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Abstract

Cardiovascular disease is one of the leading causes of death in the world. Early detection of risk
factors for heart disease is crucial for the prevention of sudden death. Clinically, multiple types of
ECG abnormalities may occur in the same patient at the same time. Therefore, it is particularly
important to solve the problem of multiple labels in ECG data and consider the label relationship.
In this paper, a convolutional neural network classification model is proposed to analyze the cor-
relation between ECG multi-labels. The model includes three modules. In the spatial feature ex-
traction module, convolutional neural network is used as the infrastructure to extract ECG fea-
tures. The label and feature correlation embedding learning module is used to explore the corre-
lation between labels and fuse the label and feature correlation embedding information into the
feature space. Decoder module, which predicts the probability of the corresponding arrhythmia
class. Besides, to solve the data imbalance, asymmetric loss was used to balance the positive and
negative labels. Experiments on two electrocardiogram datasets show that the proposed model
has better performance than the existing ECG classification methods.
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1. 518

0> H1 [l (Electrocardiogram, ECG)s&—F# HIAER AT 7%, H T PG QAR IS, @it i
HEES, A LASHR OISR W D 6E DL TR O M8 AR R RS, SRTT, AR 4i i s B
T I T EAOR T V8 AR X v B R AT AR

VLAESR, TRIE S S BOR KR R e N O i B 7 2Rk T BOmLE, IR I, UL R B E
I 2% (Convolutional Neural Networks, CNN)AI7E#£8 } 2% (Recurrent Neural Networks, RNN), 7£ E4F1 7
FUEE AL BT B T R T, XS AT DL A 3 ST RIE R R, R KRS O AR £ )
SRR SR > R R . R IR FE 2 I AT O B - R H A VP 28RS . Bk, IRFES IR
REWE M6 10 L U 5 R I R IRHIER IR, BFR TR BOHRME LR, % 7 AN THm i,
R, VRS )R T DLIE I o 3 3 R 2507 20 BB NEICHE 2 > 70 SR, a4 1 SBT3 R )
. A, RIES I B BERRZAGERE ), PRV AN ELO ISR R A RIS L, TR
2T B L ) e

FE TR 27 20 (10 L O RTINS T AN 70 R0, Ge S5 AR T —Fh B, Mk =GR
BORE H sl s LB g Gk ok, MR GG O B S 5 PR ICRAIE[L] . Yao &8 NFEHAF TP 1
— 44 e () 1 B AR A 42 9 4% (Timelncremental Convolutional Neural Network, TI-CNN)[ 5%, 75N
O F RIS AR SR AL BT R A N A RTEYE[2] 0 JEoR, ABATTHR 7 —Fh A N2 T S 0 i () 3 S A e 2
I 5% (1) 45 2 (Attention-based Time-Incremental Convolutional Neural Network, ATI-CNN), LA TI-CNN fE
NZZ, WIS CNNL IR TAE S NIRRT, SEEL T X0 BLAE {5 5 A 723 AR AE AT IS TR REFIE 1Y
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BiA[3]. He S N T — Pk TURFERE N 48 (10 AR B B 30 K515, %07 1238 7k 22 5 AR HURI XL
] K45 Wi 12 2 (Bidirectional Long Short-Term Memory, BLSTM) [4]. iX SSHF 57 3 B IR B 2 SRR m) DL A
ROSWTORERE, I HLIR B 2 SITE AR R4 B A2 HEAT 00 72 Wi RN S SR A 3 A 45 0 T AT R
7o

JRUE IR ERRLR T AR BT T A R R, (R i — SRR B ] 3 AT 25 0 A
By HATSs . Kk, O E B S RV Z PR, — T, 0 B S S T R R AL 2 MRS
Bltn7E CPSC 2018 #fs EH[5], HAKRZHLHES AR H —FO AR HERE, HAWLLHEES TR
BB LR ORI, FA—AR AR EE 2O TR . V208 175 26
By RAEF N AR ZE S HATS, AT ZIC A WA AN RA, ARG H—MaRER, Niiss
BT RIOAAER . tbsh, BT OB RITERFE BRI R ARG Blt, 24250 K2k
AR 2 o v P 0 AT v EL A DR 0 PR ) . DR R AR () 2 MR R, A SR H R R F BR 2 AH
AR S M HE O B BN EL O R R 2 [ S R, AT 4r KR it 4R T . hoh, ANFEIEER
FHIEE 2K B AEANFERCF R EENE, 7 P AS W, JoAT7E W28 Jr A i E v L, B
JO7 H Y REAS RS RFAE AL EE, DA B ) e RE . ASCIRH T — AN T B A W 4 A= ML
HIFIRT LA HThR s 2 TR AR SR 40 Y, il ik, ARWF 70 LR LA B DTk

(1) ASCHEHE BRI S =AMEE: (a) ARSI, SR AR N B SR, FREEEL
OB RHRFE; (b) ARZE S HRFAEAE DGR RN 22 ST, F TR BRARAE[A IAE G, K8 5 R AH G
NS ERE BIRE S A () ARIDASBLEL, TR RO R 2R

(2) ASCAT LA E B2 MO B BSH A 28 5 A R4 28 I 248 (1 B HH R IR HR 27 ST AR, F i kb M AR 28 2
[ IAE SGPE, AT RS R B (1) 7 MR . ek, BIEE A T BRI ML 32 SLEI FIFEX FR
P R, ETE T R )R] DL O S T R A [ S TE R AR, AR R 3 s A R AREAE R 5 ST e
T SRR AN 1), SR T AR RRA K bR R R AR RS AR, g — DR TR SR .

(3) TEW/NATF L AR AL Bk AT 5000, SRUb e R, ANSCATHR H RSB FE O e 2 S T A
T LB R KL R

2. HEERE
2.1, [BIREEN

TEARSCH, ZHRZF AT RIIE S 20 ECG J7 41 i A [l A 2 HEAT S W o AR ST RT3 IR A
RRH 12 RGO HENCRIEARIAN, B — A EZ A%, BRI ECG DR H KA. UIZREn]
FRNS=(X,Y), Hh X BE—MaANET, MKENLK 12 FE ECG ik, Y 24 I hr%s
IR o AETATHIBEI T, &Y =Y, Y., Y, Yo Y 1 Hy, € {01}, K =0,1,++, K XL, v, (0<k <K)
ST —ANO e B SEARSE . WE ECG et X, B 8 k KR Hhass, My, T 1, &M, Y, &T
0, a1 FRIEXFIR:

_%m%&%ﬁiﬁﬁﬁﬁkﬁﬁﬁﬁ%ﬁﬁﬁ, O
=

0, U R LIS X AL SRk SRR B R AE

BRI SRR BT R B S gl — A B RN KB F(X) = P, ZEA T LI
AN ST LR P. R X MEARN, TRATTR T 4% L B SR LA A 2K 3
HHP =[Py, B, Pyeee, Byyer, P | o B B FNA 2 K AR HOBER  K 2 ECG MUk BN,
PEVNSRIIR, T B Ao M B P AR T ICELSRRS Y IRk, AR U s T PR
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22. (hEERE

ARSI T AR T AR BRI OR R RN AR, AT DA A [0 L O R 2R, AR
BARNBVRAEAR DU RE T, TSI K 2R3 e . SRHESR A 1 s, 2 =M
(1) ZIRRHAESR RO, BRI MM REH, FORIZHCO B IIRFAE; (2) FraE SRR G i
NI, I TREIR R Z B AR, AR 2 SRFEA PR IR NG B RS PR AE S A s (3) fifhY
AR, FINAH RIS B

Qp
attention module J/
/ Decoder
spatial features extraction module \l/
preprocessed ECG signal g :
— 3. 3: Fo 3z o i S
r'-__ 2 o 2 =g 2 ) ) L
_%3§%3§%8§_>5§93§__)5: 3 Decoder X
A AL AU $E 2/ e e Bl # J
AAAAAAAAAN 2 Q
3 v Q
\l, Q.
\ Decoder
label&feature correlation embedding learning module | | Q
L
Cosine Similarity - \l/
=]
) g Fully-Connected
N label corr.elatlon S MLP > i > =
matrix g \l/
=}
4
Sigmoid
ground truth labels |
v
Lo nte
Prediction

Figure 1. The framework of our proposed model

B 1. AMRORERIELR G

2.2.1. SE &k

5 BUih(Squeeze and Excitation, SE)¥AE & /LIS R [6 138 i %o e il 2 [a] i AR ELARHROC Rdh A7 A, [
T I, M FE TR YRR R AR, L R R 38 T B A R AR AR 2 1] A EAR OGRS I 2% 11 432K
RO, (2% BE BB TRAAE BT R HE, T4 2RI 4 R (5 R B i 1 4 5 O O {8 R B IRRAE
W, FRAMEIASH SRR . T E A R AR B DL E AR TR AR . R A S
PEHVEE SE RS T O R H A AT 45, BB e SR 1 5 OV 2R SR AR DG K AR AE, TR B 41
B A I RFE . SE BIEREE I 2 FoR, SRS . TR A U, H
FUeRCMY, U BRSEFEERIE, ZEMNBIIEEL, M RRRIE A 1A [RLE E = A AN [ AL E .

U =[u,,U,,--, U 1A Squeeze HEBRIMHIN, Squeeze B rh (MHR1E 2 AR E RN, H4 i NRFIERE
TR PR, AR RS EIE A L IxIxC iz, HREARW R

20 = F () = > (i) @

=1
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Figure 2. The internal architecture of SE block [6]
2. SE HEIRA R ERLEHA[6]

FMASFEREREGER, ZEETHEERNE, DS SRREEaomrt, WOmBHmH T 5 S R R,
TEN T RIMERRZ AL 1. WU & TN SRR AR, B A TR AR L
BORATHE AN, RYEEA -, Eﬂ*%ﬂﬁiﬁ%ﬁ&%?ﬂ%;, H IR EREEROL R R C, BE KR
BRRTTRPU A 0 £ LVEE NN, FENAFRERAE, BT AR

s=F, (zW)=0(g(zW))=o(W,5(W,z)) 3)
ﬁ¢0%%%ﬁ%ﬁ$ﬁEmmwammwmR&wﬁﬁ@ﬁ,NER%R\%eﬁé,%%%ﬂi
5 EA R X SRR, 455 07 L B A S (R N U =[ 0,0, 0, e

L]c = Fscale (uc 1 Sc ) = Sc X uc (4)

2.2.2. ZRE)FHAETR AR SR

ZEVREM [T K, RGBS RIEHURTRAE, 1% E T Mg aREmIss, mE 3()
iR, SH—MERER R =AERE. APz, —A SE Bik[6]. #T4H—1L)Z(Batch Nor-
malization, BN)AI ReLU 0% R B, SHRZEMK 716 FIANE, EBMKIERA N T & Kittb 2. 55
—RBHRAHLL, B R — ML R, TR E MR AR T BEEGER:, AT LE 3(b).
Convix3xn FRBZMRZ KNN3, ECA n. Conv3x 3x N FoRBAZ IR KN 3x3, BEUN n.
F-RGRERES 3R, M XAEERERERNAEN, 2HNC . C,MC,, Gt
HHA, BT BRZMEERARE, HREEM . A -Fab b 268 iz KNy 5, il
NK AN ARG RN TS . BAERE S AR —> BN JZF1—1 ReLU BU&E %, BN
EA BTN RS A E e (S HOE B8], ReLU J&—Fh) V2 A8 F MBS s 8, DR BL A R T i 24 W 2%
HH B LA PR 2 1) R T () B8 01T 45 2 INAT[9]. FEIX —F B, RO HLfE SR TS I,
TR EUR FRERAE, 25 B N0 BT SR X e R, 35 3T R4 SR BRI (45HAE X e RO 5 92k
P45 5 2 (Linear Projection Layer) (%N, %2 4FE ML B —4ERFIE F e RO Moen-am

2.2.3. ¥HESHERNF JHEIR

AR E B SAR BRI GARREZ AR G, ERPAE S5 R A5 IR AR S 1 RN Rt 3 0 45 R ARpAE
I THR S SRS BRAE SRR AR SEABURE , AT 3RAS =& Z (ARG, 48 SRR ST A AT 0
BRE DI B, Gt ODERE MU SRS, MRS RE E (label correlation matrix),
PREAEAH R FEIE BB o3 7] DA SR RO

()

€= Di; (Yi|Yj>: ®)
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i : T

' BatchNorm |

MaxPooloing ReLU ‘ |
: ReLU |

AveragePooling : 1

| SE-Block i

SE-Block | 1

Ie®_

BatchNorm
BatchNorm !
ReLU

ReLU

BatchNorm

Figure 3. The internal architecture of residual block

3. BRERRIANARLEH
R (YY)) Wby, 5 Y, BT, t(Y)) Foroikry, RERREL b (YY) Fosok
WY, RN RAEY, M, SRR IR B, E=[Ey, E B B¢ ] EeRYX,
E = [ekyo,ekvl,u-,ek’k,---,ek‘K] o FIHZ Z AL (Multilayer Perceptron, MLP)#t5:A4~ ECG /LM 2 AL
FRASHTI I8 FE WL BT SUBN 08, A FRBRAE AR M M =M, My, M T, AT AR S e e
(AR R, 7R

M, = ¢( E, ) (6)
H, FIR MLP, =AM ASEN R UL — A ReLU Ui, 81 T BB EAHTAEN . A T ikhrss
A O O IO SR ARSEAR LI R A S5 A 2 W AT

Kk _ F. <M,
o) X

Hoft F =Ry Ry e, | ZJRAHABI S XA B RO — 1

~ s
St . (8)
PIEN
c=0
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X ARFAE AR A AR R, VA JE TR R R EOBOR, WU 2R L5 % B (AR 25 A AR G
R, R — A 7T ) RO — SR RHE ) Rt AT AL B«

K~

Z S 9)
Hrh B 258 kAU KA S BT, AR B B F = [FO,EI,...,Ek,...,qT .

2.2.4. TRIGFRIEIR

R IBEL 2 ARG E M — N RV 2 A R, T TR A R RRE,  FE TINS5
HIMERAE AT % . 522 ML_Decoder [10]/1JA &, #HLLT Transformer [11]ffRAS 4T, 25Rm] ILIA
4(a), ASCHEH A AY RS SR> — A BIE R U, TS B 1T, R RN — A
Bz, B2 T DO AW 4 A AR iy h, AT 66 B VR R TBCR BN TUAR - R, 55 Transformer
M, ASCKAERNE LR, BEREERAZ LERE ], SanTILE 4(0).

Qi_; Embeddings

la x| |
Cross Attention
Q K \'%

Cross Attention
Q K \'

Feed Forword

Cross Attention

Feed Forword \L
!
Q
(a) (b)
Figure 4. (a) The internal architecture of Decoder of Transformer; (b) The internal architecture of Decoder of our proposed

model

[&] 4. (a) transformer BUARID RS IERLEH; (b) ACAURRRS R AR

HRRAE 5 FR SN 27 SR A A F AR v AR B8, 3 | AAD SRR HL T — 2
WA . RS AR B, S — A28 Xd R 7 )2 (cross-attention  layer) B — AN 45 i 42 ) 2% )2
(Feed-Forward Networks layer, FFN), EARU1F:

CrossAttention : Q_, = MultiHeadAttention (Qi_l, F, IE) (10)
FeedForward : Q, = FFN ((5:) (11)

Forpr, EXERSIBYAE 2 Sk E R TR, 2 ER R B0 FEN S5 454ER) Transformer fif
T AR (L] s ML . 7228 R i, key A1 value /2 RFAE-SARZE RN 22 ST B 4 HUARRAIE, %2
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XERESBHT LA M bnas 5 £ MR IUNREC MR &R, B, iR e, SRy
AE 5 R IR (¥ 25 (B R 2 T AR SCVE B Z BT e, M3 L 2 ARAS &% 1% AT e e AF (Fully
Connection, FC) LA k& sigmoid R, 15 S8 Pl i) &> O 25 55 280 26 P

Logits : P = sigmoid (FC (Q )) (12)

2.3. Mk EH

ELHEBHEES, —Z LR ELEN I EREM KRENIRE, S THRZ AL, NTHE
B RO MRRIZA R, AESCRA T AL A AT R 35 2% ph B (Asymmetric-loss, ASL) [12], %4 AEIEAE
RAGFER FEREEARE . SHESERREOHIRAAEL, eI T REEAR K TTEk, FRE L2
PR AR IERRSS . FRATTA T LU AR RS O R BORTFE NI GFEAS X 13 5%

L:iK (1_Pl_<) IOg(Pk),Yk =1, )
Kia (Pk)7 |Og(1—Pk),Yk=0_

b, PR BRI &K, Y, R AN TR, RO HIET X SRR R A
5 K bR
3. HE4ER

3.1. SCEOIFEE

RS FTR R RLAE — G L % GeForce GTX GPU. 8 GB A7 IR 55 2% EEATMIZR AR, %A (6
Fl PyTorch1.7.0 il CUDA 10.1 HEZEHEAT SZHL

3.2. BIRE
3.2.1. CPSC2018 i ¥ 1B &

Data profile for datasets.

M Training ™ Test

PVC sTD STE

Normal AF I-AVB LBBB RBBB PAC

Figure 5. Data profile for CPSC 2018
5. CPSC 2018 1 FE IR S Y BB HE R

CPSC 2018 -t MR SR [ 5] i AL B Sk 3R 55— Jm LU SR I A £ i BR AR 015 5ok B 11 K E=Bx,
L8 T LR O rE AR . — o TR 1O RS SR (Normal), 5340 )\ R DR AR 2R AL 73 0 R (1)
O P BB (Atrial Fibrillation, AF); (2)— % /55 & 4% 5 B (First-degree Atrioventricular Block, I-AVB); (3)75 5
X AL FBH A (Left Bundle Branch Block, LBBB); (4)41 W 3 f% 5 [H¥i7(Right Bundle Branch Block, RBBB): (5)
F5 M FL 8 (Premature Atrial Contraction, PAC); (6) =14 F-4#(Premature Ventricular Contraction, PVC); (7) ST
B JEAR(ST-segment Depression, STD): (8) ST Bt =1 (ST-segment Elevation, STE). 4] 5 VE4HHiE T HE4E M)
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FKRIFFE, 4

HEmEoL, IIZRgE— 3L 6877 MOHEILS, AR S 2954 MORENCE, FMLEEILTEA 12
NI B RICRIK AR, M6 F 3 60 A AGE, KEZHOLRA —MrZNIE, (EAEILKATREA M
B A ERIRRZE N IE, YIZREERTINAER 72 4 476 AT 203 A2 bR R (1 s i i -

3.2.2. PTB-XL 1L R Him e

SEIG ) 5 — AN B AR & PTB-XL (O LR BE E[13], 5K H 18,885 44 i i) 21,837 frid k. Xt
OHENGR 12 S8, FFEERTEY 10 70, RFESE Y 500 Hz, I HAZEdE SR AE MR 77 TR Fe- T4, 53
PE 52%, “cikil 48%. UhAh, OGS R ALK FE K ONRE G TR, JEH, ZEREN
HERE T 7L AMARBGR, 857 4 AAARKEEFRE. 19 MR RRE R 12 NMAES T
TEERRR, Hh 4 APRREEE T2 WA U8 TR ABRIR . A8 SC 3 BERHZ MR IR (4 B 4R AT S5
PTB-XL #2472 722 kM 7 2500, TR T INSRBE 2 380 B o 009, A& S5 e 1 ik
FELWibRE, PTB-XL L B S A RN LI 60 A ST A PTB-XL O H K30 4 HE 457 1 I 2R S AN
BTSN, b, YIRS 19,267 4, MASEH S 2163 1, HEFE AOMNAE B AR E w, B
AT 5N R AL

Diagnostic Statement Overview for Subclass

(a)
9528
3281 3387
1803 s 2137 2329 s
827 789 542 536 l e 770 1018 308
80 77 126 99 30 201

LAFB/LPFB IRBBB _AVB vCD CRBBB CLBBB WPW ILBBB LVH LAOLAE RVH RAO/RAE ~ SEHYP Ml AMI LMI PMI NORM STTC NST_ ISC_ ISCA ISCl
(b) Diagnostic Statement Overview for Superclass

9528
6886
5772 5788
. . .
cD HYP M

NORM STIC

Figure 6. Diagnostic statement overview for subclass (a) and superclass (b) of PTB-XL
6. PTB-XL 1L BB B EE T 2 (a) K B 3 (b) IS B BRIR 34

3.3. HIEFAEBEMIINEGEE

CPSC 2018 ‘L R EE AR ELE 1 6 03 60 AP ANEE [0 F FC T, B BURHZR I 2% ToIE A0 FRAS R B2 1) i
N> P R B SRR IR RN, RSO R 5 10 S 5 HEAT BT SR 7, (e TR EEAR ] -
B HE Rt — 2D 7 BN ZRR AN S, ey 8:2, JR SR SiG i N ZRAR AT R A I 28, Fe 28I 5
G AR AE DN B AT TS 2 70 SR EE R o i X 2 ARG AR, R 250 1 32 MR OAHEAR BRI
i Adam HEAL AR [23]% AR BEAT T 60 ASIHTIIKIZE, DOSAEERE, H 2> RAETTH UGN ¥ E
4 0.0001, UhAh, ] FESIORE G S AR, s i G . MR R AR, B
IR 2 DU, ZRiF Ik, AT PRALE T AT B R R AR 73 R

3.4. EfIEFR
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FEXIUFE i, FRAVER T SR 4 AR AR RIS TEAR AL 1) 23 ML R, BLFEREAN 73 R BLRIF- 2R ¥
B KGR LR B AP FLAE . A2 IR TR 5 TR BCR I L2,
e TE A A TE S0 TN B0 5 i A7 IE R0 T B B i e, 74 ] S TEAff ) LE 25 031 Tt 5 & 5 AR A IE 36
T AIME B 200 B S B L, FLAER ARSI R AN A BRI INACT 9 E . PUR 05 R 0rT T 542801
FIREAAIRERARE . A3 [0 2 FL AR

TP+TN

Accuracy = (14)
TP+FP+TN+TP
Precision = 1L (15)
FP+TP
Recall = —1" (16)
FN+TP
2xTP
__ TP 17)
2xTP+FN+FP

Forb K REFEE S KR, CRRAFNN, TP Rom A EMPINE A EFEA, RIERAME: TN &
N FSAE AT AL R, BIEBAYE; PP ORI SHEN SRR, BN IEREAS, BORFATE; FN
FORHSIAANIEREAR, T REA, BMERBAYE, PR4n] LR 4% 1.

Table 1. Confusion matrix

1 ORBEEME

TE =1 T{E =0
B3 =1 TP EN
HME =0 FP ™

35 {AE&R

3.5.1. PTB-XL (b BB E R ELER

ASCHEL T FRAT92 H AR 530 JLAE 2238 52 B T VAAE PTB-XL B4 EANE 40 282 IR 70 Kk fe,
Wi 2 Pz, Bk PTB-XL Hidfa 4, Smigiel S8 A3 H T = Mrph 2 [ 28 e hd) . JET- A5 R 28 1) pih 22 I 2 4
P, HT SincNet [RIHZ RN 28 BEAE L S B T A R 26 138 0 17 268 T8 R AE (R A 48 0 265 2840 o FE3X T T
fErr, Smigiel JF&k T — MR L H T 546 0 BIEE S E S 2K[14]. R4h, A TIREMLIA
) ECG iR, Smigiel S AN$EH T —FB AR M4, @it AN T8 FURFIE R BT 521> QRS 3 14
fB[15]. BRILLASE, Jyotishi &5 MoK FSL (Few-Shot Learning) k¥ 2% (1t 45 5 5 3+ Softmax (I#£8 2% 34T 7
FKIIPHAE TR BT LU, SR AP 2 i B — 2N ECG {5 542U QRS lt, BT IZRIR &
LM 2% KA PTB-XL O HIEdE R4 2, 5 A1 20 AN A0 E 38790 [16] . Jyotishi 55 NTF K | —ANEiE
FRIIRF 4% 27 =] W) 4% (Attentive spatio-temporallearning network, ASTLNet), & 7] LU S A H £ S5t ECG 15 5 1)
H RIS S AR ST AP S R AE . ASTLNet M PIAMEELA G, BIAS 25 RAE 2 3] (Spatio-temporal re-
presentation learning, STRL)EHL A1 5 i) 25 5 4 (Attentive spatio-temporal aggregation, ASTA)#itt, STRL
B T2 21 2 REZ N R R-IE, ASTA BEEH 1RG5 I BIRRHE[L7] o 1A SCHT 32 Hh A A 3 2252 4y
BT U LA AR RS Z TR AR DG, AT HR TS AL 22 05 25 0o PSR 1) 40 SR AR . 72 PTB-XL 0 B 4
BEAT T — RAVE, UL BRI T, B X EEZE12 W (Super diagnosis) ) F1{Ed 0.754, 1%
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h0.864, FEffiZ N 0.783, AEIZE A 0.732, PEANTEARIY & T HLEIBIAL, 14k, 75 PTB-XL 7KL W
(Sub diagnosis) 7 1il, A SCHEHBERIR) FL A RSB R ARG R T OUA B R0 s . P sesist
gE LR, ZATIAE PTB-XL O FE B AR IS T IRIF A5 3R, 1X R B2 AR A O v POV R 3 40 207

T A R -

Table 2. Comparison of results of the proposed model and those of the existing model on sub and super diagnosis of PTB-XL
2. AGRHBRB SMEREE PTB-XL DB EHIRE FRMBIISHT ER SRR

A 32 5] Accuracy Precision Recall

Smigiel et al. [14] 0.698 0.355 0.339 0.332
Smigiel et al. [15] 0.685 - - 0.345
Palczynski [16] sub diagnosis 0.671 - - 0.324
Jyotishi [17] 0.541 - - 0.460
Proposed model 0.727 0.479 0.580 0.482
Smigiel et al. [14] 0.765 0.714 0.662 0.680
Smigiel et al. [15] 0.763 - - 0.683
Palczynski [16] Super diagnosis 0.790 - - 0.717
Jyotishi [17] 0.627 - - 0.736
Proposed model 0.902 0.783 0.732 0.754

3.5.2. CPSC2018 LB MR (HE LR

ASCAE CPSC2018 (0 A A 1 X6 A SCHE H 1) IR 28 Al — SS I [ 43 2R M 48 33047 T b e o0, 35 3 471
7 AN ERE R TR S U RE AR AR, AR SR IE RS AH N AR AR I i {8, 5 TI-CNN [2]. ATI-CNN [3]
PAJ MLC-CNN[21JAHLG, ASCHE H 8 4 SR 45 3 FL 43 &7t 14 0.057. 0.017 1 0.002. 15 3CH#k[4].
SCHR[18]. STHR[17]. SCHR[19]. SCHR[L]HHRERL 43 2845
PR EAL FL IA3 [ 0.837, HAGEAUELS T 130 MRAURMEE — MR 2% HIE KR SMEAL[20], HTiX
PR, DRI, ARALFONAN P 75 20 2 (b B, AHELZ T, ASCHE AR AL IS 1R e

i, HRATEGTI,

Table 3.Comparison of results of the proposed model and those of the existing model on CPSC-2018

3. ANIRHHER ST AREIZE CPSC2018 (B IR E _FHI 4> ALt Rttt

FAHEE, ASCIR AR FL (A% . Chen S5 A

B Normal AF I-AVB LBBB RBBB PAC PVC STD STE F1
TI-CNN [2] 0.750 0.900 0.920 0.760 0640 0830 0.870 0.810 0.460 0.772
He etal. [4] 0.755 0.846 0.780 0.790 0.748 0829 0.869 0.870 0.655 0.806
ATI-CNN [3] 0.789 0.920 0.933 0.789 0.736 0861 0.872 0.850 0.556 0.812
Zhang et al. [18] 0.805 0.919 0.864 0.866 0926 0735 0.851 0814 0535 0813
Jyotishi et al. [17] 0.790 0.923 0.867 0.892 0937 0757 0.837 0.798 0.558 0.818
Geng et al. [19] 0.824 0.925 0.882 0.937 0939 0.734 0.767 0835 0.600 0.827
MLC-CNN [21] 0.792 0.936 0.889 0.779 0.744 0866 0.876 0.876 0.683 0.827
Geetal. [1] 0.790 0.920 0.870 0.870 0930 0.780 0.860 0.810 0.590 0.828
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Chen et al. [20] - - - - - - - - - 0.837
Proposed model 0.798 0.913  0.867 0.826 0916 0.850 0.849 0.846 0.596 0.829

3.6. JHRASCLE

N T BAEAR S RFE AR S M kN 2 ST HURT D S AR R K 5, HAT T — R AT Ml st KA
I A 28853 ) 5 0 B 25 5 R TR R S P N 257 S RSB R A R A 10 8 A o 48 A A AT LA . iR | =
AP R: 2 (R RFAE SR IS e . bR S5 RRAE AR R RN 2 o) BEER ARG 2 i, T LA i) = A Y
USRI

(1) MR 1: AR AN AY A (R RFAE SR B B AT RFAE SR, FRATB TR MY R T AR 28 5 4
EAH SR N 22 2] ORI A 28 AR A

(2) AL 2. IR EHRZE SRHEA VRN I, A E RIS, W XAMRALR N T
B0 VI fR R 2 A ) AR

(3) MY 3. MR B RIS AL, NS AR S RHEA S BN S B, WTFIXAMR AL N T
B0 UE AR 25 5 R IE A S 1 N 22 SRR ER 35 R

=ASHERAFIA R HAEAYAE CPSC 2018 (O AR AR idFA7 5280, 193] FL ALK 4, AL 2
) FL B LB 1 (it 0.191, AR 3 1 FL (A LU 1 7 0.163, AT 2 40 B AR %S S RFAEAH G 1 ik
NSRS RS AR, MR 3 SRS s b, NS AR S RFEA RN 2 S Bk, X
KW, PR SRR VRN SIS LU AR BB 3 RO T 4 . ML T =ASERIRT LRy, R
SCHEH AT AE BT R TR IR FL (R, O~ 0.829, JfH.7E Normal. AF. PAC. PVC. STD. STE T2¢
(1 FL AR BT A B d s 1) o X et BRI, R85 R A DM RN 27 ) B AN A A AT HRAE AR AE F2 L
FLCMER W Ay R AT R E, T P SR (R 2 B B el P — AN BB Ay SRR B A, MR (O BE
AT LASR S Y 1 4y e

Table 4. Comparison of results of the proposed model and those of the existing model on CPSC 2018
4. FARHHER ST AERE CPSC 2018 (LHEMIBEE LM HRER

R Normal AF  I-AVB LBBB RBBB PAC PVC STD STE F1
AL 1 0532 0754 0614 0832 0823 0315 0.645 0564 0.373  0.606
A 2 0.754 0856 0.886 0895 0.923 0694 0845 075 0564  0.797
] 0714 0843 0854 0875 0903 0634 0776 0746 0576  0.769

Proposed model ~ 0.798 0.913 0.867 0.826 0.916 0.850 0.849 0.846 0.596 0.829

4, G5RIE

ASCHE T — R TR Z [ RN B AR 22 2%, BIREE & 7 BRI 2% . JER B
ANAEXS FRAR PR A, & 2 (A AR AR SR U ER . A28 S RF AL AR SR VE RN 2 SRR B L S RS e . 4,
2% () R HE 3 FORE BRASE P A6 B 4 I 28 41 D B it 2 g FE R Lo P PRI K 25 TRDRRALE , S NG T A LA
T2 2 e R B AN [R5 T A L, SS9 0k 2 TRV RFALE R IR R 2 ST RE T 5 2 ) B S5 AN R R AR R AU RFAIE 5
PREE S RF AR SGIE RN 27 ST T IR R AR 28 5 B AR I AR B M RFIE 2 [AMROC 2R, IR R A8 2 18] A
RAUEMNAE DR E BRI B s RS S EH] T AT A RL OV R 7028, 19 BIREAS 285 1 10 73 4
BRIELLAL, AR SR X AR 4 2K bR BRI bR 2 AL

m
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FKRIFFE, 4

UM BT B, AR Y B AE CPSC 2018 A PTB-XL /> T 0o FEL B 45 B kAT 52
¥, £ CPSC 2018 L ¥ #E4E L) F1 (1% 0.829, 1F PTB-XL /U HEdE4E L i) F1 {E M 0.482 F1 0.754,
FoorRaE R 51 R B8 H B R S a0 25 RAH LE, ARSCHR H IRE T FL {8 e T FA 4 A3, RIS Sk
(IR . BRILLAAL, BRI ) AN EE CPSC 2018 (O A 4R L HEAT I Ao, SEobas %
BRASE Y v (R 25 5 R A AR DG PR IR N 2 ST RSEER AT R R 2R A HOG 0 B R0 5 B PR, R BNk
ARG A FH AR AR T B AN B . BRI, AR SCOE I K B 1 S50 A U0 IE 1 A5 DA SRR v g % AN A
PObr Z 280 LS 5 D R 7 R A Ak

E&UH

A H B BRI 7T TR H (JCK'Y2019413D001) . b P T K 24 P2 2 T RE 28 I H (10-21-302-413).
g T H AR IE 4T H (19ZR1436000) 5 4 ¥ B o
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