JKSCI

Journal of The Korea Society of

SR BE Y S5 =23
Computer and Information
Vol. 29 No. 11, pp. 21-30, November 2024

https://doi.org/10.9708/jksci.2024.29.11.021

Multi-label Feature Selection Using Redundancy and Relevancy

based on Regression Optimization

Hyunki Lim*

*Assistant Professor, Div. of Al Computer Science and Engineering, Kyonggi University, Suwon, Korea

[Abstract]

High-dimensional data causes difficulties in machine learning due to high time consumption and large
memory requirements. In particular, in a multi-label environment, higher complexity is required as much as
the number of labels. This paper proposes a feature selection method to improve classification performance
in multi-label settings. The method considers three types of relationships: between features, between features
and labels, and between labels themselves. To achieve this, a regression-based objective function is designed.
This objective function calculates the linear relationships between features and labels and uses mutual
information to compute relationships between features and between labels. By minimizing this objective
function, the optimal weights for feature selection are found. To optimize the objective function, a gradient
descent method is applied to develop a fast-converging algorithm. The experimental results on six multi-label
datasets show that the proposed method outperforms existing multi-label feature selection techniques. The
classification performance of the proposed method, averaged over six datasets, showed a Hamming loss of
0.1285, a ranking loss of 0.1811, and a multi-label accuracy of 0.6416. Compared to the AMI(Approximating
Mutual Information) algorithm, the performance was better by 0.0148, 0.0435, and 0.0852, respectively.

» Key words: Feature Selection, Multi-label Classification, Regression Model Optimization,
Mutual Information, Machine Learning
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I. Introduction
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ZIASES, THRIQIA] Zopolld LARA GIoJElE ThROl x4 s)x0] AE AW )8k upHo] s 2Bs17] s,
OF & A97F At [1]. o] 1AM Hlo[He S=EAY 3 g)7) 716t B4 shaol s AW 7N 22X ska2 wet
ool FotEs FEE 2TE 4 A2 U ol SS Bt A2 BA Fas yokslon) o] BA salL The
da2Ee] Alto] eeff Zeji B2 HRE 870 suiMr EX] Muo] Zest 29 AW viojer A 9ln
dizoll sl 2ofolld A2fshr] ot [2]. EFF VAMY = g9t
HolEe s ¢l s A7l 382 o F-8x0] atye]= ek K|okel BA shao] x|AEIS
Al otk o YopPh ZofAl TojEl7E B Blole oja) Al sutoz d 2840 LuaEe )
(Label)Ql 3¢ tFolof & ZAf== 4 AR ot ulsiaint. o] dnejze was 2ds 2 9o, 7|1&
[3]. 5 2lol5 &30l 1AM TojEY) EAIS =531 wpswc) A BAle 2 Zo|- g 28-S wEoit)
7] el B2 AE0lA B A8 Ve =S Z Ho|2 sHojAe] Ak 3kl oAl 7o) thE 7
o Elols 58 A8 71Ee 4 B Ao Tet B o) glojgo] gjst Al3le E5) Aotk upHo] 71E0] o}
Q3 EAe At ol B4 APoIM 22T 5§ x gfoj2 EA M9 J|HED} 925 LS Waloo gt
S Aste Fae]Bolct. 54 AEo Axte, =" ojspoiny,
S AL 7SS S FIAAE 4 L, ks o]} ZHe V|02 EFf, B 91 O} FojE BE &
sh= AN £old, HlolEY] sidES S7IIZ 2 A Ao EA MEL 95t 2e AT urAle FAlsh,
o ERh AR AR Y SO Y9 84S 29 2 ot 98 Ropolldo] 88 Jhsde AMAlsh
At 14l B =Ro] g2 ohgat 2k 240AE o o2

S8 A8 e Fela Flols R RoA= AR ma2 o =x) gy s dis) Awsith 3RboAE Aot
off wek Al 7bA] AR U 4 Qlnk Bllols BRI RE o w2 dis) AfAls] AEste, 89 7ut 28 g5
ZofRl F9 Al s, ols ARV A FORAl & oF s FE 7N = sh4o] Wt tfs) 7]&Eich 4
< 3% HAlE g, Blols AEZE @7 2ol A9 & AolAe oA 7ie) o ZlolE tlolE] Al E(Dataset)&
Az shgoz Uett [5]. Al shg2 2ols FES A ARG A3 ZE AAlske, AiRkd 7199 Hsg 71E
&l 22 & 52 =Y 4 v F0% SAS VIS vluste] AR oiRez oM = =
AEE FAE a2, A2 29 Zolg HolEet @ Y 2EZ 295k, I A Y AT
& 49 golgo] gl HlolEE ol&ste] S-S AEgt
th HAl e 52 Flols AR Qo] Al 22 BEE
ol-gsto} o7l HojEle] FEE RAIE 4 e B2 II. Related Works
Mg 2 =2ide OF 2ols F de
B 2 Qe Ale sgE 38oe it

o o o
Information) & o]g3to] oj3f ol 2Eut SAE Aloje]  UE

s 2loleS HE71 sl Soles T 2olez W
=2

WA OF eolge afE B85 WAlo
9ick [6]. B elol22 WakshA HA 7|E T
2

L =
T A 0 15
[¢) e NIE’}\_

AL ANSIel Fe SRS MEstual gict sl FolES d £ AE U 1He ade 28
O O ol S AE AR A ko wxest Aol k. shAlR e wold AR EAlo] Wy
Q75T B8 F8(Sub-optimal)o] WA7] At 6], 4 9ths TEol Sk 2ol Sigi(Label Powerset,
B =Roxe 3l WAlo] B4 Fhaot Uit s gu LP) BA2 BE EHoles Jhed BE B9= st
7jute] 21 $t4rs wdlste] 2 24 F4S Aet T FloleR Mgtk FAolH [7]. o] TAE BestAl
th o] B4 gpt TheshAtt B4 AES 9t 2a 9 T o)g it LR o AT 257)9] 2 2fo]eE
AlS whgsiltt. ®3t FAleHd HAlS ol gsto] w2 ASHA Ho] Edtgo] dsliAle T©io] At LP A
A 538 4 9 SUAES AASACE Ad Auk Al o)A A% UeidA] gkt elol2 e Astel 279 ¢
olst= ¥ido] 7|1& O go)8 EA MY 7|HEH £ $HA|7]+= PPT(Prunded Problem Transformation)o] A|

Q=1 [8]. SHAI o] WA 2olg FH &S 2
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AIA71A =t

glol2S ¥gtelA] % §4 M¥sts w2 37 2
E{(Filter) ©%, 2fm(Wrapper) 95, Ul
oz ud & ot} gy yAlog %
ds< ARA o= o]gsto gt

© o s
B3ttt FAekE sl §A%(Boosting), %’8 ESICIES
(Genetic Algorithm) [9] 5©] A&}, 0] HOP Ao Hua
719] 5= Altslior stk ol ok g B
i
Ui

A ER717F iAo R EAS d¥cks e
et} JAA7d E-](Decision Tree) ®A]o] &

A wpolo SUHQ B WL

= [eJ= hun odsa ]
8olo] 542 Ael WAlolck olt) 42 B2 ol
gt FAS ol&gt @b Aol ol AQkEich

PMU(Pairwise Multi-label Utility) ®}4l2 2o]& #Hgt
glo] 2ol 7 AT HE FBE ol &ste] At
e} WAolct (1], BiAIgt o] WAle Ao} &K e

A =t QPFS(Quadratic Programming Feature
Selection) WAl E4I 2olE 710 45 HEES A

x|X3} HEjz wgsto] x| FAs) EAS sfAst A
ST [3]. PRI B2 = g8 Atk 8+ €t
g 24 gAY e gEsel AlE I

LFFS(MLFS Method based on Label Correlations
3IA] 2] H(Ridge
Regression)& ©]&sto] s§d3 AASHLL /, ,-norm ®F
Ng Bgstol OF dolg = A 71ue Aot
[12]. RFSR(Robust Flexible Sparse Regularization
Norm) ¥A12 [, -norm WA} /, ; -norm 4] Ao]oj
A geAsP] S92 AEE 4 ol Jlue Atssct
[13]. LCIFS(Learning Correlation Information for
Multi-label Feature Selection) ¥Al-2 iﬂilEE* Jd=
(Spectral Graph)E ©]-&35to] 2o]57F AH
0 SAlo] FEEE 542 1Y 4 ok
T [14]. Y. Li &= 28} 0|39 2flo]&1t
s] g FRS ARG,
o #9552 Befdl b Aol 57
Aotstg Tt [15]. RWFS(Relevance based on Weight
Feature Selection) B2l EX]u} gjo]E Ajo]9] Als
ARE 15A P2 Bdlslel B 4T Aol
o] 7|¥teg st thE gloj= £7 AE 7H2 Actst
@t [16]. J. Dal 9= HA] A& AHY(Fuzzy Mutual
Information)& o]&sto] FQ5HA Awd o=l 7t

=17y Kok
[o i

and Feature Redundancy)

re ok
r o> ox l
a

= Mo ox mo mo
o Mo

)

05
1>

ly,-norm

g
N
zE

A% E Aiksle o
] ual Information) 7
S0l 48 4 g oaw_a% Asielct (171,
- FERETEER

oict [18]. ol2 $ish =
A At ol P A}ou TRHE WES e 4
Q2 22X st~2 MHAISIY T CLE-MLFS(Multi-label
Feature Selection based on Correlation Label
Enhancement) Y412 gfo]E 7F ®AJ0] xjo]& 113
sto] £ A2 stes A [19]. o] & #lsl Hlo]
E] "““(Sample) Atolo] AWdg 1eisto] goj=0f o]
ARE Solsloli, 84 AY a7l wslo] Agsioict
MFS]MI(Multl—label Feature Selection Considering
Join Mutual Information and Interaction Weight) ¥}
Ao dlolg 710 AL shtel elolg A 1este
stol shio] Exlo] ole] dojg AT 4 9k 4
A=Z A=A [20]. Y. Yong <

SAIE &AL o 2o %%%
A

=
ER-EE R LS

£ 2ol 2t JRet 2lolg 1Rl §YE BE 2
g Mz Wi A 21]. 2ol Jrlel o

A 33 AT ol 1o S st ol
(Noise)of oJ3te] §Fe Fol7] 915 B4 P82 418

[e}
Sk AShehe WAL Upgd ol

III. Proposed Method

1. Objective Function

nie] mEat g7je] EAo= o]Rojxl Go|g
XeR" "¢} ¢719] o8z o]2ojAl T} o2 AF
Y= {yl,...,yc}g {0,1)er"* ‘2t 34k oldf v;;7t
(WA ZiRto] jHAy 2fo]=of &5h= A U]

min||XWf Y] |2, (1)
W

subjectto W= 0
o]7]A WeR?*‘= 715k sido|n 8]S4 A
7FRIcE, EXJo] MERS. ok zloa EXJo] MEHE]X
S99 002 w3l sl 7R | H]S4 A
< 7?;‘-%7*0] A2 G Al xoz
Atk w;y S WolA i9ix] sjolat & uf, 3]

£ 9 Wow o] 3o} 277} 2 glo] Bxo=

=

ol
-

o

ol
i

Lo E
= =

L.

+

ji

o)
Tor

Qo
Mo Y o &S mjo

(o)



24 Journal of The Korea Society of Computer and Information

HElT) o] 54 ke HolEE Wof ofs) AFgst Xw
o t15 o2 YAfole] Alolg Astet SAE B

AP AN =8 5 AAS Yol =y
(Frobenius)-norm< AF&3519ic) o] 24 sl o)
Ojsll &=(Convex) &7} Elo] ggx0= 2|3}t A
EE 40 o 24 9o S 192 54 3

el 2 o) 201t 2 49 7h 5ol A

J[rn

[m]
0
e
o
>
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JESTe
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= =(Relevancy)et 787} 5% }OH @
w2 9uisk= %E(Redundancy)% st
[12,17,21-23]. ¥oJ9] & &E¥L 28t y Afo]9] =
HEE= o33t o] Aot

=Y. Y Pla,b)log (

d

«C AbEB Pla)P(b)

07|14 P(a,b)= A%t BY A% &8 +2 P45 Y

ERY, Pla)= A9 79 B stag UeRHCH HA)]
EA HE z;, jHUA 2olE HEE v, j

HEE Olo% et FE== 7
MI(z;,z;)2 BFE. o5 2olg & =

02 go]5a} 2ol Z Ato]e] AWIE Mi(y,,y;) = 1

o
El
g

gty [24]. o] AWES Altstol Al e ¥F
QER’*Y, RER‘, SER’*‘2 BIY 4 93, &
Ho| 7} dE2 that o] UeRd 4 gl
q;; = MI(x;,z;),
iy =1—MI(y;y;), (3)

s;; = 1= MI(x;,y;).

R e B % g E]O]‘:‘ AFo]9] :l‘,_]-A s

o5 gy ouct 2 32 /1A Do oF F3E
54 Aol B4 S Sl

itk RS 2ol Aolo] dad oz PElo] 9l g4
ghe: |2ste]olo} 2ol 7t Aol &

-0 X
=xjo] AE 2 9k, SE EA)a o] Apole]

b

g W2 A asfEoof ol
o AEdo] &2 4o gl & At o] U= 9

J=min||XW—Y|i+a Tr(WQW)+ (4
w

BTr(RWIW)+yTr(STwW),
subjectto W > 0.

A7 @, B, yv A4 55, dolEXt AT,
2o gt J1EAIS QJuisin BE ofrolth 7,2 AL
7} e§o] thztl(Trace)S Qustch. Tr (W QW)olA

W (9 S0 O g EAE 1 5
N

i} 2lo]S Ato]o] AW P
I

dl

o

o &, STw 'k WA S0 BE ol 71 B
o 32 Uttt Fig 1 Agtet Walo] Tefshe @
45T} 0|2 ujgo R Mot HE B4 P4E HolE
o, Alekshs WrHe 54 A8 93t ) b 248 1
ol o] sit) B4 A4z At

’ S 2ol |
N
E3 ot o[ & Ato] o 44
BA
BHEH IXW-vII | [IXW-Y][+aMI(x,x) |
“ 83 | sz \‘ +BMI(y.y) +yMI(x,y)
Bt £3 o]
55 M5 Wit ZEE X (W) Stz dA @
Aol aol J=]|XW-Y||+aTr(WTQW)
= +BTr(RWTW) +yTr(STW)
Z[ol =2t #[0lE Afo|
4% "E Miyy)
{ =2 | Ao |
B3t 20/ AtO]
4% HE Mi(xy)
Fig. 1. Factors considered for the proposed feature

selection approach and the proposed objective function

2. Optimization

RloF 2718 TR 24 ghao] 2K 2H1S 27] 9
sto] 21 E S4%H(Lagrange Multlpher Method)-&
ARERITE olof w2} wojl gt vl S5 AloF 2745 AA

sto] Aok x70] = cfeul e 2A stz F|X5)
A7 g
L(W,¢) = min || XW— Y%+ (5)
aTr(WEQW)+ BTr(RWTW)+
yTr(STW)—¢0O W.
o7]  gcR?* ‘L 2la3E &4y (Lagrange

Multiplier)o]t] z|xg} ¥40] 7i0HF H 5}t
oftjot2 F{Hadamard Product)o& F7|7} 742 33
oM ot ATl Bole AlolT). IRF 54
= oJnfj o] At FA|9] KKT(Karush-Kuhn-Tucker
Conditions) 2712 th2at 7t}

rlr
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) vJw ) ¢ =0 (Stationarity)

2) O W =0 (Complementary Slackness)
3) ¢ = 0 (Dual Feasibility)

4) W

> 0 (Primal Feasibility)

*

o714 W' Zojal H|dst BAolNe] FKo] e

olujgitt. o] A e oA 25 T49 FHIE O
1t o] 712718 AL & Q.
s—fV: 2XTXW—2XTY+22QW+  (6)

+28WR+ 75— ¢.

o 71&717F 0 Al wol tfgh Au|AH FA]
(Sylvester Equation) @Bz dulshrt Exjstez KKT
2g UEstE WY g7t EAE 4 ASS L
a1, o] 7]1&71E olgste] wol tish x|Ast darelE
A7 AAL & QT o] 7|78 o] &sto] thgat 2ol
W7t | Aastel= AR 412]5-2 o2 Algorithm
13} Zro] AAIE & Qlt}. o] Yne]E-2 stojmufziu]E]
(Hyperparameter) o, B, y& 47%g & #0]%l Ho|f

o tish §4 19 A= JE 9 o] F 7te] s FEE
olgsfto] Q. R, SE 7AIRITL o]F T15A| B We
YHEAlo s AUo|Esk: WAoo 549 FaLs Akt
gt A0 % 7F EAol oS W 7|jtos Y
5o}, 3a%h S5 gtk

AlRtets Yre]Ee] SAtes 24 &4 U9 4 4

B PSS UHUE Q. R, S Akt FArsHH Akt
O o]RojAItt. Q& 54 Alolo] 4% HH=E 0(d°),
R o] Atolo] s Fu2 0(*), Se 541 o]
S Aol9] e B E O(de)WE2 Albto] @45 of
714 O(« )&= ¥l B7TH(B ojojgtct.
AABEYEIAM HAE AXshe dlofle 0(d%c) 22 Al
{fo]l QA& S35h] 3t Bhe Slas L0t a7

wlo} HEAQ BT O(d% +c?)oltt

o M

ol

O
oo

r

ig-O Notation)&

Algorithm 1. Proposed method

1 oz XeR " a,B,y

2 27|18k t=0,W = 0,maxiter

3 while { < maxiter do

4 Ve 2XTXW+20QW+28WR+ 7S
\%4

5 We WO —— 7
2xTy

IV. Experiments

o] oML AlGtaLE el FaA BR

HEg vlasp] gjsl AE ATE Btk o 2ol &
-7 o]% (Multi-label %-nearest Neighbors, MLZ%
NN) B&7][25]9} A3 SVM(Linear Support Vector
Machine, LinSVM) £&7][13,16,20]5 ©o]&sto] S22
7 = vttt MLENNOIA 232 5= Ad7dst
Tt MLENNZ 2 Aol % dlols 574 A9
de= vlust] sl ARSE| I} [3-4,12-21]. &7 Hlo]
Ele} HAE HojElE FA9 R 82 e A 45 ®
Aoz 1094 ZitE o BddtZ 71Ustah

offl 719 dolHE Aol ol&stitt [26-30].
emotions HoJE] A|Ex 5937]9] a2 e 2o ¢
o8z, 7279 9o £ msin, 7t 2L 7o) A
2 44 2olez #FH4. enron HoJE AEE oH
SJAY] oA HloJEIE 7]¥teg §F HIAE HoJE AE
o|t}. genbase HJo|H N|E& A 7|5 /5 et
/\HDO]' E™iSES 71— OJAE AL Ed' kS|
T 0] 755 UERAT:. medical o]
9:1'/\1— x}o Eﬂ/\E E.LHE :rLHQq

A= 2o 457119] Al 3 &

s el

_FE fijo

15% 97874
lon, Z+ ¥y
E(Code)= &|o]=(

1o
o

i

Labeling)

&lo] 9t} scene HloJE] AJEL 2407719] £7 o]n|x|2
2ot 294709] Al E4J3t 6719] A olE=
ZA0] g Qo yeast GO AE& 24177119 5%
AR Tlolelg myet A2 Tlojel MER, 7} aR
AR Fd 14719] glo] & (ol o], AL 5)= 74
o] &3 Qlc}. Zt folefo] Tt AR At Table 1]
elateict.
Table 1. Information about datasets
Data # Sample # Feature # Label
emotions 593 72 6
enron 1702 1001 53
genbase 662 1185 27
medical 978 1494 45
scene 2407 294 6
yeast 2417 103 14

7t apHo 2 s 2 A(Hamming loss, hloss), 23
2A(Ranking loss, rloss), ©F  gols Aw
(Multi-label accuracy, mlacc)E AHEstTH [4]. sHY
220} 27) RAL USRS B0 BE 4SS Uiy,
& o Lo
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Mg £79) Jjat dolee] BEl A N 71E
S5to] ulaslITH3LL. AQtsts Wal vlag
571K 71& ¥, AMI[32], MDMR[33], FIMF[4],
QPFS[3]S ARSIt AMIE E7ut 2|2 xjolo] 17}
N5 JBS Tefstel SAS AEHt MDMRS S7ut

103

o), =4t 54 Alolo] 45 AR E Beslol e
=5 Wit @42 UAlstel EAlS AEsich FIMFE at
2 Ex MHe 95 12iE o]2o] /jAe A|tel Ab
5w ) Wk Ahe B4 Aud vl gl
Aokl wpHo] st UEA o, B, y= 1073,
1072, .., 1071 52 8] Adstol 71 22 Aute

st 71Yski:

Table 2. MLEZNN performance results on emotions
dataset (24 selected features)

Table 6. MLEANN performance

dataset (49 selected features)

results on scene

hloss rloss mlacc

AMI 0.1723 0.3213 0.4463

MDMR 0.1569 0.3156 0.4902

FIMF 0.1266 0.2210 0.5546

QPFS 0.1558 0.3150 0.4924

Proposed 0.1256 0.2066 0.5812
(@.8,7) (10%,107,10%) | (10%,107,10%) | (10%107,107)

Table 7. MLENN performance

dataset (49 selected features)

results on vyeast

hloss rloss mlacc

AMI 0.2456 0.2674 0.4682

MDMR 0.2380 0.2657 0.4849

FIMF 0.2470 0.2715 0.4730

QPFS 0.2470 0.2734 0.4631

Proposed 0.2237 0.2471 05133
(a.B.7) (107,107,103 (10-31,10) (102,107,103)

Table 3. MLENN performance
dataset (41 selected features)

results on enron

hloss rloss mlacc

AMI 0.2399 0.2842 0.4296

MDMR 0.2398 0.2876 0.4287

FIMF 0.2392 0.2850 0.4296

QPFS 0.2404 0.2838 0.4281

Proposed 0.2383 0.2876 0.4344
(a.B,7) (103,102,103) (1072,1,10) (103,102,109
Table 2-7+= 6712] Hlo]&{o] sl 2f7te] MLENN #
5 452 Hojae) 2} eol2oA A WAl e S A
WS, WAINE Y A e oY 24 W 2
A 0% Eﬂol“ Age 452 UEHT 7IE FolA
7¥&} g% ‘ds= Hole 7Y Ao 2=AZ BI|5I

=
POl 749 S AT Uerd o

hloss rloss mlacc

AMI 0.0620 0.3113 0.2631

MDMR 0.0570 0.2812 0.2992

FIMF 0.0531 0.2831 0.3445

QPFS 0.0610 0.2985 0.2793

Proposed 0.0506 0.2591 0.3931
(@.8.,7) (10%1,1) (10%,10°,10) | (10°,102,10)

Table 4. MLENN performance results on genbase
dataset (26 selected features)

hloss rloss mlacc

AMI 0.0040 0.0445 0.9568

MDMR 0.0040 0.0445 0.9564

FIMF 0.0043 0.0445 0.9527

QPFS 0.0039 0.0445 0.9577

Proposed 0.0019 0.0386 0.9791
(@.B8.7) (102,10,107") | (10%4107,10%) | (10°3,1,107)

Table 5. MLENN performance results on medical
dataset (31 selected features)

4% 21 yeast Holel2 Aestn, RE doleolA
ARetE o] 71 2 5g BHT 53] enron,
Fe Aol 712 wiol sl

medical HJoJE|o]A] A|Qts

= Alolg UK
Asl0] AL0] zjo]7} Bro] UFERJR| OF9HT, yeast
ZA0A] QPFSQ] A=o] 71AF 9kt

o 3]

glolEf o X = =47

20 Mro
ST 0o=x

HAC} genbase= EA W

Table 8. LinSVM performance results on emotions
dataset (24 selected features)

hloss rloss mlacc

AMI 0.2290 0.1954 0.4622

MDMR 0.2270 0.1946 0.4736

FIMF 0.2239 0.1949 0.4713

QPFS 0.2304 0.1940 0.4551

Proposed 0.2168 0.1780 0.4887
(@.8,7) (10°,10,10% | (10,10%10%) | (10°10,10%)

Table 9. LinSVM performance

dataset (41 selected features)

results on enron

hloss rloss mlacc hloss rloss mlacc

AMI 0.0077 0.1189 0.7746 AMI 0.0571 0.1551 0.2270

MDMR 0.0076 0.1127 0.7772 MDMR 0.0535 0.1348 0.2844

FIMF 0.0074 0.1111 0.7816 FIMF 0.0511 0.1377 0.3411

QPFS 0.0085 0.1251 0.7467 QPFS 0.0562 0.1465 0.2378

Proposed 0.0023 0.0478 0.9486 Proposed 0.0481 0.1351 0.3896
(@,B.,7) (102,1,1) (10%,107,1) (10-21,1) (@.8.,7) (10%107°,10) | (10%107%10) | (10%107,10)
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Table 10. LinSVM performance results on genbase
dataset (26 selected features)

hloss rloss mlacc
AMI 0.0031 0.0070 0.9650
MDMR 0.0031 0.0067 0.9650
FIMF 0.0033 0.0063 0.9624
QPFS 0.0030 0.0072 0.9662
Proposed 0.0010 0.0027 0.9889
(@,B.7) (102,10%,1) | (1031,707) | (103,107%1)
Table 11. LinSVM performance results on medical
dataset (31 selected features)
hloss rloss mlacc
AMI 0.0054 0.0393 0.8103
MDMR 0.0053 0.0370 0.8156
FIMF 0.0050 0.0365 0.8304
QPFS 0.0063 0.0466 0.7912
Proposed 0.0001 0.0079 0.9737
(@,B.7) (10,10,1) (107,10,1) (102,1,1)
Table 12. LinSVM performance results on scene
dataset (49 selected features)
hloss rloss mlacc
AMI 0.1469 0.1891 0.2842
MDMR 0.1339 0.1524 0.3726
FIMF 0.1198 0.1277 0.5031
QPFS 0.1328 0.1520 0.3773
Proposed 0.1168 0.1112 0.5453
(@,B.7) (10%107,10%9 | (107,10,10%) | (10%10%,10%)
Table 13. LinSVM performance results on yeast

dataset (49 selected features)

ol 71E 9y

UF yeast HoJEoA= & 4

943 452 Bk

| Blsh golulat 4% Afolg ueirt. s
35 B7loIM AMPE b

Table 14. Comparison Hamming loss results based
on parameters change in the emotions dataset («
is fixed to 0.1)

s 71 001 0.1 1 10 100
001 | 02459 | 0.2395 | 02333 | 02449 | 02366
0.1 02381 | 02367 | 02395 | 0.2424 | 02374
1 02383 | 02381 | 02352 | 02322 | 02319
10 02408 | 02377 | 02342 | 02388 | 0.2356
100 | 02288 | 02362 | 02319 | 02381 | 02357

Table 15. Comparison Hamming loss results based
on parameters change in the emotions dataset (g
is fixed to 0.1)

) 71 o0 0.1 1 10 100
001 | 02415 | 02308 | 02347 | 0.2356 | 02419
0.1 02381 | 0.2367 | 02395 | 0.2424 | 02374

1 0.2404 | 0.2350 | 02314 | 02275 | 0.2346
10 02322 | 0.2332 | 02328 | 02411 | 02352
100 | 02333 | 0.2374 | 02374 | 02342 | 02394

Table 16. Comparison Hamming loss results based
on parameters change in the emotions dataset (r
is fixed to 0.1)

hloss rloss mlacc

AMI 0.2094 0.2209 0.4446

MDMR 0.2100 0.2231 0.4440

FIMF 0.2104 0.2248 0.4444

QPFS 0.2104 0.2228 0.4381

Proposed 0.2126 0.2328 0.4274
(@.8.,7) (102,1,10%) | (107,10%10% | (10%10%107)

a A 0.01 0.1 1 10 100
0.01 0.2388 | 0.2308 | 0.2331 | 0.2417 | 0.2411
0.1 0.2395 | 0.2367 | 0.2381 | 0.2377 | 0.2362

1 0.2414 | 0.2350 | 0.2352 | 0.2316 | 0.2398
10 0.2288 | 0.2332 | 0.2346 | 0.2424 | 0.2403
100 0.2410 | 0.2374 | 0.2305 | 0.2431 0.2376
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Table 17. Comparison ranking loss results based
on parameters change in the scene dataset (a¢ is
fixed to 0.1)

s 71 oo 0.1 1 10 100
001 | 02254 | 02189 | 02128 | 0.2195 | 02243
0.1 02162 | 02275 | 02260 | 02174 | 02197

1 02178 | 02223 | 02280 | 02178 | 02222
10 02207 | 0.2216 | 02166 | 0.2264 | 02157
100 | 02162 | 02178 | 02191 | 02151 | 02234
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Table 18. Comparison ranking loss results based
on parameters change in the scene dataset (8 is
fixed to 0.1)

) 71 00 0.1 1 10 100
0.01 | 02182 | 02243 | 02149 | 02235 | 02195
0.1 02162 | 02275 | 02260 | 02174 | 02197

1 0.2226 | 02230 | 02164 | 02176 | 0.2203
10 02193 | 02148 | 02218 | 02195 | 02220
100 | 0.2158 | 02220 | 02173 | 0.2240 | 02157

Table 19. Comparison ranking loss results based
on parameters change in the scene dataset (y is
fixed to 0.1)

. A1 oo 0.1 1 10 100
001 | 02210 | 02243 | 02176 | 02298 | 02216
0.1 02189 | 02275 | 02223 | 02216 | 02178

1 02236 | 02230 | 02106 | 02162 | 02215
10 0.2132 | 02148 | 02199 | 0.2237 | 02193
100 | 0.2208 | 02220 | 02267 | 02208 | 0.2237
Table 14+= emotions Glo]&{o]] Thal| A|Qtoh= WHiel
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Fig. 2. Convergence rate of the proposed
method in the genbase dataset
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