D(U)|,

WERR AR MERT 5 P2 (12), A4S MDFIP,.
D(U)=MDFIP,D(U)&|MDFIP,.D(U)|=|MD-
FIP,D(U)|,

MR HE—NZhidRE S=<U, 4,
L>, i JE T4 B L 5

1) MDFIP;D(U) = MDFIP, D(U)

2) VB’ ¢ B,MDFIP, D(U) c MDFIP;D(U)

W) B R iZ sk e i) — A~ 201 .

JERR

SAT(B) =
D SAT,(M (x,y))

x,yeU,x£y

ST SAT,(M(xy)

x,yeU,x£y

D { max(1 = i, (x, 7)),
x.yeU,x#y O’ DIS(X,y) =0

max{l —ug,(x, )},
x,yeU,x#y

DIS(x,y) # 0

DIS(x,y) #0

0, DIS(x,y) =0
¥ B N— A5, WA Y F

SAT(B) = SAT(A) &
Z max {1l —ug,(x, )}, DIS(x,y) #0
0, DIS(x,y) = 0 -

x,yeU,x#y

mix{l _uRa(xiy)}’ DIS(XJ’) * 0
ae.
x,yeU, x£y

[=—3
0, DIS(x,y) =0

Z dis,(x,y),Ya € MDA D =
x,yeU,x#y

Z dis,(x,y),Ya € MDA,D &

x,yeU,x#y

MDFIP,D(U) = MDFIP,D(U)
[F] B AT 45
SAT(B') < SAT(B) &
MDFIP, D(U) c MDFIP,D(U)
EMX9 HE—NZihnicdikk L S=<U, 4,
L>, VaeA, fbJa Wi B0 AR RO 2 R
MDFIP, D(U) = {(x;, x,)la € MDA, D(x;, x,),
Vx,x; € Ui < j}
MDFIP: D(U) = {(x,.,x,.)p € MDAAD(xi,xj), (16)
Vx;,x; € U,i > j}
EX 10 % —DZhrid kR S=<U, 4,
L>, X F—"N @4 BS A, WX R ) 29 1 5
F) e KA AR LS 2 LA
MDFIP,D(U) = UMDFIP;D(U) (17)

aeB

(15)

MDFIP,D(U) = U MDFIP: D(U) (18)

aeB

MR10 4E D EZhhic kR K S=<U, 4,
L>, VB’ BC 4, MDFIP',D(U)< MDFIP',D(U).

WERR MR E X 10, B8R, VaeB,
MDFIP’,D(U) J2 i MDFIP’,D(U) 41 1 /Y, DA i ]
1%, MDFIP’,.D(U)S MDFIP',D(U), ¥ B'C B, HIiiF,

MR11 4E D EZhRCik R S=<U, 4,
L>, MDFIP',D(U)=MDFIP’,D(U), 24 HAY *4|MD-
FIP',D(U)|=|MDFIP’ ,D(U)|

MERR  ARAEE 10 AT 7, PR 11 ATARIE

MR 12 4E — N ZhRic R R S=<U, 4,
L>, Ja P74 B 2 e

1) MDFTP, D(U) = MDFTP, D(U)

2) VB' c B,MDFTP,, D(U) c MDFTP,,D(U)

W B JR PR R M) — AT

MERR  ARPEE 10 A 7, P 12 FTARIE,

EX 11 55E— D Zhic R R S=<U, 4,
L>, BS A,V aeA-B, fE&MEMETE B AL
L JBYE a X TARZE SR L W HE R E

sig(a, B,L) = Z DIS(x, ), (x,y) € MDFIP,D(U) (19)

x,yeU,x#y

ARG HIT SCAT I, AR SCRf B 19 2 T B A —
O Y J PE LRI SE AN R B o
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Bkl BT RO — BT JE T2 Rk 15) else
(MLAR-FL) 16) z=0;

WA RRER<U, 4, L>; 17) end if

W ARENEETSE. 18) end while

1) red=0; R=4; z=1; TES2Hy ep, ok TR B 8 M o, BER
Dforiel Xy Z I8 (O 58 5 3 19 B 1t

3) *ETE:—CE 3) T[‘%:*/]WE E‘Ji‘ii, fa,y)- fla,x)+o

4) end for ug, (x,y) = max(min( -,

5) #1444k : DIS, MDFIPA'D(U) flax)+o.- [, Y)) 0)

g,

6) while z=1 ‘ N
%;ﬁf XE 5 B 0 0, B v 2 D F 1
8) for VaeR W LR R E N

> M J ) 0’ f(a’y) * f(a’ x)
1 Y, H y =

) WU (19) R HE B T wp={ & fen sy

10) end for

11) B K Jm P S 0 19 & 1y, X0 & 3 ;‘g%\&%%éj\fﬁ

PN ks

12) if y>0 3.1 EWiEE

13) red=red+k; R=R—k; K 8 > Mulan ¥4 5 17 52 50, B AR 4
14) DIS(x,y)=0, (x,y) € MDFIP,'D(U); W 2 s

x2 HIREHIR
Table 2 Description of datasets
G/ SR JE S FREEL HdE A YIZFEASL IR A S
arts 5000 462 26 EfE A 2000 3000

business 5000 438 30 EfE A 2000 3000
computer 5000 681 33 B {E A 2000 3000
education 5000 550 33 A A 2000 3000

health 5000 612 32 HfE 2 000 3000
recreation 5000 606 22 H{E R 2 000 3000
reference 5000 793 33 EYCIER 2 000 3000

science 5000 743 40 EYCIER 2 000 3000
ARSCR 28 SURHIE, B3 kT 3.2 EMIERR

BB —BOo i J8 P 29 i 55 (MLAR-FL) 5 T
HIVEILE VAT X L S0 . ST hRIC 5 R ORI HL RS
R R A JB P 24 11 51 (FRMIFS)!™; S F B4y
FHURE 42 1) 22 bR 25 I8 1 24 17 30 3% (MLERS)!™, ML-
FRS B X AR IC A 7] A BEAS 2R A7 ke, 31058 2
AR, AT A5 B BT A 4 IE R B AR ST
FRICACE (1) £ 55 25 8 I 24 fRT 3 vk (LWMEF)PY; 2
T ReliefF 1Y £ Fr%5 & M2 fi 9% (RF-ML)?", H
I FH 4324 i) B Wk 448 FF AL, 1 1) A 0 T
WYX AT A TR AR R #, o 4 5 AP R 29 1 7 ik
TE LRSS S A FE bR L EAT L . i T LW-
MF 535 Fl RF-ML 59k R HE P 3k, a0 254

PEPEARAE B9 B0t MLERS 5 5 15 3 i 1 S %1
P

TEZ A% o284k, JATH A 6 Fhdstrok
PEUY 4322 2] B I 3R, Bl Average Precision
(AP). Ranking Loss(RL), Hamming Loss(HL). Cov-
erage(CV). One-error(OE)., Micro-F1(F1)!"”,

MR Z = {6 YN, RO+ 1, -1 MR
ToO PR f; (o) T 2 SCHEP PRAL rank (x, D e {1, 2, , g} o

Average Precision(AP): T 5 %X iy 5 FE A 1) Tl
DR TR v A 8 TR A A AR BT AR CATS
J& T AR IC A LA A7 2, HCE B, BB
AT RERLE, & Sl

avgPre(f) =
_Z IR,| Z

{klrank,(x;, k) <rank,(x;,]),k € R;}
leR;

rank (x;,[)
Ranking Loss(RL): F & % 25 it A FEAS 1) AN A
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SRR Te B HE PP T RH S 12 T YA S 1~ 17, %
(BN, USRI A PR RE BT, & SO
<

rLoss(f) = l
{(, k)lrank (x;,[) > rank(x;, k), (I,k) € R; X lii}l
Hamming Loss(HL):H T B s FEATE L1 FRid
R R O, BOE BN, BB SRR P RE
M, E S

Ry
hmmmz;zzzﬁMmin]
i=1 =1

Coverage(CV):F T & &AL AR D) i A 5 HAH
5K B 28 B bR I0 - ¥ i 7 2 0 A 5, B D, 16
BRI 0 R BB AT, 2 SO

1 n
coverage(f) = - Z lzl%x(rankf(xi, N)-1
i=1 !

One-error(OE): ] T /8 HE 4 5 1 IO bR 2 AR TE
IE A A bR 2 4 T A REAS H 1], BOMELER /DN, U I
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Table 3 Performance comparison of algorithms under AP evaluation index

Bl e FRMFS MLFRS LWMF RF-ML MLAR-FL
arts 0.424 5+0.019 4 0.463 0+0.016 3 0.460 6+0.021 2 0.435 5+0.019 4 0.499 3+0.026 3
business 0.860 4+0.019 8 0.861 2+0.019 7 0.860 3+0.020 9 0.862 1£0.019 3 0.870 420.016 0
computer 0.599 0+0.017 0 0.613 5+0.017 4 0.615 6+0.022 9 0.603 1£0.019 3 0.634 7£0.018 4
education 0.479 0+0.030 1 0.510 8+0.029 1 0.528 0+0.029 9 0.486 6+0.024 7 0.542 120.029 1
health 0.614 8+£0.018 8 0.634 3+0.011 9 0.629 4+0.025 5 0.619 6£0.016 6 0.667 4+0.016 5
recreation 0.372 3£0.014 9 0.405 0+£0.017 3 0.339 2+0.013 6 0.382 9+0.018 9 0.443 620.015 1
reference 0.563 6+0.035 9 0.583 5+0.034 0 0.583 6+0.033 6 0.566 3+0.033 9 0.609 2+0.030 8
science 0.400 5+0.018 2 0.410 6+0.016 7 0.403 9+£0.017 2 0.396 9+0.020 0 0.446 9+0.027 6

VAR 0.5392 0.560 2 0.5525 0.544 1 0.589 2
&4 RLIEMIERTEEEMERLLLR ()
Table 4 Performance comparison of algorithms under RL evaluation index

Bl sk FRMFS MLFRS LWMF RF-ML MLAR-FL
arts 0.181 1+0.007 7 0.169 8+0.006 9 0.169 2+0.008 4 0.180 2+0.008 6 0.155 5+0.010 3
business 0.049 1+0.009 5 0.048 7+0.009 4 0.049 7+0.010 1 0.048 0+0.008 7 0.042 3+0.007 4
computer 0.104 5+0.006 4 0.099 1+0.006 5 0.099 8+0.008 2 0.103 8+0.007 1 0.090 40.005 4
education 0.109 7+0.009 3 0.099 9+0.009 9 0.096 5+0.010 6 0.107 5£0.008 1 0.091 5+0.011 1
health 0.081 2+0.006 2 0.075 2+0.004 9 0.079 120.005 8 0.081 0+0.005 9 0.066 0+0.004 8
recreation 0.224 1+0.008 3 0.208 6+0.007 0 0.214 9+0.008 3 0.218 9+0.012 2 0.195 2+0.007 6
reference 0.106 4+0.010 8 0.099 1+0.009 6 0.100 9+0.010 0 0.105 3+0.010 0 0.088 6=0.009 0

science

0.154 5+0.010 2

0.151 2+0.009 8

0.150 8+0.008 7

0.152 7+0.010 0

0.142 6+0.010 7

THIHLS

0.126 3

0.1189

0.1201

0.124 6

0.109 0
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Table 5 Performance comparison of algorithms under HL evaluation index
Blse FRMFS MLFRS LWMF RF-ML MLAR-FL
arts 0.062 7+0.000 8 0.061 20.001 0 0.062 0:£0.001 0 0.062 1+0.000 8 0.060 1::0.001 4
business 0.028 7+0.003 0 0.028 7+0.002 9 0.028 7+0.002 9 0.028 5+0.003 0 0.028 10.002 8
computer 0.044 2+0.002 4 0.041 8+0.002 1 0.042 6+0.002 9 0.044 1£0.002 5 0.039 6=0.002 4
education 0.044 2+0.001 2 0.043 6+0.001 4 0.042 6+0.001 1 0.044 2+0.001 2 0.041 80.001 6
health 0.050 8+0.001 1 0.047 8+0.001 5 0.048 8£0.001 9 0.050 4+0.001 2 0.044 3+0.001 6
recreation 0.065 3+0.002 5 0.064 7+0.002 4 0.064 1£0.002 5 0.064 9+0.002 6 0.063 8+0.002 3
reference 0.036 3+0.001 3 0.033 4+0.001 5 0.035 6+0.001 8 0.035 7+£0.001 0 0.030 6:£0.001 4
science 0.035 7+0.000 9 0.035 6+0.000 9 0.035 7+0.000 9 0.035 6+0.000 9 0.035 0::0.000 8
VAR 0.0459 0.044 6 0.045 0 0.0812 0.042 9
* 6 CViFMiEMmRTEEZMMERIEE ()
Table 6 Performance comparison of algorithms under CV evaluation index
it FRMFS MLFRS LWMF RF-ML MLAR-FL
arts 6.231 7+0.240 6 5.937 0+0.213 0 5.930 7+0.298 1 6.208 0+0.273 6 5.541 7+0.317 3
business 2.628 0+0.442 4 2.617 3+£0.415 1 2.638 3+0.450 0 2.583 0£0.407 5 2.368 7+0.370 9
computer 4.908 7+0.342 8 4.676 3+£0.287 3 4734 3£0.420 4 4.891 7+0.346 6 4.341 3+0.279 7
education 4.516 0£0.353 9 4.150 7+0.367 3 4.106 0+£0.376 3 4.472 0£0.321 0 3.893 7+0.409 0
health 4.032 740.269 4 3.834 3+0.230 5 3.953 3+0.245 1 3.993 3+0.265 6 3.487 7+0.228 0
recreation 5.737 7+0.275 4 5.398 7+0.247 3 5.570 7+0.282 6 5.655 7+0.355 8 5.132 3+0.270 0
reference 4.014 7+0.360 6 3.779 3+0.334 7 3.835 0+0.346 2 3.973 0£0.339 5 3.423 320.344 6
science 7.626 3+£0.482 0 7.503 0+£0.450 8 7.494 3£0.382 9 7.527 7£0.451 4 7.159 0:+0.487 1
S LR 4.9619 47370 4782 8 49130 4.418 4
x7 OETMIBERTEEEMNMEBEILE ()
Table 7 Performance comparison of algorithms under OE evaluation index
Bl sk FRMFS MLFRS LWMF RF-ML MLAR-FL
arts 0.761 7+0.289 0.692 0+£0.032 2 0.702 7+0.029 8 0.740 3+0.027 0 0.637 3£0.032 9
business 0.136 3+0.026 4 0.136 7+0.026 0 0.136 3+0.026 4 0.135 3+0.025 3 0.132 0£0.021 8
computer 0.479 7+0.022 0 0.463 3+0.027 5 0.460 7+0.032 1 0.474 0+0.027 1 0.439 7+0.025 2
education 0.681 0+0.038 1 0.643 3+0.038 2 0.621 7+0.039 1 0.673 3£0.031 3 0.608 0:0.030 9
health 0.496 0+0.024 1 0.463 7+0.020 9 0.472 3+0.043 7 0.488 3£0.019 2 0.425 7+0.020 4
recreation 0.810 3+0.025 9 0.771 3£0.031 4 0.778 3+0.025 9 0.797 0+0.032 1 0.720 3+0.029 4
reference 0.530 7+0.048 7 0.514 3£0.049 5 0.515 0+0.045 6 0.530 3+0.046 9 0.493 0:£0.039 7
science 0.755 7£0.022 0 0.736 7£0.019 8 0.749 0+0.028 6 0.761 0+£0.024 1 0.687 0+0.043 1
VAR 0.5814 0.5526 0.554 5 0.574 9 0.5178
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Table 8 Performance comparison of algorithms under F1 evaluation index

Brlask FRMFS MLFRS LWMF RF-ML MLAR-FL
arts 0.004 0+0.000 8 0.047 1+0.007 0 0.038 8+0.014 1 0.026 4-+0.003 0 0.086 9+0.014 7
business 0.733 4£0.027 7 0.732 5+0.027 0 0.733 3£0.027 5 0.735 0+0.027 4 0.737 7+0.027 8
computer 0.379 3£0.029 5 0.245 2+0.053 6 0.330 2+0.037 3 0.411 9+0.023 4 0.334 0+0.036 1
education 0.000 7+0.001 2 0.033 1+0.009 3 0.067 4+0.006 2 0.008 2+0.005 4 0.086 3+0.014 3
health 0.297 3+0.032 8 0.251 5+0.028 7 0.318 1+£0.043 2 0.406 7+0.018 1 0.330 4£0.020 5
recreation 0.001 0£0.001 8 0.013 8+0.004 7 0.035 3+0.009 1 0.006 5+0.004 4 0.053 7+0.005 4
reference 0.068 4+0.097 8 0.153 5+0.044 9 0.265 1+£0.074 2 0.004 8+0.004 7 0.231 1+0.028 0
science 0.001 3+0.002 3 0.022 2+£0.007 8 0.012 9+0.008 0 0.001 00.002 2 0.064 5+0.017 2
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Fig.1 Changes in classification performance of each algorithm under six evaluation indicators on the business data set
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Fig.2 Changes in classification performance of each algorithm under six evaluation indicators on the reference data set
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