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An Empirical Comparison of Label Detection Techniques for
Multi-Label Classification

Liu Jiali Xu Jianhua
( School of Computer Science and Technology Nanjing Normal University Nanjing 210023 China)

Abstract: Now some multidabel classification methods cascade two different classification techniques in essence. The for—
mer is to build a label ranking system and the latter to detect relevant labels effectively and improve classification per—
formance further. To compare the different detection techniques we collect four general label detection approaches: linear
regression threshold multiple output linear regression logistic regression and discrete Bayesian methods. With k-nearest
neighbor algorithm as a baseline method we conduct an extensive experimental comparison on ten benchmark data sets.
Our experimental results demonstrate that multiple output linear regression technique is recommendable according to
both computational time and classification performance.
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Table 1 Base information of experimental dataset
Bibtext 4 880 2 515 1 836 159 2.38
Cal500 300 202 68 174 26.107
Enron 1123 579 1 001 53 3.386
Emotions 391 202 72 6 1.813
Imagel35 1 200 800 135 5 1.245
Medical 645 333 1 449 45 1.24
RCV-sl 3 000 3 000 47 236 101 3.23
Scene 1211 1196 294 6 1.062
Tmc2007 21519 7077 30 438 22 2.26
Yeast 1 500 917 103 14 4.228
2 20 3 F1. F1



( Macro F1)

F1( Micro F1) . {(xry) = (x;p) - (% 5.)}
X, yi ¥ X,
=17 P _ — ;= coe
TP =ljly;=1 y,;=+1 j=1 cl
P L4 a1 (20)
FPi—ljlyl-j—l Y= 1j=1 cl
=15 P _ — o cee
FN, =ljly;=-1 y,=1 j=1 cl.
F1
. 2TP,
Fl1=1 Y o (21)
n &~ 2TP,+FP.+FN,
J
TP =lily;=1 y,=+1 i=1 - nl
FP=1ily’=1 y,==1 i=1 - nl (22)
FN'=lilyl==1 y;=1 i=1 - nl.
F1 F1
Macro F1 -1 z .ZTP/. -
¢ =1 (2TP+FP'+FN)
2y 1P
Micro F1= — Lo ) (23)
N (2TP' + FP' + FN)
j=1
3 F1 F1
F1
0~1
ENN k 8 14 k=10 Logistic
0.1~0.3 2 . z'z
0. 001. 3.3 GHz 2 G.
3.2
4 2. 3
ENN ENN 4
10 .
2 LRTM MOLRM Logistic 5 000
9 MOLRM  Bayes 3 4
2 4 3 4
Table 2 Train time comparison of four label detection Table 3 Test time comparison of four label detection
techniques s techniques s
Bayes Logistic LRTM MOLRM Bayes Logistic LRTM MOLRM
Bibtext 75.1 7 367.4 94.3 87.3 Bibtext 43.8 17.1 41.1 53.0
Cal500 0.1 329.9 0.3 0.3 Cal500 0.1 0.2 0.1 0.2
Emotions 0.1 18.9 0.1 0.1 Emotions 0.1 0.1 0.1 0.1
Enron 3.4 207.3 3.6 3.6 Enron 5.2 3.4 4.9 9.0
Imagel35 3.9 29.2 2.9 4.0 Imagel35 3.2 3.3 2.5 3.3
Medical 2.7 0.9 0.3 0.6 Medical 1.0 87.7 0.9 2.1
RCVI1-sl 9.5 1900.9 11.8 10.5 RCVI1-sl 11.6 14.2 10.3 14.6
Scene 4.7 70.5 3.6 4.9 Scene 4.0 4.7 3.2 4.7
Tmc2007 681.9 1494.8 703.3 672.1 Tmc2007 259.0 299.6 272.7 308.3
Yeast 8.3 10.0 6.188 8.6 Yeast 9.9 7.9 7.8 10.3
105.3 1143.0 82.6 99.4 33.8 43.8 34.4 40.6
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Table 4 F1 value of four label detection techniques Table 5 Macro F1 value of four label detection techniques
Bayes Logistic LRTM MOLRM Bayes Logistic LRTM MOLRM
Bibtext 0.2589 0.160 1 0.186 7 0.290 5 Bibtext 0.101 5 0.011 6 0.088 5 0.106 0
Cal500 0.329 4 0.313 8 0.254 5 0.338 8 Cal500 0.0553 0.044 2 0.108 5 0.163 1
Emotions 0.617 7 0.6711 0.622 6 0.646 7 Emotions 0.6125 0.677 1 0.652 17 0.674 5
Enron 0.4356 0.413 4 0.398 8 0.458 6 Enron 0.088 2 0.0555 0.110 0 0.108 2
Image 0.550 0 0.4377 0.5190 0.5517 Imagel35 0.552 4 0.3957 0.534 1 0.5509
Medical 0.684 6 0.6450 0.57517 0.678 1 Medical 0.262 3 0.146 9 0.189 0 0.2115
Revl sl 0.694 1 0.629 4 0.630 4 0.674 1 Revl sl 0.3254 0.1359 0.288 6 0.3229
Scene 0.7252 0.684 4 0.695 9 0.725 5 Scene 0.722 1 0.692 3 0.696 2 0.724 1
Tmc2007 0.5811 0.560 4 0.529 6 0.569 9 Tmc2007 0.4531 0.3539 0.366 1 0.417 6
Yeast 0.599 3 0.644 3 0.370 1 0.6103 Yeast 0.336 1 0.384 6 0.212 8 0.3559
t 2.0 1.0 0.5 2.5 t 2.0 0.5 1.0 2.5
4 6 MOLRM ¢ 6 4 F1
Bayes LRTM ) 5 Table 6 Micro F1 value of four label detection techniques
MOLRM 3 Bayes Logistic LRTM MOLRM
LOngth LRTM Bibtext 0.253 7 0.153 6 0.188 0 0.280 7
Cal500 0.3255 0.309 0 0.290 9 0.340 8
Bayes » Bayes 4 Image 0.546 8 0.443 6 0.528 8 0.547 4
Logistic Emotions 0.656 7 0.707 4 0.659 5 0.688 6
. -y Enron 0.462 7 0.434 6 0.387 8 0.469 0
; Logistic . 4
Medical 0.677 8 0.643 5 0.5232 0.672 6
MOLRM Bayes Revi-sl  0.7005  0.6344  0.6487  0.6875
Logistic ~ LRTM . Scene 0.717 7 0.683 3 0.6856 0.720 6
Tmc2007 0.6125 0.600 3 0.559 0 0.604 0
4 Yeast 0.6250 0.669 3 0.3819 0.635 8
t 2.0 1.0 0.5 2.5
4 10 3
Bayes
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