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Abstract

The feature selection methods based on information theory usually focus on considering the single
label when evaluating the classification information provided by the candidate features, and do not
take into account the multiple correlations between the candidate features and the paired labels,
thus underestimating the importance of the candidate features. To solve this issue, an innovative
paired multi-label feature selection method based on interaction mutual information (IPFS) was
proposed. Specifically, IPFS method assigns different weights based on interaction mutual infor-
mation to different pairs of labels, so as to accurately evaluate the importance of candidate features,
and further select the most suitable feature subset based on the maximum correlation minimum
redundancy strategy. To verify the effectiveness of the proposed method, IPFS is compared with
eight other advanced feature selection methods on 12 diverse datasets, and the results show that
IPFS significantly outperforms other methods on four different evaluation metrics.
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Figure 1. The relationship between feature f, and different paired labels
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4. 5 NREL(f;L)

5. end for

6. While k<K

7. if k = 0 then

8. f, :argmax(NREL(fk;L))
9. s=su{f}

10. k=k+1

11, F=F-{f}

12, End if

13. For each candidate feature f, e F do
14, W I(F)

15, End for

16, f, =argmax(J(f)))

17, s=Su{f}

18. k=k+1

19. F=F-{f}

20. End While
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Table 1. Description of data sets

1 BURSHR

R FEA%L FHIEEL PREEEL AU
Medical 978 1449 45 Text
Scene 2407 294 6 images
Yeast 2417 103 14 Biology
Enron 1702 1001 53 Text
Arts 5000 462 26 Text
Business 5000 438 30 Text
Educations 5000 550 33 Text
Entertain 5000 640 21 Text
Recreation 5000 606 22 Text
Reference 5000 793 33 Text
Science 5000 743 40 Text
Social 5000 1047 39 Text
Table 2. Comparison results of 9 multi-label feature selection algorithms on Hamming Loss index
2. 9 MEFRBAFHEIR IR E A Hamming Loss 545 ERIEL 45 R
e IPFS MIFS D2F PMU SCLS LRFS FIMF FSSL AllI-FS
Medical 0.0157+ 0.0165+ 0.0196+ 0.0197+ 0.0233+ 0.0175+ 0.0174+ 0.0184+ 0.0218
0.001 0.0021 0.001 0.0011 0.0002 0.001 0.001 0.0024 0.0001
Scene 0.1379+ 0.1704+ 0.1492+ 0.1473+ 0.1734+ 0.1419+ 0.1663+ 0.1369+ 0.1458
0.0119 0.0097 0.0064 0.0066 0.003 0.0099 0.0063 0.0163 0.0102
Yeast 0.2237+ 0.2302+ 0.2278+ 0.2279+ 0.2332+ 0.2263+ 0.2319+ 0.2318+ 0.2303 %
0.0026 0.0041 0.0029 0.0037 0.0044 0.0035 0.0042 0.003 0.0026
Enron 0.0507 + 0.0574+ 0.0516+ 0.0519+ 0.0532+ 0.055+ 0.0508+ 0.0525+ 0.0512
0.0017 0.0012 0.0013 0.0013 0.0012 0.003 0.0014 0.0022 0.0019
Arts 0.0609+ 0.0614+ 0.0635+ 0.0644+ 0.0634+ 0.0612+ 0.0622+ 0.0639+ 0.0612
0.0009 0.0007 0.0012 0.001 0.0007 0.0006 0.0009 0.0006 0.0008
Business 0.0284+ 0.0284+ 0.0293+ 0.0294+ 0.0292+ 0.0287+ 0.0291+ 0.0291+ 0.0288 £
0.0003 0.0002 0.0005 0.0004 0.0004 0.0005 0.0005 0.0004 0.0003
Educations 0.0427 + 0.0436+ 0.0443+ 0.0445+ 0.0441+ 0.0428+ 0.0431+ 0.044+ 0.0423 %
0.0007 0.0007 0.0007 0.0008 0.001 0.0006 0.0007 0.0006 0.0007
Entertain 0.061+ 0.0658+ 0.0657+ 0.0671+ 0.0659+ 0.0631+ 0.0654+ 0.0641+ 0.0615=*
0.0013 0.0008 0.0013 0.0011 0.0014 0.0014 0.0011 0.001 0.0012
Recreation 0.0605+ 0.0619+ 0.0624+ 0.0648+ 0.0644+ 0.0613+ 0.0626+ 0.0651+ 0.061*
0.0008 0.0012 0.0008 0.0007 0.0006 0.0011 0.0012 0.0007 0.0011
Reference 0.0311+ 0.0313+ 0.0322+ 0.0336+ 0.0329+ 0.0312+ 0.0321+ 0.0326+ 0.0315%
0.0005 0.0012 0.0012 0.001 0.0002 0.0007 0.0009 0.0007 0.0006
Science 0.0349+ 0.0355+ 0.0358+ 0.0363+ 0.0358+ 0.0353+ 0.0355+ 0.0357+ 0.0348 £
0.0004 0.0003 0.0004 0.0004 0.0004 0.0005 0.0005 0.0003 0.0003
Social 0.0269+ 0.0317+ 0.0303+ 0.0309+ 0.0287+ 0.0274+ 0.0282+ 0.0291+ 0.0266
0.0007 0.0013 0.0005 0.0003 0.0007 0.0007 0.0006 0.0009 0.0012
Average 0.0645 0.0695 0.0677 0.0681 0.0706 0.0660 0.0687 0.0669 0.0663
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AR PERE I RFE L B TT 1%

Hamming Loss FIME /)N, FRBRHEIE R R RERDBRIL R . W3k 2 PR, i i LA 8 4
B LS T A rERE, 7EHA 4 N EdEAE REUS T kPERE. HiH, 7E Education. Science F1 Social
BEte b, AN-FS Hk Il 1 i ErERE, XACER ANI-FS HkEiX = M k% E RIS R EE . M
BT oA SR TE BB M 2 ARSI B L (MIFS. D2F. PMU. SCLS. LRFS 1 FIMF), fr$2 i1
AR 12 NMURE F I R AETERE . SRS, AT H B EVEAE ML-KNN 432838 B SEal 1 fmefE
() Hamming Loss 7> 35 fE

Table 3. Comparison results of 9 multi-label feature selection algorithms on the Zero One Loss index
F 3. 9 N BIREFHEIRIFEIATE Zero One Loss #E#r LRIELEEE R

G/ IPFS MIFS D2F PMU SCLS LRFS FIMF FSSL AllI-FS

Medical 0.5008 + 0.5468+ 0.6561+ 0.6626+ 0.8262+ 0.5774+ 05772+ 0.6205+ 0.8096
0.0395 0.0826 0.0371 0.0407 0.0064 0.0383 0.0397 0.0983 0.0033

Scene 05729+ 0.8281+ 0.6087+ 0.611+ 0.7412+ 0597+ 0764+ 05807+ 0.634+
0.0935 0.1163 0.0642 0.0666 0.0447 0.0755 0.0845 0.1115 0.094

Yeast 0.8884+ 0.9266+ 0886+ 0.8917+ 09167+ 0.8866+ 09045+ 0.9233+ 0.9158 +
0.0194 0.0401 0.0279 0.0288 0.0118 0.0224 0.0263 0.0322 0.0292

Enron 0.8905+ 09817+ 0.8985+ 0.9036+ 0.9415+ 0.9264+ 0.8916+ 09055+ 0.8897+
0.0213 0.0064 0.0186 0.0286 0.0258 0.0368 0.0242 0.0266 0.0319

Arts 0.9149+ 0.9179+ 09548+ 09706+ 0.9529+ 0.9198+ 0.9392+ 0.9636+ 0.9093
0.0238 0.029 0.0111 0.0168 0.0109 0.0272 0.0247 0.0219 0.0244

Business 047+ 04651+ 04809+ 04829+ 04763+ 04724+ 04788+ 04743+ 0473+
0.0076 0.0054 0.0116 0.0115 0.0107 0.0102 0.0126 0.012 0.0086

Educations 0.8885+ 0.9486+ 09483+ 0.9549+ 09339+ 0.9017+ 009111+ 09418+ 0.8937=
0.0311 0.0299 0.0094 0.0143 0.0139 0.0196 0.0206 0.0268 0.0254

Entertain 0.8202+ 0.9303+ 09056+ 0.9414+ 0.9034+ 0.8574+ 0.8922+ 0.8831+ 0.8344=
0.0416 0.0279 0.0101 0.0087 0.0131 0.028 0.0309 0.0342 0.0363

Recreation 0.8613+ 0.8816+ 0.9207+ 0.9712+ 0.9533+ 0.8782+ 0.8999+ 09568+ 0.8633 =
0.0254 0.0321 0.009 0.0061 0.0054 0.0204 0.0171 0.0219 0.0232

Reference 0.6833+ 0.7805+ 0.8031+ 0.8107+ 0.8284+ 0.7603+ 0.7559+ 0.8083+ 0.7224+
0.0967 0.0685 0.0381 0.0522 0.0373 0.0639 0.0619 0.0477 0.084

Science 09293+ 0931+ 09725+ 0.9848+ 0.9549+ 0.9403+ 0.9497+ 09514+ 0.9225=
0.0175 0.0255 0.0058 0.0082 0.012 0.0118 0.0102 0.02 0.0199

Social 0.6763+ 0.8768+ 0.7324+ 0.775+ 0.7446+ 0.7216+ 0.7343+ 0.7514+ 0.7038 =
0.0875 0.0883 0.0875 0.0686 0.0426 0.0516 0.0505 0.0808 0.0788

Average 0.7580 0.8345 0.8139 0.8300 0.8478 0.7865 0.8082 0.8134 0.7976

Zero One Loss B R/, AR 7 M RERRAR W56 3 B, BTl th 9 5792:7E Medical . Scene. Education .
Entertain. Recreation. Reference I Social iX-GAN# £ @I 7 &AL 4 5P RE, £ Enron. Arts. Business
A Science $4E4E LMz, RIALXKT ANI-FS 1 MIFS &%, 7 Yeast #4548 L, D2F Ml LRFS &%
MR T o I . WOPIZERE, Frde i A AE fr A a4 LR IS T A 5% .

Macro-F1 Bl iy, R 7> B MEREERIL K o ARYE % 4 PRI FIEE R, fERTE BdR4E b, 3 HI 5% IPFS
FHME Y 0.1691, T LRFS Sik-FHME )y 0.1588; HAMGIERFEME 77505 0.1194, 0.1346. 0.1244,
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0.1372.0.1309. 0.1377. 44, IPFS 7E:RE I B #0 TIX Le vk . SCLS ByEEUS T &K A0-F141E 0.1105.
Fitk, IPFS 9% 7E Macro-F1 1545 230 B 5 A0 bl

Table 4. Comparison results of 9 multi-label feature selection algorithms on the Macro-F1 index
= 4. 9 N HIREFHEERFE A Macro-F1 #5885 ERYELIREER

Vel S IPFS MIFS D2F PMU SCLS LRFS FIMF FSSL Alll-FS
0.2069+ 0161+ 0.1207+ 0.1138+ 0.0626+ 0.1872+ 0.1856+ 0.1486+ 0.0402 +

Medical "5 0087 00209 00187 00178 0.006 00265 00275 00399  0.0018

eone 05234+ 02882 04869+ 04934+ 03705+ 05288+ 03895+ 05247+ 04888+
00769 01416 00548 00709 00338 00677 00892 01187  0.0853

Vessy 03424% 0282+ 03476+ 03402+ 03007+ 03426+ 03243+ 03091+ 03202+
0045 00589 00388 00307 00263 00413 00253  0.0419  0.0324

Enon 0133t 00873+ 01243+ 01241+ 01106+ 01093+ 01322+ 01182+ 01233+
00183 0014 00144 00175 00127 0022 00185 00214  0.0135

As 01075 00841+ 00638+ 00577+ 00721+ 00972+ 00845+ 00608+ 01004+
00263 00252 00103 00143 00158 00227 00251 00259  0.0242

Businss 00954+ 00894+ 00687+ 00545+ 0073+ 00839+ 00638+ 00499+ 0.0881%
00144 00168 00058 00072 00106 00081 0009 00069  0.0101

Educations 00825+ 00446+ 00646+ 00571+ 00587+ 00742+ 00768+ 00628+ 0.0806+
00145  0.0205  0.009 0009 00098 00128 00125 00148  0.0144
Entergin  0-1411% 00814+ 01081+ 00833+ 00949+ 01359+ 01037+ 00938+ 014+
00245 00244 00108 00138 00128 00218 00226 00284  0.0211
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Figure 2. Experimental results of Arts dataset: (a) Hamming Loss, (b) Zero One Loss, (c) Macro-F1
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Figure 3. Experimental results of Education dataset: (a) Hamming Loss, (b) Zero One Loss, (c) Macro-F1
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