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Abstract

Abstract - The bio signals essentially have different characteristics in each person. And the main purpose of automatic diagnosis algorithm
based on bio signals focuses on discriminating differences of abnormal state from personal differences. In this paper, we propose automatic
ECG diagnosis algorithm which discriminates normal heart beats from premature ventricular contraction using optimization of wavelet
parameterization to solve that problem. The proposed algorithm optimizes wavelet parameter to let energy of signal be concentrated on
specific scale band. We can reduce the personal differences and consequently highlight the differences coming from arthythmia via this
process. The proposed algorithm using ELM as a classifier show high discrimination performance between normal beat and PVC. From the
experimental results on MIT-BIH arrhythmia database the performances of the proposed algorithm are 98.1% in accuracy, 93.0% in
sensitivity, 96.4% in positive predictivity, and 0.8% in false positive rate. This results are similar or higher then results of existing researches
in spite of small human intervention.
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Fig. 1. The examples of mother wavelet based upon changing ¢, 3 in wavelet parameterization, (a) is Haar wavelet, a=3, (b) is «=4.7124, 3=0.94248, (c) is
similar to Daubechies 2, o=4.7124, 3=5.3407, (d) is similar to Daubechies 3, o,=1.3598, 3=-0.7821, (e) is similar to Coiflet, «:=5.3407, 3=5.969, (f) is
similar o biorthogonal 1.3, :=4.0841, 3=4.3982
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Fig. 2. The block diagram of proposed algorithm
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Z71g SHEstE Yol S M

Table 3, The obtained optimum wavelet parameters with each files of MIT-BIH arrhythmia database in Cddmax condition case. The ‘rate’, o and 3 mean value
of criterion and two wavelet parameters at optimal conditions.

0017 4.643 1780 3.962 2793 4.643

0526 0431 0454 0319 0597 0.559
1.030
0.506 0576 5.114 4974 0611 0541 6.196

0414 0.554 0383 0446 0561 0216 0354
1.850 1.763 1972 1693 4171 4.660 1.937

5149 5166 0576 5096 4992 0628 5201
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Fig. 3. The graph of searching pracess for optimal condition and optimal mother wavelet graph, {left) The Cd4max rate of 108, 116, 119 file in MIT-BIH arthythmia
database. The white arrow is located at optimum «v, 3. (b} The waveform of optimal mother wavelet of 106, 116, 119 file
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B 4, 7t EN3} x4 Mot SX 40| FDR B, HjZA2 2 &52 FDRO| 10 ojziel Z< FNE MIT-BIH 232 Ho|Ej# 0|22 Tl 15

Table 4, The FDR value of proposed feature elements for each optimal condition. The gray backgrounds indicate that FDR is less than 1. FN stands for file numbe:
of MIT-BIH arrhythmia database.

106 0. 288 2219
120 | 116 206 2838 3281 784 328 298
ge7 | 119 | 14686 7343 543 9333 1141
1977 379 | 201 70.01 9.33

067 054 | 203 2,01 1.06
136 061 | 208 27.36 5.39
1.03 215 15.02 9.36
8.43 223 9.42 8.13
5.20 200 15.38 5.65
157 069 | 210 573 6.22

9.95
7

371 001 | 213 o064 27.92

7506 62.63
2.75
116

12.67 16.47

228 3.97
233 1.45

- 1.06 2.1 0.30
085 0.98 0.01

228
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5, Mot SEQMUET) U 7Iet 5HQA0| FORHIL, tjZMS 22 SHE-2 FDRO| 1 0|2tel 242 FN2 MIT-BIH 574 tlole{ojAe| miel HE
Table 5, The FDR value of proposed feature element of control group and t
stands for file number of MIT-BIH arrthythmia database.

S Dt%salcl%m Coifl

the others feature elements. The gray backgrounds indicate that FDR is less than 1. FN

B | G8/1  dSab  da/ds  ddjas o
106 0.302 2.945 3‘019 0.632 1.641 1.755 106 0759 3.016 3.225 1.083 1.724 1.973

116 17.634 14347 20367 4045 0106 3855 | 116 20242 11971 17.524 4679 0931 4031

119 0001 31914 56352 2889 14.369 16544 | 119 89.62 11.237 17.643 2522

201 13.681 31794 48183 14928 8729 1711 | 201 27.378 4579 13199
203 0548 058 0079 0151 1361 0176 | 203 0254 0101
208 0056 9514 12683 1277 5507 5524 | 208 6674 5783

215 5479 4802 18863 9.697 0283 9.666 | 215 0312 7543

223 0442 7028 3623 0638 2747 4817 | 223 0668 1142

200 0042 8561 4988 0663 3477 3873 | 200 1582 4348 5373 1199 3.035

210 021 3458 0969 0027 4194 1794 | 210 0134 1697 0885 1173 0958

213 0496 14.015 1398 1.856 0668 10191 | 213 6367 1612 24575 1751 13.282
221 6892 27.377 49.084 15161 10227 15348 | 221 23934 21.03

6.167 1453
228 015 1375 1665 0244 0034 0758 | 228 0154 o
233 0915 061 0002 0297 6079 0O 233 0,009

106 9843 371 7528
116 14121 13721 9.268
119 6187 26844 198.86
201 0005 0702 5505
203 1782 0522 0336
208 1484 2209 15081
215 3677 1598  7.943
223 2409 1253 0761
200 2175 3511 3441
210 2204 1741 0

213 0439 0366 24.886
221 3072 5776  12.88
228 4764 12055 7.849
233 4443 4.636 0676
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3Sc. ol 2a -)r-ﬁ} B ARRAPL FARAA A Y Sensitivity (Se)= 5 X 100
dol & A3t 24 g2 A gol 5 & YeR A3} (14)
o) 854S SRIslon, So FDR 28 Sold ofel 473} P
24 = /M AYe 2AL ol HA A%e Ho Positive Predictivity (+ P)= TP+ FP x 100
CddmaxE 718 2 Qoj7l SAUEIE ELMo] a4l Qo]
A AR 6°ﬂ O 71& =74 279 v wso] yeht oo .. P
Algt &2 ZL Chazale] 20049 AT{6], 2006 A7) False Positive Rate (FPR) = FPI TN > 100
Accuracy(Acc), Sensitivity(Se), Positive Predictivity(+P),
False Positive Rate(FPR) =8l A 5 7}3}9] c}. 9] A TP, TN, FP, FN< Z7Z True positive, True
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E 6, HMoLnn|EN7|E Y| Ee| 45EItH|n

Table 6, The performance comparison between proposed algorithm and existing algorithms.

Chazal [¢] (20
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