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Effective Multi-label Feature Selection based on Large Offspring Set
created by Enhanced Evolutionary Search Process
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Abstract

Recent advancement in data gathering technique improves the capability of information collecting, thus
allowing the learning process between gathered data patterns and application sub—tasks. A pattern can
be associated with multiple labels, demanding multi-label learning capability, resulting in significant
attention to multi-label feature selection since it can improve multi-label learning accuracy. However,
existing evolutionary multi-label feature selection methods suffer from ineffective search process. In this
study, we propose a evolutionary search process for the task of multi-label feature selection problem.
The proposed method creates large set of offspring or new feature subsets and then retains the most
promising feature subset. Experimental results demonstrate that the proposed method can identify feature

subsets giving good multi-label classification accuracy much faster than conventional methods.
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Table 2-5% 4719 Ed -~ 57 A%5S el itk 714 Table 4. Comparison results in terms of ranking loss
FE e Wl e Al BAIslnh 2t Tableel mhA|=h Method Birds Enron LLOG Mediamill
F-L 1470 dlelglel sl F £9E 7188t t5 dolE | proposed | 0.115 0.100 0.155 0.060
Ao} A7) 2 A AToA, Aeksl= B o] BE HolEd GA 0.129 0.133 0.164 0.066
el GA, NSGA-TI, MPSORSZ ¢talaint e 22 Al NSGA-Il 0.125 0.149 0.163 0.067
Hh TMC2007 Hlo|El2 A|9)a}a Aeksl= vl o] 7b4 & MPSOFS 0.132 0.194 0.180 0.159
2o worh AFa AMelA] ASoA= LLOG HloE S A Method Medical TMC2007 Business Education
— Proposed 0.115 0.073 0.062 0.089
10]'1 xﬂO]—O} HH:H O] 7]—;(]— = H Q_ E?j‘\r/]— GA 0.145 0.075 0.070 0.100
NSGA-II 0.139 0.076 0.067 0.100
Table 2. Comparison results in terms of multi—label accuracy
MPSOFS 0.140 0.078 0.096 0.101
Method Birds Enron LLOG Mediamill Method Entertain Health Reference Science
Proposed 0.527 0.383 0.249 0.362 Proposed 0.111 0.085 0.111 0.118
GA 0.491 0.284 0.209 0.336 GA 0.140 0.098 0.130 0.154
NSGA-II 0.480 0.282 0.208 0.347 NSGA-II 0.137 0.097 0.128 0.150
MPSOFS 0.453 0.206 0.042 0.163 MPSOFS 0.153 0.098 0.140 0.157
Method Medical TMC2007 Business Education Method Social Society Avg.Rank
Proposed 0.427 0.441 0.672 0.318 Proposed 0.075 0.135 1.00
GA 0.303 0.435 0.657 0.316 GA 0.088 0.151 2.86
NSGA-II 0.297 0.434 0.662 0.318 NSGA-II 0.085 0.153 2.29
MPSOFS 0.286 0.420 0.634 0.283 MPSOFS 0.097 0.121 3.86
Method Entertain Health Reference Science
Proposed 0.396 0.537 0.436 0.288 Table 5. Comparison results in terms of normalized coverage
GA 0.361 0.499 0.422 0.231 Method Birds Enron LLOG Mediamill
NSGA-Il | 0.362 0.495 0.429 0.237 Proposed | 0.194 0.277 0.202 0.196
MPSOFS 0.365 0.496 0.414 0.234 GA 0.223 0.337 0.201 0.205
Hiciee cicfel SotEy Avg.Rank NSGA-II 0.212 0.336 0.199 0.208
Proposed | 0.546 0.371 1.00 MPSOFS | 0.222 0.413 0.201 0.330
GA 0.517 0.258 2.79 Method Medical TMC2007 | Business | Education
NSGA-Il | 0.526 0.267 2.64 Proposed | 0.155 0.203 0.132 0.148
MPSOFS 0.527 0.239 8.57 GA 0.180 0.208 0.139 0.159
Table 3. Comparison results in terms of Hamming loss NSGA-II 0.178 0.209 0.141 0.159
MPSOFS 0.179 0.211 0.168 0.159
Method Birds Enron LLOG Mediamill Method Entertain Health Reference | Science
Proposed 0.061 0.060 0.016 0.034 Proposed 0.197 0.157 0.157 0.182
GA 0.072 0.100 0.075 0.048 GA 0.221 0.167 0177 0.215
NSGA-II 0.064 0.104 0.072 0.054 NSGA-II 0.219 0.167 0.171 0.213
MPSOFS 0.135 0.198 0.292 0.174 MPSOFS 0.233 0.166 0.179 0.215
Method Medical TMC2007 Business Education Method Social Society Avg.Rank
Proposed 0.020 0.088 0.029 0.042 Proposed 0.127 0.242 1.21
GA 0.023 0.088 0.035 0.046 GA 0.140 0.257 2.86
NSGA-II 0.022 0.086 0.037 0.048 NSGA-II 0.136 0.261 2.43
MPSOFS 0.023 0.117 0.079 0.061 MPSOFS 0.145 0.317 3.50
Method Entertain Health Reference Science
T B e e e RE delEel qaln 7 53 39 A 4ed 539
NSGA-II 0.068 0.054 0.047 0.045 ol —C,’—E]E— %7:“ A 74 —Z_Q_ E]—,j\l:]— —C’L = %Zﬂﬁ 7&%‘01]*‘1 D]—OO]:
MPSOFS | 0.105 0.067 0.0886 0.110 s 2ol 2=yl A4 (Friedman test)& olef M)
Method Social Society Avg.Rank 58 vwsly] YA ARt [30]. k0] WhEe N7
Proposed | 0.025 0.054 1.07 dlole7k 8l w, R;E 1% 7Hd(null hypothesis)ell teh j
GA o042 Jooe2 |27 WA el Wi w9leka s aeE ohe Telsw E
NSGA-II 0.040 0.060 2.29 FF"E‘ 1:]——3—31} ZE—_I-% F_Tr‘i*fﬁe 7]_;(]7“ ED]—
MPSOFS 0.070 0.144 3.93
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Table 6. Summary of the Friedman statistics Ff (k=4, N=14)
and critical value in terms of each evaluation measure

Evaluation measure Iy Critical value (v=0.05)
Multi-label accuracy 30.333
Hamrmng loss 65.624 5 845
Ranking loss 75.472
Normalized coverage 16.355
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