Computer Science and Application HEPIEIF 5N, 2023, 13(7), 1473-1484 Hans Y
Published Online July 2023 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.137146

«
b

ETFSE

3 b, TR
WL RFHEA G ENR A, B SE %

4RO ES EEISEHRE

Wk H . 20234F6 H20H; FHHEM: 20234F7H20H; &A1 HH: 20234F7H28H

R

TEMREZOBES SRR, DA EF EAEAN A ATER AR FE, BIIES OB
BAAZ TREOLBEER, NSBMBRIER LA —2RE, BHEEBRLNIRER. FH
RE 125 B0 B2 HIBERENR L BE SRR, SEXHEIN L, EAEEMEERM LR HZES
W4 LM ERGRAT R %%, %0 RG-S4 5H XTSI IER R R AT IL AR B BIREAST, HHEE
P48 R EX BRI BURHE A T TR S BT K. LHRE, ET5HEITISATEREE FIiF RO B
BEHRAE, X TFRROBEREAPENEEBENER, EHETEXMAHAT XEIEREE, FHLETE
HE R 2% 25 1) 1 T I SR AR 2L BT SR B A AR AE 0 5 RE AR T AR SRR SR B B . WREE L RIA R T
96.55%, RFAMZ6.91%, RWIZHEMN2%.

K §Eia
DHEESSR, AR, STHHRE, 1D-CNN, LSTM

Intelligent Diagnosis Model for ECG Signals
Based on Siamese Networks

Shuai Ma, Yuanhao Liu

College of Mathematics and Computer Science, Yan’an University, Yan’an Shaanxi

Received: Jun. 20", 2023; accepted: Jul. 20", 2023; published: Jul. 28", 2023

Abstract

In the field of medical ECG signal classification, the issue of class imbalance arises when the exist-
ing database contains a higher number of normal ECG data compared to abnormal ECG data. This
imbalance can lead to biased models and affect the classification results. To address this problem,
we propose a method combining contrastive learning with a siamese network structure to pre-
train a model for ECG signal classification. In this study, we utilized a dataset of 12-lead ECG diag-
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nostic data to construct our model. The siamese network structure was employed to pretrain the
model, where each ECG signal was matched with its corresponding positive and negative samples
to form pairs. The discriminative features extracted by the siamese network were then utilized for
downstream classification tasks. Experimental results demonstrate that the pretraining paradigm
based on contrastive learning effectively extracts discriminative features from ECG signals and sig-
nificantly overcomes the issue of data imbalance. This method successfully utilizes a large number
of positive samples, resulting in superior discriminative performance of the feature extraction
model compared to traditional methods. The accuracy of the test set reached 96.55%, with a false
positive rate of 6.91% and a false negative rate of only 2%. Overall, our study demonstrates that
utilizing a siamese network structure for pretraining, combined with contrastive learning, im-
proves the feature extraction process for ECG signal classification. This approach effectively ad-
dresses the issue of data imbalance, resulting in highly accurate classification results.
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PRI BEHLAR RS . Bensaid A M [1)25 AFIH 1D3 5 5 IR SEM AT 7328, G55 7 73%IM R Li [2]
S NAF /NS B0 BEHLARMR AT O S 5 128, IAR T 94.61%MHERIZ; J7 4TI [3]%% AR H
FE T RS IR 0 52 K5 5] & WL (support vector machine, SVM) 7328755t ECG 15 5 1E47 7038, 44551 98.01%
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PEREE IR BE S SR, 2R As 2% S AR B R o) ) f o BR 1], 44 440 X 4 A6 2R 7 [ 7 40
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2.1. ILEBES

> Hi ¥ (electrocardiogram, ECG) LA ] Ay B A7 10 %O IR (1 8 AE PRI B, o0 B 53t fafioh X2 1 e AR SR
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Figure 1. Normal ECG waveform
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Figure 2. Waveform reading ECG data set
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Table 1. Filtered data
= 1 TREEHIE

Signal Count
Norm 7174
Ml 2977

X T ARLE SRR N 2%, R P ORG JS O AR R, T — S0 HAE S HUE AR TE R R )
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Figure 3. Matching data pairs
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NBRERS RGP MG N, AR B BORAZ AR ST PN T P45 REE AN R FRD A 2 S 0o FEL S RO A AR A
T PO AR A FE G AR

3.2. ¥FEeHhsk

XFEEAR R [16] H1 Hadsell R 55 A3, A SO 2 A 00 2% 5 A4 R FRT 453 2 bR B0 1 I 28 25 4T 240
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> v 1 2 1 2
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PERURAE I LS 5 57 W LG ST 0 3, ISR SR R AT 9 S5 PR RE[17]

3.3. 1D CNN-LSTM

TE VR P A R X 28 0T O FBAE 5 AT 4 B A TR BRAR, R TS A A 2 R AR
[18]. AL AR O S ST 203, JEEX 1D-CNN A1 LSTM 4 &4 8175 310 B A5 540 25 8% [19],
B AR RO FAS 5 1 SR SRR A RO T s, 6 10 A S 5 R IR SR R A R A7 ek v o 78 A2
Befifi EREATEOH U, B TR0 S S SRR Y 100, ARERAFEZRSE/)N Dropout E 1 AT LL, [FIS 5
NHEFREGZ, Brb LA IR, B> LSTM E i 2 . K o0 Ja 1 28 2 A I 285 117 -7 )
%, TWIASERNESE 5N T NI TS
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it Embedding Network 45 #4) it 25 18 21 [3] I S A AR AN [R]RFAIE, 945 SRR A1, K 1D-CNN
5 LSTM #T4 &, SRS N ERR AN BEAT 2 A RHESR B ARG FI A LSTM SRHUR (A 4RF4E, JEi
R AR 5 2R AR N 2 AR AR 45 45 13 5] Siam-CNN-LSTM #5258, i@l — NG, REE T skl
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Figure 5. Overall classifier framework
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RO RRAE B ERE 7, [ B A5 FH 01 R B 2 8 e A 2R 1) 8 B P [20] o EAT R AT 45 I B2 R 45 1 0 4% i
FRESHOIF T WP — DGR EF B0 268, N T oK EE, BEfEMH Sigmoid #
TR, MCET BN O A SRR X R PR I A B B AT ISR, RBIRANOBES 2 E, W
s Rl 6 fis.

4. SKh
41 SHGE

AL TGN Intel Xeon Gold 6134 /Il 55 %%, #:1F R %44 CentOST7. fH Tensorflow i & %= > HE4L
HATIEARIE . R T ATSCATIR Siam-CNN-LSTM 842 4, SBIEEL [ &G 22 /4% 1D-CNN, LSTM,
RNN, 1E XS HLEEE

W A% G5 W 28 AR AL I BB TAL B 2 5 O BB I N 2 B, T Adam ARALZE I BB 25 ST RN
0.0001, batch_size K/]NJy 64, epoch y 100, INZRidHErhanRAEAYLE 10 4> epoch ¥ W] A& TRl 1124
A 2o U ZRZR AR Y 285 1 1 S G R AE B BURSEER 3E 47 T 25, R DC BC 47 1 i 5o 1B 4T I 4k, ¥ & batch_size
4 64, epochs 2y 100 1 FH Adam fILAb 23 JF 1B % ) %0 0.0001, ikFxf LU R E Ak R g, BB A E
Z 4 margin 24 1.6, UIARBEAYLE 10 4> epoch &AL RIRFHEIF ISR, VREEIIRE, ®E TMESH
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Figure 6. Network structure
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AERFIAS, o I A TR0 A P A A S B T ) o B
TP+TN

Accuracy = 2
TP+ TN+FP+FN

Precision, 7ERTA N IEREA BB T 2/ S2hroN1E, SRR SEBR i TN R ) O FELAS 5
TP
TP +FP
BEZ, SRR ERFEARTA 2R NAE, JEARIEFROBEES, 20808 IE:
TP

Recall=———— 4)
TP+FN

Fl-score, FEEUAERGZANA B2, HRMATE 0RO
2 -Recall - Precision

F-measure = i (5)
Recall+Precision

Precision =

®)

AUC i T8y KA K — iR fabs, b POUIEREARCE, NOAFREALE p W EREATN
o ny AR TINS5 -

PisMi ), on
AUC = & (6)
P-N
R, RIEFHMER, #E8RIm ARE
TPR——'" @)
TP+FN
TRPEYE, 824 E S AR B2 Wik Ie 45 A FHPE, X RIS 2
FPR=—"" 8)
FP+TN
M, Fi8 4B SN B B2 WREe &5 RNV, KRR RIS %
FNR=—N )
TP +FN
Table 2. Confusion matrix
=2 REEE
T A IEAE AR TR A A A
SEBRA IEAEAR True Positive (TP) False Negative (FN)
SRR A AR False Positive (FP) True Negative (TN)

4.3. SRIREER

AU _EIR PP SR FR X0 HUE 5 70 AT VR, IS R ANR S MR AR E , HRIRr R
AT o 0f B SIZIG B A% SRR 0 FEAS S EAT 202, TR A I 4 B 1) 73 AR HE T 2 SR W] 52
PER G AR G

XTI PO BRI RS R ERI R . KR, HHE F1 . AUC HRBUZ. BRITEME
FAPERFEbR e 3 prall, W AR AR I 23 R AR I 4R HER A< IL £ 96.55%, 1y T LLSe i b i M g i 4
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k2%, [EIRS Siam-CNN-LSTM [ 7 [A1Z )y 93.08%, AUC 1y 95.54%) N, BT 6.91%, KT
FUEEAY o AR R SRBURE T VAN N AR AR I 2% SR AR R R IO, X i Y DA 2 A o 9 ) Dy Rl ) A A
MNEL SR TR R E S R AIRE ST T, R T AR A X AR AR AR BT SR R AE AR AL AT 402,
PRI B A A U A LU B R 08 08 2 B i (A

Table 3. Experimental result

3. FWER

1D-CNN RNN LSTM Transformer Siam-CNN Siam-CNN-LSTM

Accuracy 0.9172 0.8355 0.9359 0.9517 0.9632 0.9655
Precision 0.8839 0.7519 0.9016 0.9232 0.9626 0.9510
Recall 0.8241 0.6588 0.8784 0.9119 0.9149 0.9308
F1-score 0.8529 0.7023 0.8898 0.9175 0.9381 0.9408
AUC 0.8898 0.7840 0.9192 0.9401 0.9496 0.9554
R MU 0.9555 0.9092 0.9599 0.9683 0.9844 0.9799
BRI R 0.1758 0.3411 0.1215 0.0880 0.0850 0.0691
RS R 2% 0.0444 0.0907 0.0400 0.0316 0.0155 0.0200
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