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[ Abstract] Electrocardiogram (ECG) is a non-invasive, low-cost and widely used method for cardiac detection.
It has played a significant role in cardiovascular disease screening and diagnosis for a long time. Traditional ECG
analysis relies on manual interpretation, which limits its efficiency and accuracy. In recent years, the rapid development
of artificial intelligence (Al), especially deep learning technology, is profoundly changing the paradigm of ECG
analysis. Convolutional neural networks and Transformer models have performed well in arrhythmia detection, and
some models' accuracy has surpassed that of human experts, promoting the intelligence of clinical auxiliary diagnosis.
In the early screening of heart diseases, Al models can identify subtle abnormalities in normal ECGs and predict hidden
diseases such as left ventricular systolic dysfunction, left ventricular hypertrophy, and prolonged QT interval, helping
with individualized prevention. In signal processing, generative adversarial networks and autoencoders have
demonstrated significant advantages in ECG signal denoising and multi-channel reconstruction, improving the data
quality of remote medical care and wearable devices. Multi-modal fusion platforms integrate ECG, clinical features,
and medical images to enhance the accuracy of risk prediction and the practicality of the model. To enhance

interpretability, methods such as Grad-CAM and SHAP are used to reveal the basis of model decisions, improving
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doctors' trust. At the same time, to enhance generalization ability, researchers introduce strategies such as transfer
learning, federated learning, and domain adaptation to enhance the model's adaptability in different populations and
device scenarios. Therefore, this article presents the latest progress of Al in the field of ECG intelligent analysis, with
the aim of promoting the development of Al in ECG analysis towards more intelligent, precise, and diversified
directions, providing important support for the early identification and individualized treatment of cardiovascular
diseases, and having broad clinical translation prospects.

[Key words] electrocardiogram,; artificial intelligence; arrhythmia; cardiac screening; signal denoising and
reconstruction; research progress
Funding: Natural Science Foundation of Gansu Province ( 23JRRA1669 ) ; Lanzhou Youth Science and Technology
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UK (Electrocardiogram, ECG) fEA—FIER AN (KA HIGKRMN A2 MO DI Re il F B, &K
FIBASRAE o MU HO 975 25 1512 W7 rh A8 AN T BRI e AR, A 400 PR TBT 90 A S AR R A N T
B, AT, mHEWEEE, JCHAE R G SR T s, HRRMEH mNE. BEA
T. %8¢ (Artificial Intelligence, AD SURFEZEIHAR CEAKRE, FT AL K0 B E E 3055 g8t 4 B #)
B IE I BRI, DO BRI B AL . HERS I S M IR A 1R AT el

ML, TR S ST BORAE DR H S U USRS 1 R ERERE , JCH PLGFRMZ R %% (Convolutional
Neural Network, CNN) HI Transformer 2284 Jy R IIBAY,  [R L 65 () I P @SS S5 Rp A SR INRE ), ) 2
HFHEI ECG 55 A HTES B, G ER, CNNBRILE 14 J0 R H 28 T 0 & K1
CWIKCE, ZAHRTE TSR ER R, SO IR IR AT ) AT RGEIT T 1 RS

BRoO BT E SRS, AT SEALECo IR L 309 75 2 b R B EE BRI T o A% G0 v PR R DA A IR AEAEL G R
H AR O E SR, T AL BRI AT BLAIE R ECG 15 5 IR B e 484k, L2 SN 4i D e fat . o=
JEJE . QT [EHIRE A5 B F FIFRINCT . A 0 FIT K IK) BECG-AT BB AAE 22Nl Sr B rh Tl P Je AR S8
(R o3 AU, S H AT FERSHETIT 55 A BT b ) i w5l

SRS, B SIE ECG 5 5 LM R @y it G 1 B dthe . mx e 8. (IRERE 5 UK
ZPRME PR, B TUE S B A T BN 4% (Generative Adversarial Network, GAN) . HZIS3s 5 A, JF
R — RV EMERER) 20 5 E @R, W32 HmiL#s (Variational Autoencoder, VAE) 53R Z M 4% 4551 %
MR JE T2 IS H A% (Multi-Channel Masked Autoencoder, MCMA) 1) '3 B¢ B @A R 450781, 4
KAET T Im AR BT MR 28 s 26 o BCG 15 5 BT FAE A2 Wi

PR, AT SR B 5 ST BORIE RART A AR A3 MR 5 B 28 O L I 0 AT VE 3. DO H B3R B
WO, BMES2RME ZRBSER, AL K3 ECG ® At IEEHES O ME R FENTIMERE. &
R KREUERGETIAR. T, IRARGATEE FEARAZ ORI AL DR, ACE BT EIS R R R4S, W
AR M R R 5078 B5Fr S (B LA 5 S S %

1 RS IR ORRRE B Sl S

AR, TRPE 22 I HARTE DR E I B AR AU T R, JUHZ ONN AT AR A b B
HZ1 BECG 55 /7 TH R UL H st PEREl) . X BRI = T IS HERf I, I 7E BT 45 ol 7 A%
LFIKF o LU B PRAIR T =4 PZ U %0 R S5 08T R FE . CNN RLLZE B R 5B1 H R s Eh B 5N
ECG 15501, oA OHRE AR AR . Rajpurkar 25 AJT & () 34 /2 CNN AL, GEWSXT 14 Rt
R IAT 2, I REAE A R AR B T 70 R SO, AR =48 CNN
R, GBI ECG B 5 H#H NEGER, BT 99.05% 1T A HERI R 97.85% KT R g pg-121,
Transformer %74 K HAE H AR1E 5 A HE (R IH#E 51 N ECG 550 01. —WRF R TIREMLML ECG-
DETR, 3T Transformer 22445 51 N B ARAG I EL &, Wik g 85 -l hs 4% 45 M R LK AR, RERS 7RIS ECG
BohiR a2 A DA A, B S ONN R R B a0 E1L 0B RIPRDS), 28 AL7E MIT-BIH O 2 %
PEE_ AT TI0AIE, =FARM ST+, BARUER R 2 BIEE] T 99.12% 99.49%F1 99.23%13. T 78
53R CNN F Transformer [IEH, WFFAEAIIF K TIRABA . CNN-DVIT #1454 T CNN 15 ERHIET
HURE /1 59 Transformer (4 REREMLE, HATARTEE R JIHLHI AL A 75 O B B A s A B 25 O S
B, B8 S R T R 3 DA B OB O FREAE s 1 2 ) - A Ul I 2 R RHIE R A, e Ay



NG T KR SRR R R R e 2], LS CNN X 5 RSN R BR H1100 33 3 BL s 5N
CNN R, DU OO FRRRIE (1 0T . VER ISR A S BIAILE & T ONN M2 Lk ibl], B
BAFRIG ECG 55, HIRIHE KBS R, SEOL T X FRC A R 5 2R R R 04 G ey i 2
SIRRAIE Z A A TR 4E LRI 5. LDCNN #EALE MIT-BIH (U 2 5 500 2 I HERf R IA 3] 99.38%(151,
Ub4h, T Transformer [FIR 7 2% S B FE MIT-BIH 208545 FSRBL T 99.92% I HERG R0, XLl LR, &
JE 2 IR RUAE OV R 8 E S ASIN A LA T R (I PR S, FH AT 5 o 2, TR 24 20, 80l CNN J 3L 5 Transformer
MILE S, AOHERE K A SRMERAE T o K T, XSRS m s Wik e . b0 B B i AR f e
TR E R 1. Aok, BB R — DR ANIGRIGIUE, Fi-KA 58 2 5 FIRE 2 21 ECG 04T I
FL T S bRy 3 5

2 AL FBIHI RO AR TR E

AR, N TR QB M R S T Bt g, JUHAE RO M i 2 5 T R B H EK
(138 U7, I R A S BT IE R ECG 15 5 RIS B A r iR A, AL A BESLBN G s, A=ERE. QT
() J S A 25 B IE S5 05 () - T , - A2 O BB RS HE TS 5 AR B . A% e o v IR 20 T AL
TANTAREE, ZRTEAMZRF WA, ELUORIIEEN . MARRI AR PO R . IEFkK,
W R IR IR P 22 IR, T H A8 A TE & o B B R AR /N S ) AT SRS, S BRT O IR i 1 - 4
ST, SR HAENTAER, AT 750 F B R O 2 E 4 sh R Ref (LVSD) J5 TS 74 AHE B ik e .
Attia 25 B A 2 T BRI ZE ML (CNND VRS 22 ST BRLr HrbrdfE 12 5% ECG, 7E Mayo Clinic 44959 4
BEHE U ZRR A EF<35%) LVSD, #% AUC ik 0.93, #BUtEAEERE0 58 86.3%F1 85.7%, FH1E
52870 ST B R EGAIE T R A2 A MR RERO-2Y, Klein 53k 5 R I [F12S AI-ECG BERY, 78 G/ S HENUR
BE P TNIELE LVSD, $hIE T B ARERR AR R IR Y. K Meta 7017846 . AI-ECG i & LVSD
[FIH AL AUC 9 0.90 (IQR0.85-0.95) , KILH RIFHIZ W —EERES FIELE N R, X ERE AL EREA
FIPEA] S EES . Bl s PR &R M, BAT 2. EAFERENE, ALECG HARMMUR T145:
EIr TG, AR BN o IEAE PR HEDE . Watch A8 TR 105 S BE ECG Ml s S T LVSD #x
W Attia 5T K 1) watch-ECG #5315 T FL R BC R BE T3R5 5 B A il EF<40%, AUC &% 0.881, eIl Al-
ECG {E 8 B y7 35 AR i B A s 7704, e =2 L JEE 2 s L AR FUTLG P B B XU b &, {HAR 48 ECG REBUE A
. —OUf RN, AI-ECG AL REME/E SR IG R IABE IR LVH, HORBRASR O M SR T KB, 5y — I
WA R I, PRI AR B/ %2 S BE ECG R LVH, S HAPEREIE TH T 458 ECG FFEAL Gk
PER), QT [AIHAZEK LR G AE &8 T 27 WAV 72 S0 I B Tl g, & K QTe. AWML ERN, %
T CNN AR R 990 4 B 5 [) ECG 528l 7 AUC 4 0.96, 7ERREA LQTS F B milml /1120, X —Hf5t &
B, AL B2 UM BR QTc AMUANTIIEREIE, SCREF IS, Bz, XUERFFARE, Al BRI EES T
B, AR 70 BRI B R 2, EONIGIRSR A TR SR TR . Rk, BT 2 & i 2 40
AR R R AN T AL, AT A B L O IS 05 1) TS5 AR A 38 R B I e B (R

3 LHEAGSHERSER

AR, B AL BORKIRA A E, GAN ME S 37 BCG {55 A5 M 5 B @7 MU 1 R 53t RP,
IREEROR IR A = TR B BRI I ECG A5 5 AU I, 9 im R Ry AT R] 5 Jist 4% ) i Je i 11t
TH I3 ARG ECG {55 AR BT iR AR TR B2 7o AN 5 BRI 8 ANt DALk, BFFEEATSINT
RS 2IEOR, Filfe GAN AlE gl sy, JHTiem(E S EM AR ZER, ERBIT7m, At 17—
T T-28 53 B b SR FIBR 22 M 2% (1) ECG 15 5 £ W77k alid 5l NFRZE TR, M9 17 A0k v Ang 7 1) 0 1
REST, RIS OREE T JRUUARME 5 HOSRBERFE . SEIREE R IR IR, 12 T7VAAE 2 Pl 7 A5 KR B LR e A ) K e P
M, EESEETH, APHAIFRE T —FET GAN [ ECG 5 5 E@MRA, Rt W UG T H il H w8
(¥ 12 38k ECG 155 . WA RA 7 XA AR 1D U-Net FIRIRIILEN, AR 7 A F SB[
R, B AIE SES NN R I T AR L B RS, 546, AR FIEIR L T —Ff MCMA #5,
MCMA 7R I HES E 2 h5 50, A8 B e A il 2 SR S AT 0 i, e SRR a3 A oo
MTTE B S ERAAN R AN BEERAHENT 12 SBE 5, Bfh Gl T L MR (10 1 22 U7 16 5 R E i AiZ I 1200,
WEFCR7R, % MCMA AR S50 FALRAIZ RN LRGP R DU, 7R 7 AR SRR A (1



TP, TS TR E 5 5] () £ e 5 L BORAE SR I vh B BB . (R AR By ANl jst 6 h, %
BRTRE A 2% 1, 5 R A SRBUIR R # B AL S BRI ECG 55 . il BB, W RUA FER X S5 S 1 i &
ANSERENE, IO e M ) B A A2 W e wf PR . BEAN, T TUT R T — P 3 R LI R
Fifas 2%, RIT ECG {55 A g MM E g, W70 h iz i AL 51 N8 A 22 (8 E = AU, B9 1 X R sy
EMISRTE, BERS TEIREEREPY. 82, FT GAN. HSuibds 2 HASH R L2 S BAE ECG 15
TN T I E R, ARG T E S R E S R, O AR T AT i R
OISR TSR EOR S, AT R e RS AT

4 S AL LRS- a2

B T SRR H 2 2 00, B —BOa e & 28 0o i s R ) R BRI T 2. T, WA A
B A AR RS S IRR SR B B NSRS, (S BhAEE AT SR E ST RSO E 2 T
&, DR il S ML T TRE /). 76 BCG SIRRFHERIEH, A FARIE T —F0 % T Transformer 42
MBS B, 2R AL R T ECG 55 5 A IRIRAREILFE RN, BT T b5 B iR f5 5k KR, 5
MAEH ECG AT S AUROC #9724 0.769, T 5ImPRFFERES 5 AUROC #2728 0.899, BUSIE. 7t ]
EAEEB W R R, SRS EE R T IR SRS . 7E ECG SRS GEE T, 7
— I 7L, LVH-fusion fl& ECG {5 5 S5 A L2 R P EdE, HTZEIEE (LVHD B2, %24
DR S BB 5 5 7 R, 5N T IR, J8id SHAP /R 8 5CE ¥ ECG 3B
NGB EGH EERPY, AR E, ORISR P M ERE EEEE BECG Ror, @it
e S I AL 7 5 25 T XU T 5 28 AR AE R 2R, ECG RAIE F9Co ML 57 2095 X T ff R A 2 4 T 12 %,
MO IERA (AL =450 IR THE 27.6% 6B, B2, Bz, ZHEERAHABELES ECG 55 5K
GREL BEREERAR TR, BRI 70 U 1) T v e 1 R I R A, D SR A U
ARSI S T A IR S

5 Tf@EREYE AI (Explainable AL, XAI)

JUE IR Z M2 CRILHIXT ECG i Al i) sl It e, EH il v SO AR Bl = i R, 33
R EEIX AT AR W I R LRI o X RS IE B PEAMN 55 T B AR AT RGEE RAIEAT, A
BARGETIFAS T, o g 22 i Xk DL HT A3, I 70 51NBERE-INBRIE B (Gradient-weighted Class
Activation Map, Grad-CAM) &y CNN fEZPER I 2 BRI AT AME . EIES: ECG 7 RAESH,
Grad-CAM 28 H UG X dlth 5 B2 2% F ORI QRS P B E &, R T AR BRI OARRIE SR A5 1T % RPM
L5 ) ECG 155, Grad-CAM M il AL T AN [F) 8 AL OO 2 5 () VR SRS AE [X 35, AT 8 A 70 S v okt 1 22
VB, AL, SIS N ARE (03 B B2 R4, Shapley 18 (SHAP) #3728l T-£i#iE Holter ECG 5
LightGBM #% e, £ —TREHE 7T A, FIH SHAP R 51 H AR 7 5 QRS &M M LR /1103645,
LightGBM #7%! ff] AUROC f=i& 0.993, K5 fEAE 98% A I, XK B W] i Rer 5 Ik PR 06 = B — 2035, MLk
T SHAP # Grad-CAM, LIME %34 T JR # i B AT AR, (HAE ECG AU A2 58 MEm& b . 7 7T B 7R, Grad-CAM
A B AR A B L B U ECG W%, 10 SHAP WU S8R 25 B V743 07 T R DL SE 4000, [Ali, iy
TR XAL FVERIAE R, METAGIN T ZRFAAEZL08, i ik STkt FR PPl i i A BT 45 B0AIF 55
Grad-CAM TESE R QT EREZSMEF R FTH A, QRS BRINLA W 28 i B35 R X, HAZ R BRI AR
Wz RIERT, @ SRHEE BN AR BB T, WEAUR L SHAP 5 Grad-CAM #2
HERIRRERIEZBIE N TS R A mE 80, B THARAITH, WM AL fE5RTHIR R 71
WEEYE R . B SR, SEASE R Ll Grad-CAM A[ MALEL SHAP 5 AF B Z P LB, O i B RHEE
At AT TN RS AT BE P33R T2 30%, IS T4 HAE 2 Wi 22505, Mayo Clinic iR B SRR
£ AI-ECG LAEW A Gl NERE RSN GE TG J5, BRAE RN B i IR TR SE — St g o), i
Lot L H, TR R ARBR R, MRS AL O EANTIRR AL R . B2, BEE XA AR
(fK &, Grad-CAM. SHAP %577 VETE S~ IR FEBOR R SRAKHE 7 AR | R ke, AMUIG5R T AL 7E ECG ¢
FACI P B S RIS, ORI NG AR R e B85 T R
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AR, A AL ARG B BT B T R i , E L AEAN[R) N THE 2 18] 0032 A 136 70 A7 T i S 25 b e
JEHREA R JZ . MRS SRR & RIEZ 8], BRIV I B N I%. &%, ECG B 5 RMEAER
MEESH CREER, A ED) AR EIRE R, X ZE RSB ZEZA B L5 h 3R
PUR B Bbhh, APLREZA G238 ) IR 5 NE 525, AR LLE N 2 5 M. “DE-PADA”
TR A R 5 S AR ORI, AEE ERES TR R, HIZ8)F RIMEE R, RIS A FIRASZ AR
IH MRS, R IRl @, G T 2 MOk ARSI 2 B 4 FIAEN 55 SR NE B PR T T A
Rl ERIR 2 (][ ECG 2y uEmilt:, AR MRBIITERS % . IS MR 1 BE 3283, Federated Learning i
AR Z AN B BOA & i AR R R 24, AL R AR BRI AT i P e R Bt sos, |
TR SRR S [F] 43 A B 5, Federated Learning J7 A PERE IR IR PTIESE AR ISR, RIS (R A FRFALS, Dyt
THREERE, AR 2R A E B, IFES & IS M M =Tl ik, RN S kAT AL
WO, X — g 2 R TR D 5 R RN, EAE R, R NI A B 2 Rt — b
I BRIz AR . )LE ECG B 5 0R BER TN, PR QRS A QT [AIIEAE, T HESARE,
M B E WA ZMOMAE & ST-T BUR, BRI, URHESRRE. e RIECNIER B QRS
BICWITRINZRE, FANFEARTER, FHOSAIEZ N A M 38 TR 200, B xf Bk a8, A 50 & 4
7 2R AL ERS, WEERTLE ECG {55 51 A28 i (1 B 38 5 1 B — 4T, DLIE R 38 1)
I FPRAIE: B2 8, MERGIRIKIEIRS BCG M2 BAM L%, DSBS ME RYE IR
W, TR ) 5 AR O TN £ )V S TR SR AN RIRE AR AN R TR, T S AR I TR Y
ZACYERE 32, X MEEERT I SRS Y AI-ECG BUBUZEAN R ABE P (0 HE S48 T iAT R . Bz, NHRTE AL FE
AFE R Rz AGTERE, BFFUBRHRETRIG TR 2] BB 2] 5 aUEuE N = F 5 k. ARk, B
At eI I Z YR EI R it i SRR 5 Bh A8 0 R A N, ORI SR S M & N Re 7y, AT
3 AI-ECG RGME L RIT st h )2 Tt

KM E 2 2O BB RE 70 BT AN [EATE 55 R 0 B RV 2 ) B 28 0 B 8 4 i E IR AL 4% CNINL
Transformer. Autoencoder X GAN %5, % HEAFRERB SRR, EHTARMNHAS . RRELEFRES
IREE, SEFPEER . B 9 B R R RS EN R, T RE SRR St O a6
I3 R AN R A s B AR 1

10 ER AR AT AN R B AR ] B 2

Tab.1 Comparison and summary of different model techniques in ECG intelligent analysis
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A A2 5 e g HEAT S
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el

MobileNet) %

7 MNEERE

BEE N TR Re R CIUR R, AL IRENH ECG 2 b IETE I H A 4% GO A B i il 51297 8. A
OV IR IR Bl ) B BB O O ) R A, AT OO R R T Bh T, T IE H 58 A RE ek ok
MRz . EOHRE IR, WRES IR, JuHJE CNN M Transformer 244, AMUTEZ A AT R
B LT NRERIEKE, BT @k (RSB RIG R TR . SUbFEE, AL SR TCRER
B B 1O 78 T rp R B BV g, e B ThRERRAS . 2 EIEER QT (A AEK 45 A iE S35 T il i
TR PR S iy OB R, DO LB 5 T 7 S TRORORS A BRER A T )50, 78 ECG {55 T 2
FTH, GAN. H4mfidassi Maim 5 20t TR E. MASEGE SR, A R & S EfEET
)z E B E T Al thah, ZRESEURBA R REBIUCNER E. i BECG 9 5IRIKE R ¥
B BERERHABIAIL S, AOGsR T ER TG 77, W95 Z 5058 HLERT 7R MR TR AL T %7
IR ERAT o SRTIT, AL B (1) AR i) K |H A& ORI PR S R4S« E4E2K, Grad-CAM. SHAP %5 1]
R AT 7 IAAE SR AR S L 7 T UG se e B, B R0M5E T AT AEIRRIZ St B S (ST .
Beak, AFRTE AT EERTEA R AR &4 53 P IR 71, TR 2% 3T AT B A B0 2 o) S5 SR s 0% 0
Hs TR IR R S A AR IR T 3

AR, AI-ECG RS AERIE Bl N2 0 520 MBI 7 7 ) I PR (3 A0 78 1 . 9% ] 24t I B A 3L )
(FDA) cfiti#EZ /™ AL IRBN) ECG 438 T EH#EANT 1, W AliveCor 2 & FF & ) KardiaMobile 1% £, %1% %
ghh ALEVERTHHT B, Bl 8 Ko shil M yIs iR ar, #3843 FDA AIEMY. 14k, Mayo Clinic i & 1)
AI-ECG B8 U E 2 R R Bl R0 2, F T A2 IR DhReksag (LVSD) , JFiEd &R Grad-CAM
ATFRBEPENLEER M B 2R S AT, B T R HRAIR G TR S, b E, 50 K¥%ECHE AI-ECG
B RGN PRIR AT, 5070 7R G ok A H 50 T I 255 R0 2 2 S T 56 N O e EIREAE i A& R . 1X
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