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A A E(electrocardiogram, ECG) A& EA& Algy BoAgoA ALg3F dlolElE H Scientific Data
A%s g o JPF wWol AMgHE HhHo| A Ade] F/HE HelHE F$= Chapman University <}
AZATe] dFol = ol AFsAME B2 A7t Shaoxing People’s Hospital o4 =33 12 gl= ECG
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sty RdS  m A %ZA(fine-tuning) AT}
g u, wixAlolzE 32 & ARESESla,
S Elrto] A (Adam optimizer)® & A 3313t}
ALg-3 ofde] St&EELS [le-3, Se-4, le-4, Se-5, le-
515 ulrHA AREER 3, HFdolEdA 7Y =2
AYTLE Hol= SEFE le-3 ¥ wo mdd
dolHE A&y, gl 2dE9
w9 s A %7] FE(early stopping) HH-S 283519}
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53 ~77aPor e Y wlow © £
AeS Hole RdS wE $ e Aol
2 AFdae B 2z ade fa4es Holy
A Inception-v3 EEWS  ALgadA T ThE
Hdejd Rdodx 53 A~7zado] UL A
Bolte B QY. A AxE dukslslr] feiM =
theFs 2D-CNN 2do] Az ZAyrl 51wz g ojof
e
g o)z 7hele AR Y AR
- A 55 (AUC) A% (AUC)
Lead I 92.76(0.986)
Lead II 94.51(0.993)
Lead III 91.82(0.984)
aVR 93.85(0.991)
aVL 92.57(0.987)
aVF 92.81(0.991)
95.74(0.995)
V1 93.95(0.991)
V2 90.07(0.981)
V3 92.34(0.983)
V4 89.78(0.980)
V5 92.53(0.985)
V6 91.49(0.981)
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