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conditional mutual information of expert feature
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Abstract: Feature selection plays an important role in the classification accuracy and generalization performance of
classifiers. The existing multi-label feature selection algorithms mainly use the maximum relevance and minimum
redundancy criterion to perform feature selection in all feature sets without considering expert features, therefore, the multi-
label feature selection algorithm has the disadvantages of long running time and high complexity. Actually, in real life,
experts can directly determine the overall prediction direction based on a few or several key features. Paying attention to and
extracting this information will inevitably reduce the calculation time of feature selection and even improve the performance of
classifier. Based on this, a multi-label feature selection algorithm based on conditional mutual information of expert feature
was proposed. Firstly, the expert features were combined with the remaining features, and then the conditional mutual
information was used to obtain a feature sequence of strong to weak relativity with the label set. Finally, the subspaces were
divided to remove the redundant features. The experimental comparison was performed to the proposed algorithm on 7 multi-
label datasets. Experimental results show that the proposed algorithm has certain advantages over the other feature selection
algorithms, and the statistical hypothesis testing and the stability analysis further illustrate the effectiveness and the
rationality of the proposed algorithm.
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P Ay T R KA DGR Y £ b 10 2 JEE 29 1] (Multi-label
Dimensionality reduction via Dependence Maximization, MDDM )
k. Lee il 20 AR B KA T EAFIE ShRICES
AR OCHE - T 2 T 270 B LA B AR LR R R
PMU (Pairwise Multivariate mutual information) o Lin 25" 42 I}
THRETARBE AR R Z AR ORI R . X RAR S i AR
BT C R AEFIbR I AR SCHE , S Hh T B TR 1 s (] FY
Z2 0 A 1 £ 58 75 (Multi-label Feature Selection algorithm
based on Local Subspace, MFSLS) .

R Z AR IC R PR S ) R R R TUAR AR
WEEL— A5 B 7 2 A5 B AR AR FIARIC 18] A G , R 5 &
FAOEFIAFIER] 9 C R B A BAR B R H IR TR IR BAF B
KN ABRTE SRS FRAE AR IC ] B ARG o X SER A
A PRBOCTE L ZARAE TR FRAEAR T HEA TR AERE 4 , R Gt
)52 2 AR 7 , 40 PMUU B30k 7 ORI 46 rh PAT IR IRV AR S, Bk
T{5 B 1% 2 b5 % R# 1 3% £ (Multi-Label Feature Selection
based on Information Entropy, MLFSIE) & % B AR $2 5 T $UAT
R, (HRE JERHIE 1] 19 T A

BRULZAh G4 IR A N B R 2 8 2 hRic Rk e 4%
SRR IR BV PRIk 2 GORMIE Y IS 5 5, 2 1 —
AN SRR R) R A S AR G R, AATTRE X 728 [ R 3 AR
i R UL B0H 24 i 2 BORRIE , S8 # il o A
KM HENEE S RFIE 1) A 55 HAR B 2EA T 2 hmic 7026 . ol
7 BE B v R A A R i AE AR A O i 24
i PR 28 36 56 0 5 LA e 2 A A I 95 SR A ] it 39
HEAE I BORRAE (L SR AE) ), SRS 45 L SORMIE R LR L ik
AR B R A LA S HTe b1, e Je e B SR B2 .
[ Fof s, 2 2% B 6 R AN J MR R AR (R 3. ) A DG
B IARRAE) | P A 2200 L 26 o PR B R 25 7 AR R
ZHIATHE

BT, P AR BIe P i BAR B A SO — i
Tl AR B9 25 F HAS B 2 AR iC R R ZE £ 53k (Multi-label
Feature Selection algorithm based on Conditional Mutual
Information of Expert Feature, MFSEF) . %38 75 i/ NIUA Ik
KARAERTEE T, i 525 ()% 73, 5 08 T B R B A
I T BEXT 70 M RE ™ A B RE R, 52 BRI AR T vp 52 B ) AL RS
K T T BEPE BRI T T 1] ) SR DT 4
FEbRic o etERt . 1 il ik A A AR B L R
R L FAFAE 5 P UL L RN R A, R FF L KA AEA
AR, SAT RRFEAE IR AR AR & — B B RHIE 25 18], SRS
HEHRAIE S bR ic 6 Z ) B0 AR S, #R A T HE IR 0BT Y

SFAEHET A2 6 5 {5 % MFSLS 19 S8V d5 J5 BEATARAE 2 4% 5
BAE 7 A ZARIC B A B I, R AL # ) ZARIC R AR
PER R T LR i 4 PP AR A A SR AT LU ) AR SO
BT AR ZhRCRE R R . i bl g
Rt — P UESE T A SO 25 B SR E T

1 ERANE

1.1 ZHRIEES]

T B A G B 2 U, ZhRic e ST HESRAE
—Fh 2 UM G 28 ST SR T HL i o=, FEIZHESR T B
AXF G — AR B AR LA 2 AE A BR A 5AR
i, 27 2 B E AR RS R R BT IR O ARE . FEBE

WE P, ZARICRE TR R BE X = (%, 2,5, -+, 2,)T € R
FORA n REAR LA REARSHELEE R d, ¥ =(1,2,++, Q)
FOR BEAR N B AR E AT L T={(x, ) (x5 Y)),
(. Y,) Y x, € X, Y, € V) TR NG, 4RI H 2
PREN WS EF X —{ = 1, 1Y, DT R A HE AT h e 1
SR
1.2 #GEER
EX1 WHEHGA={a,a,, -,
SIS, TUISEA A A5 B -
H(A)=-p(a,)lbp(a,) (D)
5 BB T LR 4 N S P R 1 B R FR
EARFEMR . X T AR e85 i, o il (s
SRR BE B AF 23 1] T SRR T 2S ) AR B R BRI
EX2 WHEEA={a,ay,a,},B={b, by, b,
TEAE AT AT T A BIATHR N -

m.n

H(BIA)=—2 Zp(ai,b/-)lbp(b/-| a;) (2)

i=1j=1

ST L REAE S A I S R ARG BIOAHA
FREERI RN

EX3 WHEAA={a, a5 ,a,), FEEB={b,b,
b L WAES A S BRBEG R :

a,}, é\p(ai)%%i—\‘ﬁ?‘é a;

H(A.B)=-3 Y pla,.b)bpla,.b) (3)
S BB B R R
H(A,B)=H(A)+ H(BIA) = H(B) + H(AIB) (4)

EX 4 HEEG AMES B, € XEHFAMBZENE
FEN:

I(A; B)= —;;p(ai,b,)lb{pi’if;;[zi)} (5)

AR B2 T RE B AL AR S [A) AR G R i R/ D
I(A; B)ERREGAMES BRI CIER/N, I(A; B)#
KOFRPE MR K. 5H1(4; B)=1(B; A), H
2 :

I(A; B)=H(A)+ H(B)- H(A,B) =

H(A) - H(AIB)= H(B) - H(BIA) (6)

2I(A; B)= 0 255 A RS BIAHCHE 26 A FI4E
G BZ AR .

EXNS HELHA ={a,,a,,",a,}, B={b,b,,---,b,},
C=lci ey e}, WHEES CHRMUTEEARMBRIKZME
fHEEh

I(A; BIC)= H(AIB) - H(AIB, C) (7)
WA AR BT H =X (6) Fi=l (7) 1534
I(A,C; B)=1(A; BIC) + I(B; C) (8)

WEHEBRFZIEA CHIKR BZ MM KR, H L]
A EAG BAEAS B Z OIS BAG B RIS (5) 15 e
BHERN:

1(A,C; B) =

—i i ip(ai, b, ck)lbI:

i=lj=1k=1

WA HAFRI(A, C; B)BR MR AL CHEEARIF BIH] Y

o)

pla;,e,)p(b)
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FHIMERGE . AT R BAR BT AT FR AT
1(A; BIC)=H(A,C)+ H(B,C)- H(A,B,C)- H(C) (10)

2 MFSEF

T3 3 HAR B TRARIE S AR 2 8] AR SRk AT 24
TCRFIESERE R, Jo 2 8 FR R TR RR AR IR IE | FR AR 1 26
BUARIC, W T(F 5 0 EARALAT LATE BABR 0 A A B A R AE
FZEBNRIC Z IR A S PR BT e 2 AR ic i, — M REA R
ZAVRHIE i FR HSE T2 20bRi0, Bs B R e

E X 6 AR fAER I A L =1, 1,0},
Vi, eL(i=1,2,-,n),I(f; L) REEAEFRBRIC L B L AF B LR
ZHEAE FRBRICAS [ 4R LAY A BT 7 SUH -

FMI(f ZI(f 1) (11)

ENXT LT NS ={ f1u Sy o
ST 23 (A B BAS B U

Zlff (12)

FHIE SHRCHES Z B A EAE BOR/ME T N5 Y
AROCHERREE  FAE IR IO AR & 1YL AR BB, RUTZRHE B
B2 RYNZR AR B, R bR LA AR
B ZEmE, RINZFHE A2 IR ICAH B ST, SU AR AE A
FrRicHE A i AE BB/ IME

HENBHAU = {x),x,, -, x, ) FUHAG LA A FFAEHE
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Fig. 1 Waterfall plot of eigenvalues corresponding to all

features in the 600th and 601th samples

o 1 RIS T AR5 600 AR B 5 601 A FEA T, A
FROE T R R AE AL /N X L, F TP S AR AR i
FYHT 100 FAAE B RFAEE AN H VT 0.5, PRRE AR FRIE ]
SEAAR[R] , 2 BH 32 B e 1R X B 12 79 5 T L g T 4 285 200 2]
300 22 [a] B FEAIE BT X5F ROE A R AEABL (A KA /N, A3 A il R
YA D B BT BRRAE SRR AR50 g T 4 B e e
PR, BIFR SR J8 RRAE 5 7625 100 1 200 22 18] (145 A BT X6 1 1) 45
AEAE BEAS BB, HAM A 44 , ORI 3l , W% BORpAE

XFRICHI RN 2 G T2, MR L AT

TEP 2 P 7R 1 AE P B HR A AT ST %) 2 F) 45 i
TER/NIXT o XS 100~200 19 % ZERHIE , W] & T A £
AHYRFAEAE BEASBRHL AT 1, 31X R WX T8 iE XS FARICHY
3 73 AN T st JEE I R (E LA A W), 2 W] AR AR AR
EETHATIZARAE, B LUAN R S SR A B AR 43 ok L A
A G R RFFIEARIR S, SR J5 AT X TR AY R AR EA T IS 2
MEREFEHRAE , TOEE AT LLE S A2 THAE, 3 e R AR L 2
HSAT & B AR T rh e 2 28 DB 5 (I e i Hh e SR AR
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Fig. 2 Overall waterfall plot composed of eigenvalues

corresponding to all features of all samples
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Fig. 3 Graphical description of combining expert features
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X T 2RI IR R, th TR PRI SR T A R RHE 2
[, PR TR AE AR IC 5 G A AR DG Va5 B4R R/ AT
THERI A OGS AR 22 18] 7] BEA FUECR A TCAYE L ARG
P55 BRI AN — 2 0 FU R IC SO AR, oAl i
ANFHA LSS B RRAETE AL X i 2 2R A R P EVENE %[E
B 57, AT R 3E i N7 R T A A R R S 2 s ) RS
SCHRL 18 T i BT, 4 50 4R AR5 AE 2R BE /NI b, 523 llﬂ/\
BT LIKI 7 2.3 .4, 75 TR RN B2 Of B AR SCHE SR AL, ] s S
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10.9,0.24 o SR SCHRL 10 ] 5258 0E B 3 A4~ 23 8] 4 76 I 25
AR, T OB C 2l i B AR UEA T B B RN HE
G5 W REE B0 R 4R — A F23 18], FRaEad 0. 6,0.3,0. 1117
SRR HATEA T E— 25 R RAE R B

JRER TS A RN R AN

R dHEFIEAS [A], AT A5 SRS 28 [ALRRAE 4
HOR[d/3], 2 L6 AT AE 25 (8] A RRAE AR A R
TR AT BRI BUBs AR BB, 3 W HLRRAE (1 T 4 1 ik
13 R FRIE ) EAR RN TUA MR . PR ol il 3 S
6 BT B = A F 25 [ P RRIESEAT )T, A F S Me T
A ) B TT A RS 2000 2 S =SS s S as)s Sh =
{ S S2s ."’fz,(,{/ﬂ}’sg ={ ﬂl ’f3,2’ "'vf;(dm}o

THAE A SR A H 953 B E =T a8 ] Hp e B T A 1 g/
BYAEAE , i F2REE L4 4 10. 6,0.3,0. 1, # =T A) i 1
FE i Sk B Y R AE A 805 3O 2 N, =[0.6%[d/3T], N, =
[0.3#[d/3T],N, =[0.1%[d/3T].

T L SRR HL A Pk BE S LS AN SY R N, N, TN, A
R AE 2 AE - S = {fl/l’fl,Z’ ""fl’w,}’ S, ={ f2’1’f2/2’ ""lewz}’
S"s =S fan Jo WIRHE S, S, FS"S B I UL TR
PR IE BE R S5 1 B 2R T4

AL S AR 428 ), 5 AT KRR Ry 2548, TR
TRAREAEIRAE 5 Bae i A5 B FIS Ty 5t T HE S
FRicias (6] i AH DGR/ N 45 G Rl 72 TR 1 Xl 4, d5e
SEWAFEIERE . SXAERE % I8 T 2 A5 I E R B TR I S 2
PR A B RN S R | ik 6 T A% R RRAE A B FURAR IR AH DG
D) P 250 5 A R AT S S0 R AT T A T A P, i e S R 45 R 4
R TR sk RR .

Fix1 MFSEF,

N ZARCEAEE D, T RIFIEE;

Brib o JFAEFAE Sub.

1) FMI =,

2) E={e,eyeq,e,);

3) for each f, € L

4)  S=0;Sub=0;

5) for each lj el

6) i 6T FMI(f,UE; L)

7) end

B) B Y FMICS U Es 1S M 1 RAVE R

SR I b iE BAS B RN

9) end

10) 5 8) A 1AL HH SR A RFAE 25 ) AbR 0 23 1) A5 B KD
YRR T —ANF )T NS SRR 7571 S 5

11) ARAEES SEF 3 AF4510] S, .S, FIS 5

12) S ZAS P21 43 50050 5 R SC 7 SRR AE FVRR A A T4 K
AN ORJE AT T HES , PR RAE L 110.6,0.3, 0.1 7E =
A3 ] 23 Bk s HY B R RE T4 5

13) B DUAS B ZARIE RS S = AN RRIEF 448 71K
U Sub.

3 L RELER N

3.1 SRIHURE
S UE A SCE A A APE 2 BT Entertainment

Recreation , Artificial . Reference . Health . Business , Computer 3£ 7

% 40 %
AEAEE  EAE R LR 1.
*1 ZHrCHEIES
Tab. 1 Multi-label datasets

Bk FEAK  FROEEL N g DAL
Health 5000 612 32 2000 3000
Recreation 5000 606 22 2000 3000
Artificial 5000 462 26 2000 3000
Reference 5000 793 33 2000 3000
Entertainment 5000 640 21 2000 3000
Business 5000 438 30 2000 3000
Compute 5000 681 33 2000 3000

3.2 RBIMERIFMNIER
AR 5256 A % 7E Matlab 2016a 135 47 5 8 £ 35 55 2 Intel
Core i5-2525M 2.50 GHz CPU, 8 GB N 7% ; #: E R 4 N
Windows 10, SC8GREBZEARic & FY 4 FrbERBITM 48 b5,
Bl 24 8 (Average Precision, AP) | W B 3 2k (Hamming
Loss, HL) . HE R 1 2& (Ranking Loss, RL) 1 1-%45 1% % (One
Error, OF)RZEG VRN Zhric 2 > BiktERE , H i s o~ .
APT HL | \RL| FIOE | . T AR 8 e By,
L ARSI B AR AR . B ZARIC AT IERS h (- ), TN PR
F o VR R B rank,, Z R ICBHEED = (5, Y [1<i<n)}.
FR AT TEAR AP HL .RL AT OEJE A AL LANF
1) Average Precision: TPAKTERF @ bRic y e Y, HES 19 IE#

BRI 405
AP, (f)=
1 1 |lrank (z, y")<rank (x,,5),y' €V }|
12\72 rank (5 7) (13

2) Hamming Loss : F F B i BEARTE SAANFRIC ) B S AR D
TSI FR T A8 A R T FLAR L
1 1
HL,,(h):;Zm’h(xi):& Y| (14)

3) One Error: PEAR X G de i HEML AR IC I R IE S AR IE A TR
B
1 n
OE/)(f):;2|:ar§gaxf(xz’y)¢ Y,} (15)

4) Ranking Loss : 12k 5 SRR A B A AR 10 09 1 711
TARKARIC R B L

1 1
RL,(J)=

>

_gizl‘YiHT/J

f(xwyl)sf(x;v72)’(9’1v72)€YiXYi}! (16)

3.3 HEEESHEXSHIEE
R B UE BB A R AR BERR A M AR LK MFSER B3k
HaAr g A0 R IE B T, 2 2
MDDMspe . MDDMproj . PMU & MFSLS. % 2 #3514 251
Original 2278 76 JFUAG FRAE 23 (8] T G i FEAS i) 22 L2 FRid 43
HE %8 ML-ANN 1Y 53 21k 8 s MDDM J2: 3 T 5 KA ek i 2
ic 4 2 fi B %, M MDDM X n] % 43 MDDMspe Fil
MDDMproj , PMU J&if i3 70 H 15 Bl R AL B - AE S ric 4k
AIAHICE  $E BT 208 BAR B R0 e %
Hrf MDDMspe Al MDDMproj 5792 5 Je it 47 8 4G Bis 13 — 1k
P AT R AE B 45 , MFSLS H1 PMU J2& 1 %k 55 55 B0 B 3547 4k
PR UEF I, O T SIS A SRR A B, LA MFSLS A PMU 25 5L

’{(yl, ¥2)
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A7 Ry B XA SC SR B A S P T B i . P SCik[ 18]
AL, YR 2 R e B A I RRE A AN B s R Ay
R3S RHAEREE L B M 10.6,0.3,0. 1, B KA 4L
k_1I R 40 3 AR S B ) 4 2545 R B ML-ANN, ORG24
BRI, UTAB R IR 10, F I S5 B,

3.4 RIWHER

FOFNFR ST ASCE L M HAD 4 MR LAE T2 480
A 1 SEER A5 0L R S5 MK AR 5 TR, 4R 07 k7
ST B4 1 (0% V-S4 HE 7 25 RN A B i — A7 s B A T 4
SECT R 6 PR BITE PN AR BR T HET S

F2 EEHEETNMHEE LNENBENKER
Tab. 2 AP( 1) results of each algorithm on 7 datasets

Bk Original MDDMspc MDDMproj PMU MFSLS MFSEF
Health 0.6812 0.6794,, 0.6516, 0.6709 5, 0.7237,, 0.7280,,,
Recreation 0.4547,, 0.4497 s, 0.4628,, 0.444 1, 0.5102,, 0.5225,
Artificial 0.5094,,, 0.4974,, 0.48438, 0.4909,,, 0.5363,, 0.5364,,
Reference 0.6194;, 0. 6014, 0.5992, 0.6145, 0.6304,, 0.6347,,
Entertainment 0.6023, 0.5513, 0.55885, 0.5671,,, 0.6032,, 0.6040,,,
Business 0.8798, 0.8707, 0.873 1, 0. 8628, 0.8762,, 0.8765,,
Computer 0.6335, 0.6319,, 0. 6250, 0.6252, 0.6405,, 0.6424
YA 0.6258 0.6117 0.6079 0.6108 0.6458 0.6492

F3 BHEETNBEELNEARKINIRER
Tab. 3 HL( | ) results of each algorithm on 7 datasets

PGS Original MDDMspe MDDMproj PMU MFSLS MFSEF
Health 0.04585, 0.0438,, 0.0462, 0.0435,, 0.0410,, 0.0386,,,
Recreation 0.0618,,, 0. 06335, 0.0619,, 0.0637 0.0598,, 0.0588,,,
Artificial 0.0612,, 0.061 6, 0.0609 5, 0.0615, 0.0587,, 0.0594,,
Reference 0.0314,, 0.0324, 0.031 1, 0.0307,, 0.0315, 0.0288,,,
Entertainment 0.0612,, 0.0624, 0. 06205, 0.0607,, 0.0594,, 0.0591,,
Business 0.0269,, 0.0280, 5, 0.0280, s 0.0285, 0.0274,, 0.0272,,
Computer 0.0412, 0.0408, 5, 0.0408, 0.0405,,, 0.0401,, 0.0400,,,
¥IlE 0.0471 0.0475 0.0473 0.0470 0.0454 0.044 6

x4 BEHEETNBEEENHEFREANKER
Tab. 4 RL( | ) results of each algorithm on 7 datasets

PGS Original MDDMspe MDDMproj PMU MFSLS MFSEF
Health 0.0605,, 0.0652, 0.0699, 0.0635,, 0.0563,, 0.0565,,,
Recreation 0. 1914, 0.1892,, 0. 1924, 0.1895,, 0. 1770, 0.1730,,,
Artificial 0. 1520, 0. 1539, 0. 1576, 0. 1530, 0.1468,,, 0.1457,
Reference 0.0919,, 0.0925, 0.093 3, 0.0870,, 0. 088 35, 0.0855,
Entertainment 0.1154,, 0.126 4, 0. 1258, 0.1226,, 0. 1150, 0.1131,,
Business 0.0374,, 0.0433,, 0.0416,, 0. 0459, 0.0402,, 0.0407,,
Computer 0.0922,, 0.0919,, 0.0945 5, 0.0952, 0.0896,, 0.0894,
HifE 0.1058 0.1089 0.1107 0.1081 0.1019 0.1006

RS BHEETNEHEE LN IESREMKER
Tab. 5 OE( | ) results of each algorithm on 7 datasets

HEsE Original MDDMspe MDDMproj PMU MFSLS MFSEF
Health 0.4207,, 0.4053,, 0.4463, 0.4313, 0.34717,, 0.3400,,,
Recreation 0.7063, 0.7143, 0. 6883, 0.7190, 0.6163,,, 0.6083,,
Artificial 0.6327, 0. 6470, 0. 6670, 0. 6570, 0.5840,,, 0.5837,,
Reference 0.4730,5, 0.4973, 0.496 05, 0.4910,, 0.4617,,, 0.4540,,,
Entertainment 0.5297,, 0. 6020, 0.5997 s, 0.5847,, 0.5257,, 0.5330,
Business 0.1213, 0. 12835, 0.1263,, 0. 1360, 0.1227, 5, 0.1227, 5,
Computer 0.4363; 0.4453,, 0.4537, 0.4497 ., 0.4323, 0.4307,,
BT 0.4743 0.4914 0.4968 0.4955 0.4415 0.4389
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A HEAA S = X L 4B SRE RN UG AR %5 (8], MFSEF 76 5
AR SE AP (ELIRR, B4tk BE R B R .

@ 7F HLA5 1, MFSEF 7F Business 1 Artificial {3842
HLARHEAA 57—, oF b 4 Fh B30 2 1 LR R AiE 25 ] , MFSEF 76
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Fig. 4 Changes in performance of various evaluation indicators on

Artificial dataset

3.5 FitRigteLs
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Fig. 5 Performance comparison of algorithms.
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