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Abstract

To address the challenges of insufficient data utilization and inefficient feature fusion in intelligent
myocardial infarction diagnosis, this study proposes a multi-information fusion network. The local

XESI: FRE, FET ET 12 SO BRI IS e AT 7). B 515 5, 2025, 14(4): 1011-1022.
DOI: 10.12677/mo0s.2025.144350


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2025.144350
https://doi.org/10.12677/mos.2025.144350
https://www.hanspub.org/

Z5

=
H

I

g

’

feature module employs temporal modeling techniques to capture beat-level electrophysiological
fluctuations, while the global feature module leverages spatial attention mechanisms to analyze an-
atomical correlations across 12-lead ECG signals, thereby fully exploiting the diagnostic value of
multi-lead information. An adaptive weighting mechanism dynamically fuses local and global fea-
tures, effectively suppresses non-specific noise and reduces feature redundancy, enhancing the dis-
criminative representation of pathological characteristics. By integrating shared foundational fea-
tures with task-specific output layers, the model simultaneously achieves myocardial infarction
classification and anatomical localization within a unified framework, balancing shared patterns
and clinical task-specific requirements. Validation on real-world clinical datasets demonstrates
that MI-Net outperforms conventional methods in both classification and localization tasks. Its de-
cision logic, verified through feature visualization techniques, aligns closely with clinical electro-
cardiogram diagnostic criteria, providing clinicians with an intelligent diagnostic solution charac-
terized by high precision and interpretability.
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1. 531§

BEE R E AL SR RN CUZ A INIE, O S0 (CVD) A ] B (R 1) 1 B2y, 2021 4F
5 AR A R T SE LR 1Y) 48.98% 11 47.35% [1]. Hrh, St O UBESE(AMI) RS LR 9 1 XIS 4652 %0 o
REMNNBIT AW, (b E RS 2022) SR E AMI BT 2 S, HAF
TEREWS EZR: BREGERFIEEN 3.1%, gk 5.3%, 2% 1A 10.2% [2]. Kk, fns AMI i)
5RAEZ LI RAHEZ L

Ak, T OREES R ONUEZER A A IS 7B . A 7T RN 5 i G A
TIERNERBE S ) IEM R . ARG I INEMOBURFAE TR A4y 528 M 22 . 40 Sahu 1 Ray 2T~ KNN
RS 572 99.82%UERGZ[3], Yang 25 A1) VCG MR EI4r 5 CART 4548 RBUEIA 97.28% [4]. 1X2K
Tk ARV, (EME DAARBE T A B A IS B AR 22 R TR A ST d e g B v 2 5] F BN FREUVREAE, B
RIHEWPERE. CNN 7T, Liu 25 N2 SR HER) I8 96.00% [5]; B PEERIJ5TH, Darmawahyuni
SEESE LSTM 8 T4 RNN Al GRU, RIEEIL 98.49% [5]. 4FxT£ SHEE S H 40k, LR E Tk
OB T Yu S5 AN B2 MI 28 B8 M ik — 4545 5 36 0 —4E5EFE[6];  Qiang 5 A\ 1) £ 1@ iE % 48
R IR AT @B SN, TF R TUCHE S m G [7]; Yao AL S SE BEMZ S
Transformer $& 71 1 HERZRAT FL 7040, XEEHFARRIT, G 2 PhiR B 2% > 220 ] 5 4 T 4l He O IERFLE
PO FRAG 5 20 AT A R PR R 1 8]

O U BE R BR12 W7 i 47 R BT B 3 fe s (R 5 iEAAFE R D R Ho—, i gefs
FIFA R a7 LA 2 5T 1 IO B O EdR 3 TR I, RAEFR 1248 12 RGO SS9 E
2 IR E . 12 SRR GUEE A R & I WO T & XS & 3l XAEAELE 2 A B A AT B4R
WIS 52 B, TEUA B 4 A B S 8O S MAFE LK. =, FHERA LIRS L5 2R E
Rl 7 A ol R R AE DR B M MBS, SR T R E AN S R AEFE 9 A, 1023 5] N R E MR AT
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Figure 1. ECG signal denoising flowchart
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Figure 2. ECG signal localization flowchart
2. ILRESEMRIEE

7E R PG E AT, DAKE I A O RS 140, 45 340 SR S OB (MK 480 ), 528 P-
QRS-T P IEBENFAE; [T it s 5 oy B I8 A il A A s B & R A5 e 7 S EUiRAS, &FFIR A1
SR B 200 SKAE AL T BRI AN AR BN RS . 1% SRS AE AR B 2 K SRR X R4 N A T
T O AT AR
2.3. REFEIJEREILE
2.3.1. MI-Net P4giE R

ARFFHEH T — P T IR B 22 2 (O WUREZE IR AR RS, Z A AL E T 0 4S5 I 2 4R 40T, el
JUUREZE D5 ) B R0 kb e A B3 T — Rl AR v 5 38 ALK T XU 28 M BE1t,  AEns [A] i Ab KR
Oy LA S A BN O T s, T SEEI KT O JULRE 8 B8 4 THIFURS 6 i . ARV AZ a0 1) 3 o

N
o N
N
) N
MHSA S
Layer Nor™ o — N
— 1 ~
M = N
-
B (et N
T . I)‘,) ==
%ﬁ N S
353 Conv+ D Conv+BN+ReLU+Dropout | MHSA | Multihead Self-atention @ Concatenation
AP Attention Pooling Layer L AP 1 Max Pooling Laver [C—) Fully Connected Layer + ReLU + Dropout

Figure 3. Schematic diagram of the MI-Net architecture
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Figure 4. Architecture illustration of the multi-scale adaptive feature fusion module
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Table 1. Experimental parameter details
= 1. KWSHMTS

BHR ZH
s Adamw
WU o1 5% 1e-3
) R E R StepLR (P K =5)
R 30
LR 128

2.5, SLHHTLIEER

B FET XS CHUBESE U 75 R it 7 I RAEST: — 70 AT TR 0 5 45, RATHERIZ . AUROC.
#4815 (Recall, RUBBUEE) 57 1E & FLE LIRS, S5E PSR I VE SBAVEREA X 20 8775 RENL
2 AR5 B AR BIEISEAL B, B B S AN 1] 8L, R BT 24 (Micro-Average) 5 AT 2
(Weighted-Average) 7 A PFAts I . A RIR & FL 6. B, Seridd e /i s i O i H
B, BGPTSR AREA 5 O 2 SRR bR IBGR AT
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Figure 5. Denoising flowchart for myocardial infarction ECG signals
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Figure 6. Localization flowchart for myocardial infarction ECG signals
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3.2. RBEITWER

3.2.1. 4y

2 R TRRAME QUSR5 AR S TR R . BRI e B 2, HERIZE(97.84%) 5 AUROC
(98.84%) R HARE AL O LR FE 5 IEH O LB I X 43 B8 TR H - 98.82% 1 57 55 84.55% 1k fff 5 Hig om
A RGBS IEHREA IR, 1 84.84%I1) R AL 5 84.69%11) FL 43 50U s it 1 Xof o ULAT FEAS 51] (1) B A 1
FEE T, XA ARR B P 12 5% 12 R B A S

Table 2. Experimental results for myocardial infarction classification task

2. DAERE Y REFKEER

_ . s L Acc AUROC Sensitivity ~ Specificity Precision F1 score
S\ TI
L T ) B ) (%) (%) (%) )
1E5 15,286 182
97.84 98.73 84.84 98.82 84.55 84.69

LU B 178 996

ONSSAERE R PE G, ASHIE AU I3 S5 T Al S 46 20 B S B BT A2 X LU SEAR S5 SR U 3 T
HRFEGIT 20 LR TERRA G ZES: RS — R SR A R RECEXT . 4R EoR,
RE T H GBS — RAF e A Rl IR 2 REERHIE, RERT R MERE. TRt — D IS uE s f A
TR AL Al A AR A TR ) AR I, R 22 RUBERS A A 15 AL 1 ) 98 i R ot o JULRE A3 ek R 32 AR
il

Table 3. Comparative study of multi-scale convolutional kernel combinations
3. REEFZAEX LN

ZREBEFRZHE Acc (%) AUROC (%)  Sensitivity (%)  Specificity (%)  Specificity (%)  F1 score (%)

[3,3,3] 97.13 96.65 86.14 97.68 69.10
AHIE ST B AR [5,5,5] 97.27 97.32 82.77 98.29 77.50
[7,7,7 96.58 96.10 79.77 97.68 69.27
[3,7,11] 96.95 97.11 79.30 98.26 77.08
RERSF BB [5,7,9] 97.22 97.52 82.71 98.24 76.74
[3,5,7] 97.84 98.73 84.84 98.82 84.55

TH R SEIG A RN ER 4 Fon o FERB Y, SE K HH A AR O A NTE FL 43 $1(+12%) AUROC
(+6%) S HER 2(+0.9%) IR WM, RHZ FBK FESISRHE 2B B A BN E. DT
N S AL AR TR B 96.42% KR % . 97.70% AUROC 5 80.38% F1 703, ESE T JA#E - 454k b A1 &
B R I N 2 REEFFERL GBS, S AL E AR — PR T e B I F1 20 30(A + 19%).
HEZR (A + 1.1%) SBURTE (A + T%) 5T R B0 FL (A + 16%) . #ERf 26 (A + 0.8%) 5 BUsk i
(A + 10%)[FBAR ML SUERARHN T FL 32FF 19%. HERZRIEIN 1.1%. ZAHuE 5 R REAE RS AL,
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Table 4. Ablation study
e 4. HRLSLIG

OHEHE SRR MR Acc  AUROC  Sensitivity  Specificity  Precision  F1 score

(%) (%) (%) (%) (%) (%)
v 9485  88.37 73.29 95.78 42.87 54.10
v 9597 9571 81.65 96.69 55.52 66.48
v v 96.42  97.70 82.88 98.10 78.03 80.38
v v 9538 93.93 71.69 96.80 57.39 63.74
v v 9.59  97.91 84.97 98.49 80.14 82.48
v v v 97.84 9873 84.84 98.82 84.55 84.69

3.2.2. E{SELE

%5 giREIR, BALEOESEE MRS h YR Micro P} F AUROC 1A 92.45%, Recall
(88.68%) 5 F1(88.68%)#%i; Weighted ¥4 AUROC (88.67%)5 F1(88.52%)f#FffasE . Widstahs F F1
IS/ NT 0.16%, 3 BRS8N 2o s B AT T s Bk

Table 5. Classification performance for myocardial infarction
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Table 6. Localization performance for myocardial infarction
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Figure 7. Class activation heatmap for anteroseptal myocardial infarction
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