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Feature selection algorithm of multi-labeled data
based on weighted information granulation

HU Jun"?, WANG Haifeng'”

(1. College of Computer Science and Technology, Chongqing University of Posts and Telecommunications, Chongqing 400065, China;
2. Chongqing Key Laboratory of Computational Intelligence, Chongqing University of Posts and Telecommunications, Chongqing
400065, China)

Abstract: Feature selection can remove irrelevant and redundant features. It is an efficient tool to solve the disaster of
multi-labeled data dimensions. Existing multi-labeled feature selection algorithms did not take the correlation of label
space into account, and considered that the relevant labels of each sample have the same importance, and ignored that
the feature space may be the internal factor caused by the difference of label importance, so that the selected features can
not accurately and comprehensively describe the samples and the calculation process is very complex. In this paper, the
correlation between labels is used to divide the label space to simplify the calculation. Then, the label importance meas-
ure and feature weight are defined. And further, a feature selection algorithm of multi-label data based on weighted in-
formation granulation is proposed. The comparison and analysis on real multi-labeled data set of experiment show that
the proposed algorithm is superior to other comparison algorithms in all evaluation indicators, which verifies effective-
ness and feasibility of the algorithm.

Keywords: neighborhood rough set; information granulation; multi-label learning; label significance; label relationship;
feature weight; feature selection; spectral clustering
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Table 1 The datasets used in experiment

3.1

Helinge PR R T
Flags 194 19 7
CALS500 502 68 174
Emotions 593 72 6
Birds 645 260 19
Scene 2317 294 6
Yeast 2417 103 14
32 TNMERR

A SR 4K B (average precision, AP) Py .

HEF 4t 2% (ranking loss, RL) Ly . 3Bt 2% (ham-
ming loss, HL) Ly Fl7E 55 % ( coverage, CV) Cy 1E R
BETERE R bR . DMK RN Z = {(x. V)L, C
RO {+1,— 1Y, AR 48 T0000 pR L (o mT 2 SCHE T PR
rank,(x,0) € {1,2,---,|L[} o

AP: F7R T A bR 1 W0 4R & rp, 7 B HELE
AH AR 1 AT TR A BR 12 B AT & AH O bR 12 1Y °F- 24 4k
2, E LR

I 1 {k|rank (x;, k) < rank ,(x;,1),k € R;}

Pa= m ; W,I x Z - rankf-(xi,;)

N R = (1Y = + RN S REAR x A0 AR LA
Ea.

RL: 278 T A FEAS AN A AR 10 B9 70
A AR IC T I AP 2R, 2 R

(IR
L =~ Z Rl |E,| x|{(r,k) |rankf(xi,l) >

i=1

rank (x;, k), (I,k) € R X R}|
e R = 1Yy = -1 RN SRR x A AR DA
S .
HL: F78 T A BEAS B9 Fitl A 12 5 B 3L bR id 19
2 R AE, E SR

1 m l L
Ly = ZZZIZ;V[(X:')@YJ

X oF R R uUa T, YiRm 5HA A AR IL
R SEE

CV: R T BEAS SE B A & B AR 10 B 7 1 B
RHE PP S 19 M, 2 N

1
CV:ZZ

4 Fds bn b, AP HUIE R 3R 7R B30 15 1 e B
U, HA S AR I U BN FROR FE P R
33 ERHW

SEE R TS O R A X L, B EE
PPT-CHI, PPT-MI, PMU, SCLS #l CFSM™", %A
B Z FRric 4325 4% 4 ML-KNN (multi-label learning
based on k-nearest neighbors classifier) BU Sz 58
SWE A 1, ARk B R 10, X 43 2548 05 2k
10 P58 LI IET: .

SR S X LA AP AR T Y Y R E R AR
LB, T UL S FhX) R R FAR SCR
I8 R R AR AT HE R, R O 52 50 % L Y 28
PE, B i A 58 BRURAAE HE Y RN AN RRAE AR R
fEF-4E, SR 53 B #5 B0k 1 43 25 P R Bl R ik 20 B
P AR TE L . Horp, Sy T IR R G IS H 9] 0 R AE AL
U AR R LA B B L A5 : m < 100,
HURT40%, 100 < m < 500, BLRIT30%, 4554 45 &

max rank ;(x;, /) — 1
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28 Jir 3 HURY) R AIE 45 B9 REAE S 20053 18 « Flag 8 Yeast 30 1>, Scene 88 I~ & 2~5 4 H T A AL
/™, Emotions 28 /}~, CAL 50027 4, Birds 78 1, BIFE 4 FPITH 8 bR T 00 S22

T2 6TEERE AP ERIHEEELL R

Table 2 Comparison of six algorithms in AP

PG TS PPT-CHI PPT-MI PMU SCLS CFSM MFWIG
Flags 0.786 4 0.7932 0.8035 0.7990 0.7849 0.8176
CAL500 0.4418 0.4418 0.4407 0.4409 0.4407 0.4422
Emotions 0.7352 0.7473 0.7067 0.7337 0.7353 0.7475
Birds 0.6908 0.6946 0.706 1 0.7038 0.6839 0.7090
Scene 0.7445 0.7515 0.7541 0.7502 0.6347 0.7583
Yeast 0.6888 0.6956 0.7024 0.696 6 0.693 1 0.7030
FHIE 0.6813 0.6873 0.6856 0.6874 0.6621 0.6963

K3 6TEERAE HL FRITHBELL B

Table 3 Comparison of six algorithms in HL

IS PPT-CHI PPT-MI PMU SCLS CFSM MFWIG
Flags 0.2970 0.2977 0.2756 0.2640 0.2768 0.2593
CAL500 0.1471 0.1471 0.1480 0.1474 0.1477 0.1467
Emotions 0.2005 0.1983 0.2259 0.2057 0.2062 0.1966
Birds 0.0489 0.0476 0.0492 0.048 1 0.0510 0.0472
Scene 0.1132 0.1140 0.1064 0.0983 0.1431 0.1116
Yeast 0.2075 0.2090 0.2104 0.2068 0.2050 0.2080
FEIE 0.1690 0.1690 0.1693 0.1617 0.1716 0.1616

T4 6TMEXRERL FRyERELLE

Table 4 Comparison of six algorithms in RL

Ve PPT-CHI PPT-MI PMU SCLS CFSM MFWIG
Flags 0.2613 0.2559 0.2403 0.2366 0.2550 0.2177
CAL500 0.2237 0.2237 0.2236 0.2236 0.2238 0.2233
Emotions 0.2214 0.2138 0.2525 0.2165 0.2190 0.2080
Birds 0.1251 0.1217 0.1208 0.1267 0.1253 0.1187
Scene 0.1425 0.1405 0.1431 0.1407 0.2217 0.1361
Yeast 0.2368 0.2299 0.2232 0.2253 0.2320 0.2231
SFEME 0.2018 0.1976 0.2006 0.1949 0.2128 0.1878

K5 6TEKRE CV ERIEEELLR

Table 5 Comparison of six algorithms in CV

Bl e PPT-CHI PPT-MI PMU SCLS CFSM MFWIG
Flags 5.1789 5.1594 4.9807 48782 4.9992 4.8342
CAL500 136.3305 136.3305 136.2089 136.3225 136.2944 136.3185
Emotions 3.0792 3.0535 32107 3.0523 3.0676 3.0173
Birds 37731 3.7272 3.7233 3.9166 3.8068 3.6650
Scene 1.8010 1.7906 1.8015 1.7869 2.1937 1.7702
Yeast 8.5388 8.4697 83690 8.3745 8.5432 8.3542

FEE 26.4503 26.4218 26.3824 26.3885 26.4842 26.3266
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Fig. 3 Variation of 4 evaluation indicators of different algorithms with the number of selected features on 3 datasets
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