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Weak Label Feature Selection Method Based on Neighborhood Rough Sets and Relief
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Abstract In multi-label learning and classification, existing feature selection algorithms based on neighborhood rough sets will
use classification margin of samples as the neighborhood radius. However, when the margin is too large,the classification may be
meaningless. When the distances of samples are too large,it will easily result in the abnormal heterogeneous or similar samples,
and these existing feature selection algorithms cannot deal with the weak label data. To address these issues.a weak label feature
selection method based on multi-label neighborhood rough sets and multi-label Relief is proposed. First,the number of heteroge-
neous and similar samples is introduced to improve the classification margin,based on which, the neighborhood radius is defined,
a new formula of neighborhood approximation accuracy is presented,and then the multi-label neighborhood rough sets model is
constructed and can effectively measure the uncertainty of sets in the boundary region. Second, the iterative updated weight for-
mula is employed to fill in most of the missing labels,and then by combining the neighborhood approximation accuracy with the
mutual information,a new correlation between labels is developed to fill in the remaining information of missing labels. Third, the
number of heterogeneous and similar samples continues to be used to improve the label weighting and feature weighting formu-
las,and then the multi-label Relief model is proposed for multi-label feature selection. Finally,based on the multi-label neighbor-
hood rough sets model and the multi-label Relief algorithm,a weak label feature selection algorithm is designed to process high-
dimensional data sets with missing labels and effectively improve the performance of multi-label classification. The simulation
tests are carried out on eleven public multi-label data sets,and experimental results verify the effectiveness of the proposed weak

label feature selection algorithm.
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Table 1  Description of eleven multi-label data sets
Data sets Instances Features Classes Training Test Domains
Bibtex 7395 1836 159 4880 2515 Text
Birds 645 260 19 322 323 Audio
CAL500 502 68 174 250 252 Music
Corel5k 5000 499 374 4500 500 Images
Emotions 593 72 6 391 202 Music
Enron 1702 1001 53 1123 579 Text
Flags 194 19 7 129 65 Images
Genbase 662 1186 27 463 199 Biology
Medical 978 1449 45 333 645 Text
Scene 2407 294 6 1211 1196 Images
Yeast 2417 103 14 1500 917 Biology

AT A BOTAL BT A X B R Y 4 2R AUR L AR SO Sk
[25-26,33]1H Ay 6 NIFAEFEFR : Average Precision s Coverage
One-Error, Ranking Loss, Macro Average F1 Fl Micro
Average F1, H.H,Average Precision Macro Average F1 Fll
Micro Average F1 R B , 3 W53 1 43 S ML ARl AL » e ft
{5 1;Coverage,One-Error Fl Ranking Loss FJ{E# /)N, U &
o v e A R R 0.

R A4 R WESNR 83k 1 43 284 6 . 43 ) 4 ) SCik
[25-26 ] A2 g 25 SR BEAT X [ o |y T SCHR b 19 X L 3 32 A
B AR 2 AN A 09, DR A T S5 A Dy 3 AN ER Y S R B
BLEL B R bR i . 78 3 A48 L4 WFSNR 53k 45 3 Fl i it
) 22 R0 7 R 1Y 43 SR 4 SR AT LG SRS R B LA BBk 2R A
0L 7E 5 AN 4B AR T ¥ WESNR 553 5 6 Fh i 19 2 b5 10 07 4
RSB O 5 g R X I A L O 1 I A A SR AT St A
Bro 78 LU SE8Hh  MLA SRR 8 A 1 S 25
4.2 BEMLLEBIGRKRIRIETHIHER

XF 4> 5L 5 SR AE 3 A48 AR (Macro Average F1, Micro
Average F1 1 One-Error) T ,J&/8 WFSNR 8.3k 3 ff g il
R AR BB B R R, X 3 Mk R B LA,
Multilabel Classification for Weak-label Data ( MCWD)™,
Semi-supervised Multi-label Classification With Non-Uniform-
ly Distributed Incomplete Labels (SMCNDD 1 Weak La-

D http://mulan. sourceforge. net/ datasets. html

bel Learning Method (WELIDY | %&£ 3 A~ 4845 L, AR #5 SCiik
[26 A9 SEHBLE . R 1 Pk ih 11 4> 245 10 £4 4E « Bibtex,
Birds, CAL500, Corel5k, Emotions, Enron, Flags, Genbase,
Medical , Scene Fll Yeast, & T % WL Hi 3 B WFSNR H.3% 1) 53
FHERE. R 2 FII T 1L A2 PRiC SR E MR R AL R 3 —
£ 5 HFH T MCWD,SMCNDI, WELL il WFSNR iX 4 Fff
BTR3N8 bR LAy gk,

®2 1 ABARER PR IL B R

Table 2 Missing labels rate of eleven multi-label data sets
CHLAL: 0600

Data sets Missing labels rate
Bibtex 99. 37
Birds 97.13
CAL500 92.53
Corel5k 99. 47
Emotions 83.33
Enron 97.56
Flags 71.50
Genbase 96. 30
Medical 97.78
Scene 83.33
Yeast 85. 80

MW 3 a LLFE W, X T Macro Average F1 48 b5, £
Birds, CAL500, Corel5k, Flags, Genbase F1 Medical iX 6 4~£ F5
O 4E [ WEFSNR B3k AR 1. 7 Bibtex, Emotions il
Scene ¥ £ I, WESNR 53 3% & g v T HoAth 3 Fp 5735 B AUAH
#£0.0215~0. 146 9, 7E Enron $#% 4 L. WFSNR B % & F
MCWD # 3 0. 014, 43 Bk F SMCNDI 5. % fl WELL % %
0.0549 M1 0.0242, 7¢ Yeast #{ ¥ #£ b, WFSNR H & & T
SMCNDI 5.3 1 WELL 8.3 k7 MCWD 5.3 0. 0866,

# 3 Macro Average F1 TP 845 T 4 i 515 19 1 AE L 4%

Table 3 Comparison of four algorithms in terms of Macro
Awverage F1 evaluation index
Data sets MCWD SMCNDI WELL WFSNR
Bibtex 0.0222 0.0240 0.0299 0.0007
Birds 0.0635 0.0769 0.0900 0.1338
CAL500 0.1500 0.1274 0.0947 0.9734
Corel5k 0.2471 0.2060 0.2010 0.2980
Emotions 0.4865 0.3843 0.3909 0.3543
Enron 0.0238 0.0927 0.0620 0.0378
Flags 0.5282 0.2214 0.2391 0.9646
Genbase 0.5123 0.4785 0.4630 0.9995
Medical 0.1318 0.1228 0.0914 0.9997
Scene 0.6570 0.6130 0.5990 0.5101
Yeast 0.4288 0.2994 0.2775 0.3422

# 4 Micro Average F1 TFM 38 FR T 4 FpEE 9 1 8 L4
Table 4 Comparison of four algorithms in terms of Micro

Average F1 evaluation index

Data sets MCWD  SMCNDI WELL WFSNR
Bibtex 0.0250 0.0598 0.0981 0.9690
Birds 0.0829 0.1538 0.1972 0.2377

CAL500 0.2784 0.2599 0.1956 0.9640

Corel5k 0.4891 0.4385 0.4662 0.0939

Emotions 0.4975 0.3924 0.4021 0.4000
Enron 0.0751 0.1438 0.0811 0.2153
Flags 0.5897 0.2489 0.2604 0.9684

Genbase 0.8084 0.8624 0.7722 0.9992
Medical 0.0991 0.4044 0.2521 0.9990
Scene 0.6126 0.5925 0.5336 0.5339
Yeast 0.5310 0.3657 0.3297 0.5704




N bR R FE T AR SUHIRE S N Relief 59 b5 ic FRAF 2 8 07 ik

157

5 OneError TEM 848 4 FhE 2 091 i HL 5

Table 5 Comparison of four algorithms in terms of
One-Error evaluation index
Data sets MCWD  SMCNDI WELL WEFSNR
Bibtex 0.4599 0.9288 1.0002 0.9690
Birds 0.9745 0.7138 0.9405 0.7965
CAL500 0 0.6954 0.7450 0
Corel5k 0.2166 0.2973 0.3260 0.7900
Emotions 0.5988 0.6025 0.5925 0.5000
Enron 0.8431 0.7533 0.9559 0.5043
Flags 0.5747 0.5788 0.6153 0.1692
Genbase 0.5530 0.6317 0.6130 0.7186
Medical 0.6420 0.5642 0.6622 0.0062
Scene 0.3643 0.3246 0.3751 0.3595
Yeast 0.4397 0.4640 0.546 2 0.2977

MW 4 7] IFE B 3T Micro Average F1 845, £ Bib-
tex, Birds, CAL500, Enron, Flags, Genbase, Medical fl Yeast
X 8 A4 b WESNR FIE S UG AL . 76 CorelSk %L
a4 b, WESNR 8 ig T HAth 3 #3535 . 7E Emotions
gL I, WFSNR 513 46 T SMCNDI #13% , 433 lk MCWD
SE M WELL 523 41K 0. 0975 F110.0021, 7E Scene Hdi 4
b WEFSNR H3L LT WELL 5035 . 70 il i T MCWD 553k
A SMCNDI 3 . B AU 22 0. 0787 F1 0. 0586,

MZE 5 8 LLEI, 5T One-Error 38 %5 , 7F Emotions, En-
ron, Flags, Medical fll Yeast £ 4 I, WFSNR & 15 B 15 &%
/ME . % T CAL500 ¥4 4 . WFSNR 513 5 MCWD 5734

Hffi. 7E Bibtex (4 4 I, WFSNR 5 3% [t WELL 532 1k
0.0312,43 3 ) T MCWD 532 1 SMCNDI 4% 0. 509 1 #
0.0402, ¥E Birds fll Scene $¥5 % ., WFSNR 5248 F MC-
WD 5 it WELL 5%, [ SMCNDI 5 ik 0% 2% 0. 0827 A0l
0.0349, f£ Corel5k il Genbase {4 % -, WFSNR 57 7 s %
T HAth 3 AL
4.3 FEMAEREFIETHIHER

XA LB SR AE 5 A48 A (Average Precision s Macro
Average F1,Coverage,Ranking Loss Ml One-Error) F , JB /R
T WESNR ¥4k 5 6 fliscl 4 19 24510 20 JEH LY e e &5
L3 6 b 25T 1 A0 45« Baseline™ , Correlated and Multi-
label Feature Selection method (CMFS)®%, Feature Manifold
Learning and Sparse Regularization for Multi-Label Feature
Selection ( MSSL)®™, Convex Semi-Supervised Multi-label
Feature Selection (CSFS)™*, Robust Multi-label Feature Se-
lection with Missing Labels (MLMLES)* F1 Feature Selec-
tion with Missing Labels Based on Label Compression and Lo-
cal feature Correlation (FSLCLOY™ , ¥E 5 NMEdr . T
UL BT T A NS LGB T i S B 5 2R AR AR SCRR (25 1Y S B iR
ASCBE Q Rm A FHEA G AR ICA K SR 1 ik
3 AL AR HE 4 : Bibtex, Corel5k il Enron., # 6— % 10 %1
T R 7 RRERAE 5 AR LAY ARG

%6 Awverage Precision YN FEAR T 7 5005 10 14 BE L 42

Table 6 Comparison of seven algorithms in terms of Average Precision evaluation index

Data sets Q Baseline CMFS MSSL CSFS MLMLFS FSLCLC WFSNR
1 0.2270 0.2172 0.2999 0.2591 0.2061 0.3498 0.2494
Bibtex 2 0.2087 0.2043 0.2665 0.2250 0.1988 0.3193 0.2497
3 0.2036  0.1988  0.2523  0.1903  0.1945  0.3108  0.2492
1 0.3470 0.3394 0.3688 0.3655 0.3633 0.3708 0.2281
Corel5k 2 0.3150 0.3082 0.3298 0.3246 0.3267 0.3330 0.2276
3 0.2873 0.2846 0.2964 0.2961 0.2950 0.3017 0.2274
1 0.5473 0.5532 0.5172 0.5244 0.5271 0.5781 0.6358
Enron 2 0.5324 0.5340 0.5037 0.5148 0.5041 0.5569 0.6315
3 0.5266 0.5257 0.5102 0.5135 0.5082 0.5468 0.6238
2% 7 Macro Average F1 WM #8458 F 7 FhE Y MERE LR
Table 7 Comparison of seven algorithms in terms of Macro Average F1 evaluation index
Data sets Q Baseline CMFS MSSL CSFS MLMLFS FSLCLC WFSNR
1 0.1177 0.0805 0.1733 0.1388 0.0852 0.2085 0.0282
Bibtex 2 0.1050 0.0771 0.1470 0.1118 0.0826 0.1918 0.0296
3 0.0997 0.0768 0.1359 0.0970 0.0814 0.1864 0.0288
1 0.1125 0.1057 0.1241 0.1232 0.1264 0.1323 0.2992
Corel5k 2 0.0945 0.0870 0.1044 0.0995 0.0996 0.1098 0.2992
3 0.0677 0.0680 0.0782 0.0776 0.0776 0.0834 0.2992
1 0.1015 0.0985 0.0788 0.0719 0.0821 0.1158 0.0937
Enron 2 0.0982 0.0927 0.0740 0.0686 0.0792 0.1085 0.0900
3 0.0900 0.0852 0.0736 0.0661 0.0798 0.1079 0.0834
# 8 Coverage TFMH8AR T 7 Bl 5015 19 1 RE L 4%
Table 8 Comparison of seven algorithms in terms of Coverage evaluation index
Data sets Q Baseline CMFS MSSL CSFS MLMLFS FSLCLC WFSNR
1 81.6563  79.5139 64.3406 69.8638 77.4668 62.6607 65.7714
Bibtex 2 78.6372 83.3266 72.6502 76.3834 80.3448 69.2708 65.4791
3 82.4729  84.1580  75.2739 80.5381 81.1119 72.6955 65.4179
1 72.8861 73.3930 72.1342 72.0526 72.0593 71.2354 119.5900
Corel5k 2 80.3816 80.5972 79.6156 79.8880 79.7630 79.1977 119.5660
3 86.2023 86.3744 86.0576 85.9660 86.2421 85.8640 119.5820
1 14.4190 14.5971 15.2268 15.2750 15.0309 14,2263 13.5803
Enron 2 14.7851 15.0116  15.6149 15.6957 15.4286 14.7176 13.5147
3 15.0811 15.3239 15.6129  15.7836  15.4935 15.1097 13.3437
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Table 9 Comparison of seven algorithms in terms of Ranking Loss evaluation index

Data sets Q Baseline CMFS MSSL CSFS MLMLFS FSLCLC WFSNR
1 0.3504 0.3539 0.2821 0.3122 0.3477 0.2738 0.2651
Bibtex 2 0.3624 0.3683 0.3152 0.3366 0.3561 0.2959 0.2641
3 0.3619 0.3693 0.3255 0.3538 0.3553 0.3087 0.2638
1 0.1509 0.1523 0.1471 0.1469 0.1471 0.1447 0.1399
Corel5k 2 0.1673 0.1686 0.1636 0.1646 0.1642 0.1626 0.1399
3 0.1798 0.1806 0.1775 0.1775 0.1783 0.1768 0. 1400
1 0.1082 0.1095 0.1170 0.1175 0.1144 0.1050 0.096 4
Enron 2 0.1121 0.1140 0.1214 0.1207 0.1200 0.1095 0.0962
3 0.1142 0.1175 0.1204 0.1220 0.1195 0.1135 0.0955
%10 OneError WM 8HR T 7 FhE A9 L

Table 10  Comparison of seven algorithms in terms of One-Error evaluation index
Data sets Q Baseline CMFS MSSL CSFS MLMLFS FSLCLC WFSNR
1 0.7069 0.7270 0.6264 0.6867 0.7516 0.5897 0.7002
Bibtex 2 0.7284 0.7363 0.6610 0.7206 0.7568 0.6095 0.6994
3 0.7307 0.7388 0.6678 0.7560 0.7611 0.6134 0.6990
1 0.6046 0.6123 0.5783 0.5760 0.5806 0.5629 0.7320
Corel5k 2 0.6388 0.6430 0.6184 0.6217 0.6228 0.6128 0.7340
3 0.6672 0.6653 0.6504 0.6510 0.6524 0.6363 0.7340
1 0.4028 0.3951 0.4383 0.4266 0.4413 0.3731 0.2867
Enron 2 0.4375 0.4199 0.4742 0.4425 0.4896 0.4044 0.3022
3 0.4512 0.4390 0.4810 0.4748 0.5037 0.3961 0.3040

Sy 6 AT, 7E Average Precision #8 %5 F . 7F Enron 0.1105, 4 Q=2 5 3 i}, WFSNR 2 3 {L X T MSSL 24 7=

B L. Q=1,2 5 3 A, WFSNR Bk R, X+
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0.1803,0.0475~0.1622 F1 0. 0480~0. 1576, %t F Enron
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0.0048~0,0221,0.0027~0.0185 Fl 0.0018~0.0245,
N 8 AL FH H . 7E Coverage 16 %5 F o % F Enron ¥ #&
4, WFSNR B L4k 18 T 5 /ME G R 1ED . % T Bibtex 24
.4 Q=1 ,WFSNR 5 E K T FSLCLC 5 .48 T HAlh
SR Y Q=2 5% 3 Af, WFSNR Bk R &b, T
Corelsk B 455 . WESNR Fivk g 22 T HAG X L H . W& 9
T VL& . 7E Ranking Loss TEH #8455 T » %I T Bibtex, Corel5k
A Enron X 3 MR 4E, 24 Q=1,2 5 3 i, WFSNR 54 3 fiy
SCH AL IS AL . R 10 AT LU L 7E One-Error $5 %5
T 5% F Enron #4064 . WFSNR 505 1 R . X F Bib-
tex A4, 4 Q=1 B, 7E One-Error 845 F , WFSNR % 3
It Baseline, CMFS #I MLMLFS ix 3 2 ¥ 0. 006 7 ~
0.0514,F MSSL,CSFS il FSLCLC iX 3 Fi & 755 0. 0135~

FSLCLC Bk 0T Hoth 4 Mt lb B 5. 4T Corelsk ¥
£, Q=1,2 1 3 B, 7F One-Error 843 F . WFSNR % 1 /3
SIS T H AR R 0. 1197~0.1691,0. 091 0~0. 121 2 Fl

0.0668~0.0977, EBYHKUL, WFSNR 51 EiR 3 L4k
OB 4 E R BLRAL.
4.4 FitHH
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Fig. 2 Comparison results of WFSNR algorithm against

other three algorithms with Bonferroni-Dunn test
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Fig. 3 Comparison results of WFESNR algorithm against other six algorithms with Bonferroni-Dunn test
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