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Abstract

A multi-label classification is to find multiple labels associated with the input pattern. Multi-label

classification can be achieved by extending conventional single-label classification. Common extension

techniques are known as Binary relevance, Label powerset, and Classifier chains. However, most of

the extended multi-label naive bayes classifier has not been able to accurately estimate posterior

probabilities because it does not reflect the label dependency. And the remaining extended multi—label

naive bayes classifier has a problem that it is unstable to estimate posterior probability according to

the label selection order. To estimate posterior probability well,

Wwe propose a new posterior

probability estimation method that reflects the probability between all labels and labels efficiently.

The proposed method reflects the correlation between labels. And we have confirmed through

experiments that the extended multi-label naive bayes classifier using the proposed method has

higher accuracy then the existing multi-label naive bayes classifiers.
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2. Extension to Multi-label Classification
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2.3. Classifier Chain
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1. Experimental Settings
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Table 1. Characteristics of employed data sets
Data set Domain Patterns Features Labels
Arts Text 7484 1157 26
Bibtex Text 7395 1836 159
Cal500 Music 502 68 174
Emotions Emotion 593 72 6
Enron Text 1702 1001 53
Genbase Biology 662 1185 27
Health Text 9205 1530 32
LLog Text 1460 1004 75
Medical Text 978 1494 45
Scene Image 2407 294 6
Slashdot Text 3782 1079 22
Tmc2007 Text 28596 981 22
Yeast Biology 2417 103 14
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4.2. Validation and Performance Measurement
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4.3. Performance Comparison and Statistical Test

Table 4. Average and standard Deviation of ST-ACC(1)

% H HkE 283 A3E E5)] 98 iyl TFEHEx
QA 308 Wk A A T d2 B e } Data set MLNB-BR MLNB-ECC Proposed
2 E3] 7k oklygl=o /\4‘;& EAA o b Kes
= T3 A Larelwel 74]“‘ Hlasgint | Arts 1623 + .0144 | 1756 = .0136 | .2861 + .0097
H Al BAjo sgle| AR AL AAL
Al w4 s e (Friedman test), AH- 3 Bibtex 0633 + .0053 | .0654 + .0058 | .0986 + .0075
R 21 AA S Alglom HAL R
2 921 24 Bonferroni correction)& AHEHOM, R4t = oL ,0000 + .0000 | .0000 + .0000 | .0000 + .0000
Aol =EBAL 71 717 v)E BEo AL AR 0] o] o
sef st 7hd 717 1S HEE 5%, A A ARk Emotions 2624 + 0419 | .2918 + .0445 | .3186 + .0352
7]15=0] S A3
5% 7191 2.241% AHe-gint [19] Enron .0006 £ .0012 | .0010  .0016 | .0100 + .0061
Genbase 8513 + .0338 | .8328 + .0360 | .8742 + .0330
4.4, Experimental Results
o o Health 2289 + .0134 | .2370 + .0133 | .3113 + .0124
Table 2, 3, 4.2 30¥ 4% A5 79 FL3 THA
i L-Log .0000 + .0000 | .0000 % .0000 | .1401 + .0138
£ Uehd Aot} dithgre] A9 & =0l Aeket dare]5e]
B Medical 2998 + .0236 | .2952 + .0237 | .3768 + .0246
A5 FAF 2A UES 81 ok
Scene 2482 £ .0171 | .2564 + .0167 | .3872 + .0457
o Slashdot 3672 + .0174 | .3787 + .0180 | .4840 + .0159
Table 2. Average and standard Deviation of H-Loss(l)
tm 2007 .0856 + .0033 | .0852 + .0044 | .1295 + .0038
Data set MLNB-BR MLNB-ECC Proposed Yeast .0985 + .0112 | .1129 + .0148 | .1337 % .0126
Arts 1071 £ .0036 | .1087 + .0038 | .0681 + .0012
Bibtex 0809 + .0021 | 1412 + .0047 | .0240 % .0004 | '@ble 5. Result of friedman test from H-Loss
Cal500 1400 £ .0030 | 1773 £ .0134 | .1642 + .0033 MLNB-BR MLNB-ECC Proposed
Emotions 2315 £ .0168 | .2278 + .0165 | .2186 + .0176 Rank average 1.92308 2.61538 1.46154
Enron 2122 + .0079 | 2117 + .0067 | .0885 + .0029 =X’ 8.77 p 0.01247
Genbase .0071 £ .0019 | .0085 * .0023 | .0084 + .0026 ,
Table 6. Result of friedman test from ML-ACC
Health .0724 £ .0030 | .0748 + .0032 | .0454 + .0011
L-Log 3349 + .0168 | .4611 + .0241 | .0199 + .0013 MLNB-BR MLNB-ECC Proposed
Rank average 2.53846 2.23077 1.23077
Medical .0192 £ .0008 | .0194 + .0008 | .0283 + .0011
>y 12.15 P 0.00230
Scene 1873 £ .0061 | .1819 * .0062 | .1445 + .0061
Slashdot .0407 £ .0013 | .0412 £ .0013 | .0436 + .0016 Table 7. Result of friedman test from ST-ACC
2007 1392 + .0011 | 1444 + 0012 | . t
ime200 39 0o 0o 1053  .0008 MLNB-BR MLNB-ECC Proposed
Yeast .2684 £ .0082 2816 £ .0118 .2285 = .0059 Rank average 2.76923 2.23077 1.00000
>y 21.38 D 0.00002

Table 3. Average and standard Deviation of ML-ACC(1)

Data set MLNB-BR MLNB-ECC Proposed

Arts .3293 + .0092 | .3391 £ .0099 | .4059 * .0095
Bibtex .1924 + .0060 | .1710 £ .0063 | .2520 + .0081
Cal500 .1954 + 0150 | .2179 £ .0158 | .2106 + .0088
Emotions 5510 + .0299 | .5577 £ .0278 | .5682 = .0287
Enron .1986 + .0091 | .2018 + .0093 | .2772 *+ .0136
Genbase .8981 + .0262 | .8876 + .0275 | .9117 *+ .0262
Health .4770 + .0101 | .4808 £ .0107 | .5212 = .0090
L-Log .0375 + .0015 | .0303 + .0015 | .0137 * .0057
Medical .3348 + .0224 | .3331 £ .0220 | .4195 *+ .0216
Scene .56282 + .0135 | .5363 + .0130 | .5961 *+ .0165
Slashdot .4551 + .0165 | .4727 + .0168 | .5533 *+ .0146
tmc2007 .3949 + .0033 | .3909 + .0038 | .4461 * .0028
Yeast 4280 + .0129 | .4295 + .0162 | .4489 * .0104

Table 5, 6, 7.& 7 A5 A 95 A Zej=d 3
A& A&t Aatolt}, Z; Table 5, 6, 7.9] p& 24+ A5 %
o] o] g & L}EMD} o] Agle] A 117 71FE
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CD H-Loss
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3 2 1
[ \ |
— Proposed
—MLNB-BR
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Fig. 1. Comparison of three classifiers
using H-loss
CD ML-ACC
b
3 2 1
[ | | J
J
——————]
Proposed
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Fig. 2. Comparison of three classifiers

using ML-ACC
CD ST-ACC
T —
3 2 1
| | | |
—
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Fig. 3. Comparison of three classifiers
using ST-ACC
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V. Conclusions
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