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Performance Improvement of Feature Selection Methods based on
Bio-Inspired Algorithms

Chulmin Yun' - Jihoon Yang™

ABSTRACT

Feature Selection is one of methods to improve the classification accuracy of data in the field of machine leaming. Many feature
selection algorithms have been proposed and discussed for vears. However, the problem of finding the optimal feature subset from full data
still remains to be a difficult problem. Bio-inspired algorithms are well-known evolutionary algorithms based on the principles of behavior
of organisms, and very useful methods to find the optimal solution in optimization problems. Bio-inspired algorithms are also used in the
field of feature selection problems. So in this paper we proposed new improved bio-inspired algorithms for feature selection. We used
well-known bio-inspired algorithms, Genetic Algorithm (GA) and Particle Swarm Optimization (PSO), to find the optimal subset of
features that shows the best performance in classification accuracy. In addition, we modified the bio-inspired algorithms considering the
prior importance (prior relevance) of each feature, We chose the mRMR method, which can measure the goodness of single feature, to set
the prior importance of each feature. We modified the evolution operators of GA and PSQ by using the prior importance of each feature.
We verified the performance of the proposed methods by experiment with datasets. Feature selection methods using GA and PSO produced
better performances in terms of the classification accuracy. The modified method with the prior importance demonstrated improved
performances in terms of the evolution speed and the classification accuracy.
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Algorithm 3.1

Mutation in Feature Selection using GA + mRMR

N Number of Population

n : Number of Bits in Gene (=Number of Features)
= {@,)sT;9s-»;,, } ¢ List of Features

P,,, Probability of Mutation (0 <5, <1)

/* Do Mutation */
For i=1to IV
For j=1 ton
get random value rand (0 <rand <1)

If (rand<P,)
If (z,,=0)
If (z;£D,) then ;=0 // No change
Else z,;=1

Else If (z;;=1)

If (z;€D,) then z,;=1 // No change
Else z;,=0

Endif

Endfor
Endfor
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Algorithm 3.2 Feature Selection using PSO + mRMR

7' : Number of Iteration

N : Number of Particles

D : Number of Bits in Particle (=Number of Features)

XY= (21,2902, p) * List of Features in ith particle at time ¢
¢, ¢ ' cognitive parameter

For t=1to T
For i=1to NV
For d=1to D

o =l 0=l )
olo,,) = m
Get random value p,; (0.0 <p, < 1.0)
If ( py<slv,(e)))
If (¢,€D;) then z,;(t)=0
Else z,(t)=1
Else If ( p,, >s(v,(t)) )
If (;€D,) then z,;(t)=1

Else x,,(t)=0
Endfor
Endfor
Endfor
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Image Segmentation 79.87 8784 85.80 Image Segmentation| 84.85 84.85 84.85 34.85

Flag 56.19 70.62 64.43 Flag 7062 70.10 7216 73.20
Hepatitis 85.16 7935 8381 Hepatitis 8968 | 8968 | 9032 | 9032
Lung Cancer 62.50 59.38 50.00 Lung Cancer 84.38 84.38 87.50 90.63
Promoter 82.08 82.08 82,08 Promoter 92.45 9340 94.34 9%5.28

Splice 91.25 92.60 8455 Splice 91.38 9144 | 9163 91.97
Optdigits 91.66 89.62 98.14 Optdigits 9273 93.60 93.23 93.70

SpectF 68.54 7378 79.78 SpectF 79.40 79.40 79.03 79.40
Connect-4 54.85 63.68 63.82 Connect-4 66.71 66.70 68.74 69.03

Water Treatment 74.76 70.02 8.75 Water Treatment 78.94 79.13 7932 7799

Isolet 84.35 8324 9.81 Isolet 89.10 8957 89.64 89.64

HDR Multifeature 9.35 94.60 98.40 HDR Multifeature 96.35 96.25 96.70 97.30
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or

(E 5) 7|F GA PSO% AIM ER=& 0|88 Wymne| Ms

H|1 (C4.5) H|m (SMO with Linear Kernel)

dol GA ;';MR PSO ;SROM}+I ol e} GA ;’:‘m PSO mm
Audiology 78.32 78.32 78.32 78.32 Audiology 85.84 H.84 85.84 8715
Dermatology 95.90 95.90 95.90 95.90 Dermatology 98.63 9891 9891 9891
Musk 84.00 85.26 88.00 89.26 Musk 85.26 85.05 85.89 85.89
Spambase 93.13 9370 | 9381 93.61 Spambase 90.09 90.39 90.39 90.48
Arrhythmia 72.35 72.35 73.23 73.23 Arrhythmia 73.01 7545 74.25 7545
Ionosphere 92.02 92.02 91.17 9231 lIonosphere 90.60 90.31 92.31 91.45
Waveform 76.84 76.84 77.64 77.64 Waveform 81.42 81.42 81.60 81.60
Sonar 78.85 78.85 84.13 84.13 Sonar 81.73 82.21 84.62 83.65
Image Segmentation | 8810 814 | 82 83.23 Image Segmentation | 86.10 86.10 86.15 86.15
Flag 7371 74.23 74.23 75.26 Flag 66.49 69.55 69.07 7165
Hepatitis 881 | #8452 85.81 85.81 Hepatitis 88.39 86.45 89.68 89.68
Lung Cancer 71.88 71.88 71.88 71.88 Lung Cancer 78.13 84.38 87.50 87.50
Promoter 86.79 86.79 86.79 86.79 Promoter 96.23 93.40 9%5.28 %H.28
Splice 94.48 93.98 9.70 94.61 Splice 85.36 85.36 85.17 85.30
Optdigits 90.03 89.69 90.40 91.43 Optdigits 98.17 98.22 98.33 98.38
SpectF 83.52 83.52 86.14 84.64 SpectF 79.40 79.40 79.40 79.40
Connect-4 70.19 7062 70.33 70.62 Connect-4 64.83 64.83 64.83 64.83
Water Treatment 72.87 73.06 76.28 74.95 Water Treatment 7951 80.08 79.89 8121
Isolet 8355 855 | ™56 86.57 Isolet 96.75 96.90 96.75 97.43

HDR Multifeature 96.40 97.10 96.65 96.65 HDR Multifeature 99.10 99.45 99.53 99.53

(GA + mRMR), PSO¢t mRMR+% 2% PSO(PSO + mRMR)
& M2 ¥uasgen, Asel o £ Fo YE2 EAF

Act.

Hol= vt o], GA% PSOE AHgdtd §4 €&
g 2+ A dolHE AHERE wEg £7F HF Wl
A o FolAle AL A + Y3, EF gFE Fe
mRMRE |83 Ald FREE dAste ANAF Wyge
GAS} PSO ¥%FolA 71£2] GASH PSOBHECTE ¢ Y&
TF A8EE Jeidlch dAHe2 Beks 9= PSO +
mRMR %o] 7}4 u4& &7 ASEE Ho, £7F HF @

dA 74 4L $8& ¥ & + gk

FOUAZ, ARE BB HEN BRAYE} F5E
FAE 7 EE Hud BES @ o] HuE ox
Wio] o WE Az Qh] HAHo] £ REIFE Fopd
T JEAY o5& By AF vz, A4 oy F
2 9 dio]Ed] thate] v Alhrit =25 HA 54 §
TS 7 Adee 2dZe FHs] blws ®olt
ZI2HE Ade] B HFE A2FL AP B4, F
7 A%5(%)E Yehd.

a2YPZE Y & F ARl 2039 FHY PEE AX

M mRMRE AHE@ Wol /& wnc o W
5o £9@th & mRMRE AH8® WY
eg /A Fuz, J1E Wl vl

=

] s
(%) oo HHY 54 2P Fohht o

5d B

A7 £4 Addo] A o] §A AejA =
duFS ol4s 54 dd FAE AZs= ¥y F
frdzl 22 FGAH JEE A FHKPSO)E o &%
A9 FAe] 54 AE @l el Hzs wgich z2jm
AFHor V)& 54 A8 Wy F sl 43 Ay
7l mRMR W2 Z23std 549 Hd FREE AMA
AEZ AHg3te] 99 F QA 2y duFs o8
BAE o AN 54 AE P g AdEtx, 44
HolE & o] &3] AYT WA HsS AFH Byt

dEE T3 AAY & UARe], GAst PSO9| F A
A 2 GuES ol8F An WA 54 A9 wye
dolele] ¥/ A% o B =& FAL EF 4%
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