SR FEIEESS| SAstEUs| == M3 H15 (2023, 1)

ECGE S5l Feature Ensemble 7|"9F Wolff Parkinson
White =3 2=

o T L =IT
otEl’, AT, AHE, AFE”, FAMIIAAD”
ogzmEista e T,
g e wEoluAgEeh,
"AEmEshn X e olsl)
e-mail: alswo740012@naver.com’, cv2@kakao.com’, zhfkskseh@gmail.com’,
Ohoon.jeon@gmail.com”, jgwak@ut.ackr

%

Feature Ensemble-based Wolff Parkinson White Syndrome

classification through ECG

Gyutae Oh°, Inki Kim’, Beomjun Kim’, Younghoon Jeon™, Jeonghwan Gwak(Corresponding Author)”

“Dept. of Computer Engineering, Korea National University of Transportation,
"Dept. of IT-Energy Convergence, Korea National University of Transportation,
“Dept. of Software, Korea National University of Transportation

e o

Wolff Parkinson White Syndrome(WPW)& UuiQIzH= thar] A& oz Ak} A4 Alolof] EA=
Z(Accessory Pathway)7} EAste] A3 Aot vluwstgts: o, we S22 NS 256t 74us o
O7k= Z& oulgtt. WPW o] £ So7 = sh, Haolls 757311 497 BaL, Adjle] =
o] 32| sl 797t EAlsl7] whzel QAR F3lal Aok $lEo] Brhe Flo] E4olct
olget 54L& =tAw 27 APt EiRle] Ao tofdks & ¢ e EE SRR R} B2
U 59 A5 WPWE 270l st X8 APS Aol WAlsk= Alo] vikg- Fasict. wehA, &
E=RoxE Electrocardiogram(ECG) HloJElE& 7Mlo= WPWE 502 2R3l 93 Feature
Ensemble 7[Rt 413 k55 ZYATE ARG ARkE 7He] 49 @ 1D-CNN+4 GRUE ©}8% 7]

H o] F1-Score, Accuracy 7152] &5 adS E/detSi7100l £ Taskoll Z3Hehs HojFEet

F|YE: Wolf Parkinson White 535+ A+

> T

8+ (Ensemble Learning),

A4 %= (Electrocardiogram), 4% &< (Deep Learning)

[, Introduction
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I, Proposed Method

1. Dataset
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2. Experiment and Result
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Fig. 1, ECG 12 - Lead
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Table 2. Experiment result and analysis

Precision Recall F1 Score | Accuracy
1D-CNN 0.9250 0.9279 0.9248 0.9250
LSTM 0.5583 0.5683 0.5414 0.5583
GRU 0.6500 0.6501 0.6499 0.6500
Ensemble | 0.9416 0.9440 0.9415 0.9416

lIl. Conclusion
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Fig. 2. Feature ensemble-based architecture
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