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Multilabel Relief-Based Feature Selection via Fusing
K-Means Clustering and Label Correlation

FENG Changwu, SUN Lin

(College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China)

Abstract Existing Relief algorithms are deficient in exploiting label correlation and often ignore the valua-
ble information provided by local label correlation. To address this problem, this work proposed a multi-
label Relief feature selection method that fuses K-means clustering with label correlation. First, to fully
consider the relevance of sample labels, the K-means clustering algorithm was used to cluster the samples
and divide them into different clusters, thereby constructing the local label space of the samples. Second,

the Euclidean distance of all samples is defined to measure the global labeling correlation of the samples.
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At the same time, the traditional cosine similarity was improved by using the square root of the I.1 norm
for optimization, and this improved cosine similarity was applied in the local label space to efficiently ob-
tain the local label correlation of the samples. Finally, on the basis of the Relief algorithm, the global la-
bel correlation and local label correlation of the samples were fused., as the basis for measuring the similar-
ity of the samples. Then, the nearest-neighbor similar samples and nearest-neighbor dissimilar samples
were discriminated to finally obtain the feature weights. To verify the effectiveness of the proposed algo-
rithm, comparison tests were conducted on 10 publicly available multilabel datasets, and the experimental
results proved that the proposed algorithm shown significant advantages over other multilabel feature se-
lection algorithms.

Key words multilabel learning; feature selection; K-means clustering; label correlation; Relief algorithm
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Tab. 1 Information of ten multilabel datasets

NO. Datasets Samples Features Labels Lcard Lden Domain
1 Arts 5 000 462 26 1. 636 0.063 Text
2 Computer 5 000 681 33 1. 508 0. 046 Text
3 Enron 1702 1001 53 3.378 4 0. 064 Text
4 Health 5 000 612 32 1. 633 0.052 Text
5 Business 5 000 438 30 1. 588 0. 053 Text
6 Reference 5 000 793 33 1. 169 0.035 Text
7 Science 5 000 743 40 1. 451 0. 036 Text
8 Yeast 2 417 103 14 4. 237 0.303 Biology
9 Medical 978 1499 45 1. 245 0.028 Text
10 Image 2 000 294 B 1. 236 0. 247 Image

F2 11 FEEE AP( 4 )ERT 10 M SRIZHIEE FHIRER

Tab. 2 Experimental results of AP( 4 ) index with the eleven algorithms on the ten multilabel datasets

Datasets MEFS-MCDM PMFS PUM GLFS WESNR NRFSFN ENFSFN  SRMFS LSFRS SFSLH RGLC

Arts 0.480 6  0.4722 0.4800  0.4508  0.4849 0.4703  0.484 9 0.4890 0.4896  0.476 7  0.508 2
Computers  0.6195 0.6100 0.6194 0.6070 0.6213 0.6003 0.6213 0.6297 0.6067 0.6293 0.6335
Enron 0.6107 0.6578 0.6495 0.5388 0.5940 0.5391 0.5940 0.6164 0.5846 0.6203  0.6302
Health 0.6213 0.6172 0.6333 0.6275 0.649 1 0.658 2  0.649 1 0.6729 0.6672 0.6502 0.689 6
Business 0.8629 0.8652 0.8606 0.8700 0.8688 0.854 0.888 0.8733 0.869 0.872 0.8759
Reference  0.5773  0.5995  0.6001  0.578 1 0.586 0 0.5899 0.5860 0.6010 0.5921 0.5875 0.609 3
Science 0.3926  0.4264 0.4219 0.4164 0.4344  0.4093 0.4344 0.4352 0.4405 0.4216  0.446 3
Yeast 0.7577 0.6976 0.7583 0.7557 0.7566 0.7077 0.7566 0.7503 0.7424  0.750 1 0.759 1
Medical 0.4582 0.7216 0.6525 0.5963 0.3970 0.3853 0.6337 0.6201 0.6578 0.6872 0.7509
Image 0.4237 0.3833 0.4207 0.4098 0.3646 0.3812 0.4100 0.408 8  0.4234  0.4256  0.4407

average 0.5805  0.6051 0.6096 0.5850 0.5757 0.5607 0.6039 0.6097  0.6071 0.6116 0.6344

M 2 B3 4 KFE A AP.RL Al HL X 3 &R L ASCH RGLC LB T4 Enron 0545 RIS
A AEHAR I O AN B AE L ¥BUS SRE . TEAER VR, #E Enron 48 4E I, PMFS 5k 7E AP.RL fil HL
Fe bR F IS T Ui RGLC S HE4 55 3,5 PMFS 143 422 0. 027 6.,0. 003 8 F1 0. 002 7, 5 A
Al AERE RGLC B Ik (0 AFE 2 B S8R N T o bric. MR 5 1 CV #5hs Lok E . RGLC kB
£ Science BHESE FHEA S 3 A, E AR 7 AN BHEE LR R LE . B 5 5L SRMFS 5075 U 22
0. 000 9,iX AT HEJ&H T Science BHEE TAAAEE Z I MPR%E . 761X 10 N4 L, A AP.RL.HL I CV iX
A NFERRA T IE LA S A (i okt AR SO RGLC Bk e il 4 LR, S5 HE 10 flhE
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VEMIE, RGLC BL BB T SRR /2 PERE . th BGIER] 1255 T 2 Rbric MM S SR bR ic OGP ) 205l
Relief FAERERER L R AR
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Tab. 3 Experimental results of RL( v ) index with the eleven algorithms on the ten multilabel datasets

Datasets MFS-MCDM PMEFS PUM GLFS WFSNR NRFSFN ENFSFN  SRMFS  LSFRS SFSLH RGLC

Arts 0.1640 0.1602 0.1589 0.1697 0.1575 0.1608 0.1575 0.1582 0.1688  0.1629 0.154 4
Computers  0.097 7  0.0980 0.0992 0.1005 0.0944 0.1037 0.0944 0.0915 0.1021 0.099 8  0.0914
Enron 0.1023 0,0921 0.0952 0.1092 0.1022 0.1142 0.1022 0.1121 0.1015 0.1132  0.0959
Health 0.0788 0.0737 0.0763 0.0776 0.0707 0.0711 0.0707 0.0677 0.0698  0.068 1 0.063 8
Business 0.046 5 0.0460 0.0482 0.0446 0.0438 0.0438 0.0438 0.0425 0.0468 0.0419 0.0412
Reference  0.0997  0.0951 0.0945 0.1000 0.0977  0.098 5 0.0977 0.0941 0.0976 0.0992 0,0916
Science 0.1553 0.146 7 0.1507 0.1469 0.1482 0.2824 0.2665 0.1586 0.1654 0.1429 0.1335
Yeast 0.1720 0.2206 0.1712 0.1724 0.1720 0.2146 0.1722 0.1856 0.1821 0.196 7 0.170 4
Medical 0.126 5 0.0674  0.0825 0.0825 0.1413 0.1381 0.0808 0.0956  0.0771 0.0809  0.0523
Image 0.366 6 0.3669  0.2902 0.4421 0.3726 0.3602 0.3980 0.3387 0.3549 0.3214 0,224 3

average 0.1409 0.1367 0.1267 0.1446 0.1400 0.1587 0.1484 0.1345 0.1366 0.1327 0.1119

R4 11 WEEREHOL(V)IERT 10 M SiRcHBEE LHTHRER
Tab. 4 Experimental results of HL ( v ) index with the eleven algorithms on the tent multilabel datasets

Datasets MFS-MCDM PMFS PUM GLFS WEFSNR NRFSFN ENFSFN  SRMFS LSFRS SFSLH RGLC

Arts 0.0615 0.0620 0.0612 0.0631 0.0618 0.0623 0.0618 0.0612 0.0712 0.0692 0.0609
Computers  0.0416  0.0429  0.0409 0.0420 0.0411 0.0419  0.0411 0.0422 0.0489 0.0406 0,039 4
Enron 0.0551 0.0498 0.0500 0.0599 0.0535 0.0576 0.0535 0.0550 0.0529 0.0576  0.0525
Health 0.0499  0.048 1 0.0492 0.0498 0.047 1 0.0458  0.047 1 0.044 3 0.0470 0.0598 0.043 6
Business 0.0288 0.0282 0.0287 0.0284 0.0284 0.0280 0.0284 0.0286 0.0284 0.0279  0.027 6
Reference  0.0353  0.0320 0.0324 0.0342 0.0346 0.0317 0.0346 0.0319 0.0318 0.0329 0.0309
Science 0.0357 0.0351 0.0350 0.0355 0.0353 0.0352 0.0353 0.0355 0.0352 0.0489  0.0349
Yeast 0.1979 0.2488 0.1975 0.1965 0.2010 0.2331 0. 2010 0.2025 0.2273 0.2165 0.1932
Medical 0.2275 0.2367 0.2089 0.2397 0.1975 0.0332 0.0244 0.0216 0.0225 0.0221 0. 016 0
Image 0.2404  0.2265 0.2385 0.2489 0.2387 0.2304 0.2432 0.2285 0.2149 0.2349 0.1905

average 0.0974  0.1010 0.0942 0.0998 0.0939 0.0799  0.0770  0.0751 0.0780  0.0810 0.068 9

®5 URMEEECY(Y) EBRT 10 M SHRICHIEE FHZRER

Table 5 Experimental results of CV ( ¥ ) index with the eleven algorithms on the tent multilabel datasets

Datasets MFS-MCDM PMFS PUM GLFS WESNR  NRFSFN ENFSFN  SRMFS LSFRS SFSLH RGLC

Arts 5.786 7  5.6673 5.6520 5.9237 5.6250 5.6343 5.6250 5.6913 5.7867 5.6987  5.5308
Computers  4.6340  4.6920  4.7080 4.7547 4.5210 4.9153 4.5210 4.3706 4.5481 4.5849  4.3652
Enron 13.887 7 13.1485 13.4750 14.3368 14.0121 14.8394 14.0121 13.5886 14.0229 13.6478 13.0243
Health 3.9237 3.7653  3.8670 3.9297 3.6930 3.6780 3.6930 3.5684 3.5980 3.5582  3.408 6

Business 2.5090  2.4953  2.5867  2.4240  2.4947  2.5987 2.4047 2.3417 2.3976  2.7905 2.3381
Reference  3.7983  3.6433 3.6253 3.8113 3.7213 3.7530 3.7213 3.5866 3.6401 3.6941 3.4958
Science 7.6470 7.2930 7.4650 7.2830 7.3493 7.7257 7.3493 7.2881 7.3393 7.3682 7.2890
Yeast 6.3991 7.4264  6.3773  6.4024 6.3959 7.0316 6.3959 6.3624 6.3159 6.3574 6.3060
Medical 6.5953 3.8791 4.5860 4.5845 7.2434 7.0233 4.4403 4.3404 5.5621 3.3913 3.3408
Image 2.5488 2.8900 2.6988 2.6588 3.0550 2.8475 2.6788 3.3122 2.6215 2.4500 2.2506

L4900  5.504 1 . 6109 L8111 6.004 7 L4841 445 0 . 5832 .3541 5.1349

w1
w1
w1
w1
w1
1
(2]

average 5.773 0
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Fig. 2 Comparison of nine algorithms on four multilabel datasets in terms of RL( v )
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Tab. 6 Experimental Results for Different K Values on the Arts Dataset

K=5 K=10 K=20 K=50 K=100 K =200 K =300 K =500 K=1 000
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RL 0.153 5 0.154 4 0.156 3 0.153 2 0.153 2 0.149 7 0.154 1 0.155 6 0.153 5
HL 0.061 5 0.061 2 0.061 2 0. 061 6 0. 060 7 0. 059 7 0. 061 7 0.061 2 0. 0615
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Fig. 5 Average ranking of eleven algorithms under the MLKNN classifier
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Fig. 6 Nemenyi test results of eleven algorithms under the MLKNN classifier
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