http://dx.doi.org/10.14400/JDC.2014.12.8.321

A Fie] B4 UL o8 2 BF
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Abstract Feature selection is the technique to improve the classification performance by using a minimal set
by removing features that are not related with each other and characterized by redundancy. This study proposed
new feature selection using the distance between the center of gravity of the bounded sum of weighted fuzzy
membership functions (BSWFMs) provided by the neural network with weighted fuzzy membership functions
(NEWFM) in order to improve the classification performance. The distance-based feature selection selects the
minimum features by removing the worst features with the shortest distance between the center of gravity of
BSWFMs from the 24 initial features one by one, and then 22 minimum features are selected with the highest
performance result. The proposed methodology shows that sensitivity, specificity, and accuracy are 97.7%,
99.7%, and 98.7% with 22 minimum features, respectively.
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(Table 1) Numbers of training and test sets

Class Train set Test set Total set
Epileptic 500 300 800
Normal 500 300 800

Total 1000 600 1600
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(Table 2) Feature description

No |Description of the features

1 Mean of the absolute values of the coefficients in each
sub-band
Average power of the coefficients in each sub—band
Standard deviation of the coefficients in each sub—band
Ratio of the absolute mean values of adjacent sub—bands
Median of the coefficients in each sub-band
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[Fig. 5] The example of distance between center
of gravity in BSWFMs
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(Table 4) Number of instances for performance
results without feature selection

Class Results
Epileptic seizure signals TP FN
(300) 288 12
Normal signals FP TN
(300) 0 300
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(Table 5) Number of instances for performance
results with feature selection

Class Results
Epileptic seizure signals TP FP
(300) 293 7
Normal signals FN TN
(300) 1 299

(Table 6) Comparisons of performance results

Sensitivity | Specificity | Accuracy
Subasi[3] 95% 94% 94.5%
Without feature selection[4]|  96% 100% 98%
With feature selection 97.7% 99.7% 98.7%

5. 2 E

B =Ho| A= NEWFMe a5 3AolA A==
BSWFEMS] FAFATe] A g 7|Hteg 3t 54 Ald]

< o83t FLEIF 7P ke 5AS s Alst
STk ol FAl FREIH 7P B 54 sk Al st
HA 3 BRE R #Hee 548 Addste] Ha
T TS Teke Wk AjketaL otk ol 5
Adejol o] gato] 24709] 27] 5o =RE T3 2270
#2575 NEWFM?| 18 o= ARgato] &5 45l
Slo1M HaLel 57 s TeATh & =l A A’k
= FAEAREE] A o7k 5 Ade Eaasy
i Al FYFE F= SRS ANFoR 549
FE AL} AAFL M w2 EF TS TR S U
Al 3=tk NEWEMO A Al g-sh= BSWEMe] 77154
ko] Al 7wke] 54 S o] 83 W, Sk, 4
SH9] 5 Aol holAM 22 97.7%, 9.7%, W1%6E
BTl o3 £/ Ao 54 AES o8
3L R W, Solk, Aote] 5t Al 9ol
7}z 96%, 100%, 98% M.t Ml Sokel] glojA=

30671 YA LhersA R gt
1.7%, 0.7%7} = A VrEbstT.
Ao Hvks EA &

Table 3>¢] ZA3}= 7]4t
52 ol g3 AiFREst 2L

baan g,

N

=}
"‘OJ

J

ogﬁ/\ﬁ

¢
-4
N

s Tl R

REFERENCES

[1] Admi, H and Shaham, B., Living with epilepsy:
ordinary  people coping with extraordinary
situations, Qualitative Health Research, Vol.17,
pp.1178-1187, 2007.

[2] Korean Neurological Association. Neurology, Seoul:
Koonja Publishing Co., 2007.

[3] Abdulhamit Subasi, EEG signal classification using
wavelet feature extraction and a mixture of expert
model, Expert Systems with Applications, Vol.32,
Issue 4, pp.1084 - 1093, 2007.

[4] Sang-Hong Lee and Joon S. Lim, Extracting Input
Features and Fuzzy Rules for Classifying Epilepsy
Based on NEWEM, Journal of Internet Computing
and Services, Vol.10, No.5, pp.127-133, 2009.

[6] Joon S. Lim, Finding Features for Real-Time
Premature Ventricular Contraction Detection Using
a Fuzzy Neural Network System, IEEE
Transactions on Neural Networks, Vol.20, No.3,
pp.522-527, 2009.

[6] Andrzejak, R. G., Lehnertz, K., Mormann, F., Rieke,
C., David, P, and Elger, C. E, Indications of
nonlinear deterministic and finite dimensional
structures in time series of brain electrical activity:
Dependence on recording region and brain state,
Physical Review E, 64, 061907, 2001.

[71 Minh Hoai Nguyen and Fernando de la Torre,
Optimal feature selection for support vector
machines, Pattern Recognition, Vol.43, pp.584-591,
2010.

[8] Patricia EN. Lutu and Andries P. Engelbrecht, A
decision rule-based method for feature selection in
predictive data mining, Expert Systems with
Applications, Vol.37, pp.602-609, 2010.

[9] Kabir M, Shahjahan, and Murase K, A new local
search based hybrid genetic algorithm for feature
selection, Neurocomputing, Vol.74, pp.2914-2928,
2011.

[10] Lee CP and Leu Y, A novel hybrid feature
selection method for microarray data analysis,

326 | Journal of Digital Convergence 2014 Aug; 12(8): 321-327



Classification of Epilepsy Using Distance—Based Feature Selection

Applied Soft Computing, Vol.11, pp.208-213, 2011.

[11] F Shayegha, S Sadria, R Amirfattahia, K
Ansari-Aslb. A model-based method for
computation ofcorrelation dimension, Lyapunov
exponents andsynchronization from depth-EEG
signals, COMPUT METH PROG BIO, Vol.113,
pp.323-337, 2014.

[12] Giler NH, Ubeyli ED, Giiler I. Recurrent neural
networks employing Lyapunov exponents for EEG
signal classification, Expert Sys Appl, Vol.25,
pp.506-514, 2005.

[13] Lehnertz K, Elger CE. Spatio-temporal dynamics
of the primary epileptogenic area in temporal lobe
epilepsy characterized by neuronal complexity loss,
Electroencephalogr  Clin  Neurophysiol, Vol.95,
pp.108-117, 1995.

[14] Avci E, Hanbay D, Varol A. An expert discrete
wavelet adaptive network based fuzzy inference
system for digital modulation recognition, Expert
Syst Appl, Vol.33, pp.582-589, 2007.

[15] Giler I, Ubeyli ED. Adaptive neuro—fuzzy
inference system for classification of EEG signals
using wavelet coefficients, ] Neurosci Methods,
Vol.148, pp.113-121, 2005.

[16] Chandaka S, Chatterjee A, Munshi S.
Cross—correlation aided support vector machine
classifier for classification of EEG signals, Expert
Syst Appl, Vol.36, pp.1329-1336, 2009.

[17]1 Ling G, Daniel R, Jose A.S. Alejandro P.
Classification of EEG Signals Using Relative
Wavelet Energy and Artificial Neural Networks,
GEC (June), pp.177-183, 2009.

[18] M. Setnes and H. Roubos, GA-Fuzzy Modeling
and Classification :
[EEE Trans,,
pp.509-522, 2000.

[19] Kemal Polat and Salih Giines, Artificial immune
recognition system with fuzzy resource allocation

Complexity and Performance,

Fuzzy Systems, Vol.8, No.b,

mechanism classifier, principal component analysis
and FFT method based new hybrid automated
identification system for classification of EEG

signals, Expert Systems with Applications, Vol.34,
Issue 3, pp.2039-2048, 2008

o] A} Z(Lee, Sang Hong)
D 190 22 ¢ A9
ha( 4—‘6]—/\]-
A 2 AT D

o,
é".:
|=J
2
>
B
>,

o,
S
2;
RO
>
_10“
:4_
= o
Ol
%
5
>~
>

. 2012Lﬂ 2% %]
£ QARSI %awn
<2013 3¥ ~ EA gk
AFE e} 2
130} ¢ neuro—fuzzy systeme ©]-&3 A&7} Al
+ E-Mail : shleedosa@gmail.com, shleedosa@anyang.ackr

Al

Journal of Digital Convergence | 327



