Modeling and Simulation E#515H, 2024, 13(2), 1693-1704 Hans X
Published Online March 2024 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2024.132160

ETAREFINSIHRE I LBRFESTE

BREER, ThE e
FER TR RE R SR LY, Ll

ks HiH: 20244F1H9H; FHHEM: 20244F3H21H; KA HM: 20244F3428H

B

O B (ECG) B 2 REA CERNEFLS RN T AR KL, FA—NEEEEHEZHL
BRE. AT RBRBESREZSHORKRE, ASCRE T —FRE 2 MER U K — 48R & M 2%
R, 1SRN S BB RE S I T ERBURHERREIA R, SIARRER AL Reas 5 SR
S LBESHAREENZEALEZ AINZEREBHFRANSSERMER TR, RE2FGEELNT
HOBREA R ERRE,; KK, BEERNSORURERRBE BT ERA T iRk
SR LT 25 AT SR IR A AN IAG . FEBNATTEI S A0 R AL CPSC2 018 P TB-XL_E 1A %
WIS, macro-F14)}3iA%]84.13%F173.6%. SLWMEERRY, ZAEAEG RIFISHKMERE.

XA
DB, BEES, ZHREPRE, BRHEMLE, ERIVMH, BEAHE

Multi-Label Imbalanced ECG Signal
Classification Based on Deep Learning

Haocheng Gu, Zhanquan Sun
School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,

Shanghai

Received: Jan. 9", 2024; accepted: Mar. 21%, 2024; published: Mar. 28", 2024

Abstract

The technology of automatic Electrocardiogram (ECG) classification has emerged as a hot area of
research in medical diagnostics. In clinical practice, a single patient often exhibits multiple types
of cardiac arrhythmias. To accurately classify these diverse arrhythmias, this paper introduces a
one-dimensional Convolutional Neural Network model that incorporates multiple attention me-
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chanisms. Compared with the limited ability of traditional machine learning or deep learning me-
thods to extract features, the introduced attention mechanism can guide the model to learn the
difference information between different channels and spatial locations in ECG signals, and com-
bine with global sparse self-attention to improve the classification simulation model’s attention to
arrhythmia-related features. We address the class imbalance problem brought about by mul-
ti-labels through resampling techniques and the integration of label correlation strategies into the
design of the loss function. The performance of this network is evaluated on two public multi-label
ECG datasets, CPSC2018 and PTB-XL, with macro-F1 reaching 84.13% and 73.6%, respectively.
Experimental results indicate that the model demonstrates excellent classification performance.
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O HLE(ECG) & — Rl 2 ot AR A (10 i A A A T2, e ] DUIE b A U A S O T FELAE 5
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WF I ITVE, AFERERI[L]. BENLARAR[2) AN SR EAL[3]. (EIXLE 5y, 5 AR AL B T B R AE
PREUR G615 5 PIRIF S FRHIE . IEAESR, B TREE S SIBOR B BRI 1Z B, AR M 45 (CNN)
FRATE B Aot 28 T 8% (RININT) 5 i 281 iy P32 5 2 SIS 28 U FH - BB AS 5 TP R IS /K AR AE SR SR B ECG 2
Wr. Rajpurkar 55 A[4]350T 7 — PR BEBS R A I 26 48 H 91,232 AN HL S GO FEEIEAT 12 P20 11 45
Js. Xiong % A\ [5]38 5 (5 A A8 8 L AR e (STFT) R i ECG 55, B HFIRNINEE, FH454 CNN
T SEEAERA B OV R R 43 28 . Gao S5 N [6]45 K HH L Z(LSTM) M 48 7E JE-F4iiT 1) ECG a4 FA I
OERERHE, FIH LSTM 4.0 i S 5 MK IR OC &, B R8Ot 1R ) O R R 3 IR LE R IEAT 402K

SRIM, TELARTRIRIR /> TAEH, ECG Wit e —Fr%esr2E, e 120 T eI RS Rl — AN &
HZMOEREIFRMATRENE . XEWE — N OBRGESIER PRI Z A 0ERE, AR 0HRE
M EZE AR, B, “OEESY” M AR TR @ FEREI, 2 CEET R “f
WAL SRR A AR IR HIL[7]. Ran & AT AN RIS B RO R A AT BRAFAEA G, R FR%E
RIRPEMANFEA, 51 FMELEI R 2 2 ) B R bR 2R 0R . Ge 815N T & IBIEER 11
SE BB, 12U I 2 SRR 2 1] [ AH G 1 SR 38 5 %o B BEREAE (1) OV, ok X AN A RAREAE [ 40 A
Natarajan %6 A [9)#&HH T —FF H T2 B0 B 0 R TEE R4 Transformer 751k, HZ AN HIERE IR
PO A 2 A, I 2 2] 2 (B SRR E BLRRAE, SEI ECG 0 RE45 . N T e IR IR 2 AR 2E 5y
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1) X T 2RRBAES KRR, WFEE 2 RS FEATE 24T Synthetic minority over-sampling
technique (SMOTE) [10]F R FF AR DLF-fir £ 4

2) RHIEIE - 25822 X AL (CSCA), 454 Transformer W4 /Fim 2k HiEE 11, mHH
FH o HLAE 5 A [R]85 8] 7 B2 8] (A MR G IR N A R R, R 0 B AU 5 0 R
RFHE I RVERR B

3) TETHEAN R BN 2% iof B AARZE A O AEAS EHE PE, $E M AR 1R 3 RIG 0L T IR TR E

2. BERESHREE
2.1. R

WATESE T PN H AT OHEERH 2 AT 5 i F 0 2 b5 2 50 SR I TE AT B R Re R E— 20
e BRI RS 25, CPSC2018 [11]/2 2018 4 rh [E A FiE S Hh i Z SR it i B e 4. %3
WA 11 RERBETR, T ATFRINSGETEE T 6877 &icsk, Hd B4k 3699 %, ik 3178 4.
5T RS Y 500 Hz, #E5KI0sk B S bridE 12 3. BT & K0k AEK, &RENA 65, HKMIA
BT 144 s W ROEWE G, AL 10 R ERNZICRY 2R 10 b, B 10 BP0 R
BT 10 B0, DALAS 20AH R 4E R B S2Be BE . PTB-XL [12].0 R B s 42 Kk 1 18,885 44 s i) 21,837 MMl
IR 12 FHCO IR BSR4, o 52% 9 55 1%, 48% 9 4cttk . SRAEAIA N 500 Hz, &N 10 75,
FAAhRdE 12 S8 BN EIREIIEIR 8:1:1 ML BIBENLRI 0 A I ZREE . B IEAE AN R4k .

T 2 bR 2 H £ P i A7 AE R A FE AR BRI S, W LA 2 B s B, 1 58 2 B
BT REA A XK T BRI ) TR 1R 7 N mi o, b s kR . S T 4%
B SR R A R I, BAE LR P ECG ZAn% 44 LR SMOTE S REERIA, Xt
TN FIREA AT I RFE, K& B2 A RE A AT RO A

1 J@7R T Lh CPSC2018 Hii4E A, HRAERTJG S — MR ML O FAs [ ot 2k B R RE A
Ho PR b, —%% ECG 4 nT /8 [ i 0 2 R ATUR il Ik o R, TR it R A 2 S (1 s S 2
5l oA R REIE B — AR P RS .

2.2. kB

RSN T EE S A fa B TRAC B TR N ZE N, il SICREE B ECG 5 5 AT LA
I R 50, DAL AE D it P F AL R AT AR X = (X %o, X0 % o< <, JEeR n?‘?ﬁﬂlléﬁ%
8 n 4% ECG idat, x #aZERIEE i 4 ECG idat. MANBOSHTRROHETE MRS
BEY, = (Y0 Yoo Yoo Yo o IST <y FORVIGREE R ES | 4% ECG e 0t BLIMAR (S B, JLA4ERE N g =1,
R NUES Y 18 0, 1XHF 5] SRS SR RO AR R B B RHE . BRI SR R, it
5/ 3 FRAE SO R BRI SR IR AR, ATt 45 S D i) T4 As o T8 I 1 B4 % R Al b AN [
A A SRR AR AN [R) 2R3 () ok, R A R 2 S5 (453 2K BR A A 3R (1) BT «
Lwelghted BCE ——Zzw [ Ye log yc _(1_ yc)IOQ (1_ 9c )] )

1 c=l

Hrp, n UK ECG ilxH®, q NRAMEE, y, AEH ¢ BIFREE, §, NI ¢ B IR . w, 92k
¢ MRLE, THEIHEIN AR Q@) FR:
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Record counts of 9 different arrhythmia types corresponding to the first label in the CPSC2018 dataset
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Figure 1. Class distribution before and after resampling
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S RPURIEA b, BN T IR RGN R A, AR A TR AN B S 1) A R e . T
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A= 2.110‘ ~(1—Cos_similarityij) (4)
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AP T — Pl 85 2 M IR G — SR E g, W 2 Fios, P ERES AR
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Figure 2. Overall structure of the network
2. MR E

12 FHEI ECG {55 1 %6 7E SO MBI =AM 30 A 1 x 3 F—4E5A0 . PRt fb Al Kb An
1T R RN EIRRE R —, ] 1 x 3 I—4E G ARE A SR dE A ) Je it bt — D3RR S1~S3
B B A5 FH AH F) 25 #4011 Max-attention VIT AR, #EZMRE 258 1. 1. 2, % CSCA-Conv.
Window-Attention 1 Grid-Attention =/Mbibk., % x /& CSCA-Conv fRER I NEFAE, AR, &
W7 IEH— A Z RS, R AR AR (G)HR:

X Conv(AngooI (x)) + Conv(CSCA( DWConv(Conv(x)))) (6)

A, Avgpool Fil DWConv 3R /nTE W 2% S 120 s B — 4k P23 FIIR BE vl o0 S A TR —2F, JIF
1 x 11— 4E5 R T E B i, CSCA FoRiliil - 251058 Xk & H1HL ] .
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Figure 3. Overall structure of the network
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Jorh, @ FRIR T AR, ® FORIRE 2N, 55 A CSCA BIbkIAHIER B B F e R,
St L5 e 2 JEAE R F e RPYC, mas(n)piR:
F, = F ® SpatialAttention( F ® ChannelAttention(F)) ©)

FARL, HNFIRHE IS R X2 JE N F, e RPYC, A z(8) fin:
F, = F ® ChannelAttention ( F ® SpatialAttention(F)) (8)

Horp, EIEVE B I RIEE A L 12:1 S NFRIEAE S AN 7 SOE 1R I FR F, 7EXT A B AT
JGE AN B AT I TE 3 2 A () R T L m RHIE, 1X A A TR 2] ECG il sk AN |0
R HE RN IA B R
4% Transformer &5 #4142 3k HF & IHLH], 7E Window-Attention ik, & H R EZ LAFER
711 Window-SA 58k AR TH R 52 2% B2 114 [R] I o VPR Rl B AN (5] 67 B 2 TR) R K R B AR OC R o T[] 4 i
N, B HEER I CSCA Bl h R E B S R 4E R ERIAZAAESHE D, HEEAE Ah
FRRAIE ) B2 8] ) SRR AR DG, SRIDCEIR JZ I RERHER B, SN R K B 9 SR AR 4E 1 .
5\ Window-Attention B 1 HRFHEE B B N x e RS, AR A K (9)Fin:
X < X +Unwindow(Attention(Window(x)))
X < X+ MLP(x)
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Fis:
Attention(Q, K,V ) = soft max(Q- KT /Jd + B)-v (10)
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Figure 4. Window-Attention module structure diagram
[ 4. Window-Attention & iREEHE]

AAF Window-Attention (1532 3k ¥ & 71, 7E Grid-Attention i, SR 4 Rifsn H 3= 1)
Feg, I Grid-SA REHLLE BRI 5T J P 1 R B Fo VPR AU 42 SR AN R B 2 () ARG &R . sl 5
Fiw, WASERAERI D N E AN A E RN E D RISERE L, AR O RE A & A R — AN PR Rt
SRURFAIE 1) B R (9 A JR AR OGP, SRECE IR Z A RFRIEE R, RS E WK N SR IR 4E T

@ I ()
Window-Attention % o MLP
%) Py
= 2
3 — :
5 @
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Figure 5. Grid-Attention module structure diagram
[& 5. Grid-Attention 1SR £E#IE
BN Grid-Attention FEERIREAE BB E N x e RPYC, AR ARQL)Fis:
X < X+Ungrid ( Attention( Grid ( x
grid  Atention Grid (x))) )
X <= X+ MLP(x)
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3. RMHERS S
31 IWRE

KRS EE— GBI 6G WAEH NVIDIA GeForce 3060LaptopGPU &k EiEAT /Y, %A )
Pytorch HEZL 443 . 7RISRt R, RABENLELE T B&(SGD) H kI LE, WIthsh&E N 0.9, epoch &
#7150, batch size W E v 8, BEAUIZRAEIGIN, 2 IR MWILEN 0.1 BB FERE] 0.001, KM%
L2 Z A1) dropout J2 BB B E N 0.5, @i FIRESEINA S, BAGAR] T RS MRS

3.2. THEIERR

AR SEEGA#E A macro-F1. #ERfZR (Accuracy). fE % (Precision). 7 [ 3% (Recall)F17 B 45 2k (Hamming
Loss)KAE N PEAL 1] AR TAE Z 4555 ECG 73 FAT K R I vHAl 4847, THEA X Fros:

. 1 N L ~
Hamming loss = EAA 12
oot S0e5,) o
Accuracy = TP+TN (13)
TP+FP+TN + FN
Precision = —1 (14)
TP+FP
Recall=— > (15)
TP+FN
Macro-Fi— 2 x Precision x Recall (16)

Precision + Recall
Horb, N AL 2 ACRFEA B BN MEAR I ZRANEL,  y, A g, IR ER | NFEAS RS | AR s
EAMFNAE, TPACERERM:, FPACEMBIAM, TN RFREMHME, FNAARREBANE. BRILLs, 5%
CHR[16]—%, AUC(ROC 4 ™ i AR) th s FH T PPAd 4 AL AE PTB-XL i b rtERe.

3.3. CPSC2018 #iiE&E LG &R

KIAE AT CPSC2018 ZARSE AR VAL TRATRIBIAL 73 8k Re, (8 A UIZRAF BB /e A4
BT I R TOFALFERR . ST Bk 5 MIPASTRARXS L 1 J U R 4R | 20528 o et Re 42
SERTI—LeB A7, BRI 1 FR « s o0t 70 AU LA macro-F1 2 3= 1)/l 4E #5 , macro-F1
Tt i i ECG Z ARSI EE e bR, FIULASE T2 DLMOAFRERET X . S5 SCRR[71V0 6 7 e 3L
P2 ) LCEGNet 7E N 1 7 BRI 28 S5 VR RESR AR, MHELZ N, ARSCHR S B a5 22 Al = 0HLI i — 445
TR 2 P 28 AR E macro-F1 $a 45 32 TH T 6.46%~15.63%. Ge et al. [8]F 4% 45 Ky m [E) R A FHE e J7
B, ABFTE I B BAE EE TAR B I FR v, N TR T ORI A A AT A A 10 BRI e Sk, HAEA 60 A
OHFIIERBRIEN, X ERE B R 5 S RHIETE 2, e RAME 7 VETE 10 Fhi N HE 4
EHEAT 256, macro-F1 $RARE4 0~ 0.813, FF% T 1.5%. Chenetal. [17]/Fy CPSC2018 L& HI%E— 42,
S EER U O R R B SR e AR, I S5 A 2 AN BEARE R R T 25 5, DASRIE L (P e
B HILLZ R, FRATTAREA AL a7 2 v R 3R _E macro-F1 4271 7 0.43%, HARIRFRE LR T HITF 785
FAEAFERREE EA R E, UEH TN ARG G T ECG MZ B0 TS

ASCHEH 0 HAS ALY CPSC2018 MR bt B4t 1 Zhn2IRE A ERE, wlE 6 Fivn, JEs 71
RITEAN R0 E 00 IR R 43 8RR G 0, R IR R P2 T v
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Table 1. The comparison of different models on the CPSC2018
Fz 1. CPSC2018 ¥iEEE L AN EIE B A REXTLE

Model Hamming loss Accuracy Precision Recall Macro-F1
ResNet [7] 0.0555 0.6807 0.7393 0.6610 0.6850
XECGNet [7] 0.0440 0.7304 0.8103 0.7313 0.7605
ML-GCN [7] 0.0428 0.7177 0.8236 0.7085 0.7535
MLC-CNN [7] 0.0472 0.6946 0.8034 0.6873 0.7337
P-GCN [7] 0.0455 0.7016 0.8162 0.6970 0.7443
KGGR [7] 0.0451 0.7132 0.8119 0.7062 0.7477
LCEGNet [7] 0.0407 0.7500 0.8326 0.7375 0.7767
Geetal. [8] / / 0.830 0.827 0.828
Chenetal. [17] / / / / 0.837
Ours 0.0327 0.8139 0.8327 0.8508 0.8413
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Figure 6. The confusion matrix on the test set of the CPSC2018

[&] 6. CPSC2018 Mt & L AR B ERE
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3.4.PTB-XL HiB&ESTBER

N TR Pz AR ST, BAESR N AT EEEEE PTB-XL EVPAREAY 73 5Pk . Al e R
H 5 AN 23 NP 44 N2, HTAE 23 NP 44 MW SARAE R, DER o 2 HIRE
KREH, B IAIE R AR R R E . N TR R E IR, RRSRAAE 5 ML
BEAT RN ZRAnIA R, RIS H S IUA AT G, Wk 2 fios. B Precision BASR, 7EHARJLA
FEebr B s TIE T, 78 UL AR B 5 e 2 A a5 E B R pvz At AN o 2

)
He o

Table 2. The comparison of different models on the PTB-XL

% 2. PTB-XL #iE&E LA EHRE A REXTEE

Model Accuracy Precision Recall Macro-F1 AUC
Smigiel et al. [18] / 0.714 0.662 0.680 0.910
DNNs [19] / / / 0.683 0.907
FSL [20] / / / 0.717 0.938
MRF-CNN [16] / 0.730 0.710 0.720 0.930
Ours 0.644 0.703 0.787 0.736 0.941

3.5. jHmhSCIE

N T SR AR AR S1~S3 [ B A I 2 R E B UL A 2, BL CPSC2018 #idla &8 i, AT
T RAIHERSE, HAREWE 3 PR, B, K Max-attention ViT AR o =i 25 S ML & el
R CSCA, i IL5IA B i LA B IHLHI 78 A — B B 45 0 R @47 SR 38 xf b ok, ¥
Max-attention ViT B3 AR B Ji5 1 /N7 = AL 2379 435 #2539 Window-Attention AT Grid-Attention; £ »
¥ Max-attention ViT 3R o i J5 N3 = JIHL 23 A 2 B 459 Window-Attention AT Grid-Attention, EI
2 FuRBIRE BRI ZE R, KB T e ek Re.

Table 3. Ablation experiments on different attention mechanisms

3. FREEEAHHIEYHRLSEIE

Model Hamming loss Accuracy Precision Recall Macro-F1
ECA [21] 0.0732 0.7833 0.7928 0.8257 0.8092
CBAM [22] 0.0686 0.7882 0.7975 0.8276 0.8143
SE [15] 0.0657 0.8003 0.8079 0.8301 0.8166
SCSE [23] 0.0573 0.7891 0.8122 0.8334 0.8193
CSCA (Ours) 0.0524 0.8045 0.8187 0.8367 0.8221
CSCA + WA 0.0466 0.8072 0.8256 0.8484 0.8368
CSCA + GA 0.0437 0.8083 0.8263 0.8371 0.8273
CSCA + WA + GA 0.0392 0.8116 0.8358 0.8469 0.8413
4. GRIG

N T RENSEZARZE ECG H B RAE 55 ARG HE DRI 2 RO AR H, A SCERH 1 — Fhifi i 2 FE R
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WU PR —E G B 22 0 2% 07 OB . (8 T B ) B bl 4R B3 CPSC2018 Al PTB-XL PN AT 2 hr % Hidle
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