+ 208 - doi 10.12122/j.issn.1673-4254.2026.01.23

J South Med Univ, 2026, 46(1): 208-218

—hEFREFTEMSHTRENM 12 SRV EEE2HER

R

PR TRA T, RAKA R R B, IR AR

"GFERKRFAYEFIEFR,) AR SN 510515 MarF EF RS LA MNARTAENS, & N
510515;° ) A B BT BMA W EARRAT, )& 7 M 510663

WEBH 1S 12 FPOREE(ECG) Hsh2WitdfEmPERTTERE . ik 20 T A FIRERER A 19 12 SELECG A 3
WA (MRHL-ECGNet) o IZAAIAL 5 22 RO RRAES2 AT 3 . ResNet-34 . 4% Ja RRAIE TR A AR S B (8] 7P 2 A0 A ie , 2 THs:
Hyena Hierarchy %AV TR F T 12 S50 #L A B2 Wi T 45 b, LUSsilifit ECG P A KARIKIIDE R |, JF i MR AR A A
TRPE o RIS SR TR0 (IG) By AT M Bt 0 T A , 523 MRHL-ECGNet 54 il 94k . F CPSC2018 Hds 4 %}
MRHL-ECGNet 4TI Z AN , H2R F 2230052 fi PEAN 48 55 5 PP SE 90 % MRHL-ECGNet #H T4 i PPAl . 455 7eillif4E b
X9 FE S ECG 143 254T- 45 v, MRHL-ECGNet F #ERf % . AUC {8 . F1 4350 K 5 2 A1 7 1] 343 9113531 0.972.0.983.0.864
0.873 F10.857, ¥ F HoAbxT ELARAL, HAE GPU L% FpbEAstin 2 Wi ST 19 s 1] 47 0.007s, £ CPU AL 0.156s, AT
FH4 67.196MB. 4518 524 H 1 MRHL-ECGNet A {CEAT 5L 9 43 2SR R , 7 B4 5 d A B mT A B I R 1, FE I R
ECG i B2 Wi HA #e i 1 A (B

KA OB R H Bhis W TR ) s Hyena Hierarchy 45 FUR 7 ;AR08 n] i Rk

Evaluation of an interpretable 12-lead ECG automatic diagnosis model based on deep
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Abstract: Objective To enhance the accuracy and reliability of 12-lead electrocardiogram (ECG) automatic diagnosis. Methods
Herein we propose a 12-lead ECG automatic diagnosis model based on deep feature fusion (MRHL-ECGNet), which consists
of a multi-scale feature extraction front-end, ResNet-34, a global feature mixing module, and a time-series analysis module.
The Hyena Hierarchy Convolution Operator was applied to the 12-lead ECG automatic diagnosis task for more efficient
capture of long-range dependencies while reducing computational complexity. Integrated Gradients (IG)-based interpretability
analysis technology was used to achieve visualization of the decision-making basis of MRHL-ECGNet. The CPSC2018 dataset
was used to train and test MRHL-ECGNet, and its performance was assessed using multiple quantitative evaluation indicators
and evaluation experiments. Results In the 9-class ECG classification task on the test set, MRHL-ECGNet achieved an
accuracy of 0.972, an AUC of 0.983, an F1 score of 0.864, a precision of 0.873, and a recall of 0.857, all surpassing other
comparative models. This model only took 0.007 s to output a diagnosis for a single sample on a GPU and 0.156 s on a CPU,
with a memory footprint of 67.196 MB. Conclusion The proposed MRHL-ECGNet model demonstrates excellent classification
performance in 12-lead ECG automatic diagnosis with a lightweight design and good interpretability, and thus has great
potential for clinical application in ECG-aided diagnosis.
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Fig.2 Schematic diagram of the model structure 1. A: Overall structure diagram of MRHL-ECGNet. B: Structure
diagram of the multi-scale feature extraction front-end. C: Structure diagram of the single residual block.
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Tab.1 Parameter settings of the MRHL-ECGNet model

Module

In/Out & K and Other Parameters

Input Layer

Multi-scale feature extraction frontend

ResNet-34 Layerl

ResNet-34 Layer2

ResNet-34 Layer3

ResNet-34 Layer4

Global feature mixing module
Temporal analysis module (LSTM)

Temporal analysis module (Hyena)

Feature fusion and classifier

In: 12xT

In: 12xT; Out: 64xT/2;K: 7, 15, 31;
Stride: 2

In: 64; Out: 64; K: 7;
BasicBlock1d: 3; Downsample: No

In: 64; Out: 128; K: 7;
BasicBlock1d: 4; Downsample: Yes

In: 128; Out: 256; K: 7;
BasicBlock1d: 6; Downsample: Yes

In: 256; Out: 512; K: 7;
BasicBlock1d: 3; Downsample: Yes

In: 512; Out: 512; K: 31
In: 512; Hidden state: 64
In: 64; Out: 64; K: 15

Concatenated in: 512x2+64;
Fully connected layer
Output: Classification results

In: Input channels; Out: Output channels; K: Kernel size; T: ECG length.
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Fig. 3 Schematic diagram of model structure 2. A: Global feature merging module structure diagram; B:

Temporal analysis module structure diagram.
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Tab.2 Experimental environment for model testing

Item Configuration
Operation system Windows 11

CPU Intel Core i5-13490F
GPU NVIDIA GeForce RTX 4060Ti
RAM 16GB

Cuda version 12.7

Pytorch version 2.3.1

Anaconda version 24.9.2
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Tab.3 Comparison results of the performance of the 12-lead
ECG automatic diagnosis model

Method Accuracy AUC Fls Precision Recall
Zhang D et al."! 0.963 0.9610.823 0.826 0.821
Reddy L et al."* (IMLE-Net) 0.895 0.9130.810 0.812 0.809

Hwang S et al.””’ (ResU2D-LC) 0.905 0.9280.797 0.808 0.787
Strodthoff N et al.” (inceptionld) 0.901 0.9410.813 0.836 0.792

MRHL-ECGNet 0.972 0.9830.864 0.873 0.857

%4 MRHL-ECGNet7E 9FIAR 2B R A ECG LRy IERERI
Tab.4 Performance of MRHL-ECGNet model on 9 different
diagnostic categories of ECG

Diagnosis category Accuracy AUC  Fls  Precision Recall

Normal 0.963 0.980 0.819 0.837 0.802
AF 0.977 0.995 0.927 0.944 0911
I-AVB 0.975 0.975 0.896 0.912 0.882
LBBB 0.994 0.998 0.920 0.986 0.862
RBBB 0.961 0.989 0.925 0.954 0.898
PAC 0.966 0.952 0.739 0.683 0.804
PVC 0.965 0.982 0.836 0.803 0.872
STD 0.951 0.976 0.793 0.844 0.747
STE 0.996 0.998 0914 0.889 0.941
AVG 0.972 0.983 0.864 0.873 0.857

ff, MRHL-ECGNet H1 1) 42 JRy R i TR A A et il 2 5%
Bio BFET AN A gl B B 25 ) LSTM
KA — IR BR . AR e R T Z R e R
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THRASZESZE AN 5 IS8R 1-6 IR .

WL 5 ALY 1-6 5505 8 Y PEM bR vl LIE
H, 58 # A MRHL-ECGNet 784 AN H8 bk T 245 K
0, 3 0] T MRHL-ECGNet H & A5 B i T8 0
REMVEETHEA DTk

UL, B b R 0 il S 56 A, AR AF 58 38 ¥ MRHL-
ECGNet H[1) Hyena Hierarchy & FUVE 14 7 N L

Tab.5 Results of the ablation experiment and the mechanism replacement experiment

Experiment ID Configuration Accuracy AUC Fls Precision  Recall
1 Remove multi-scale feature extraction frontend 0.951 0.968 0.846 0.844 0.851
2 Remove resnet-34 0.898 0.901 0.803 0.796 0.812
3 Remove temporal analysis module 0.912 0.919 0.820 0.821 0.819
4 Remove global avgpool 0.956 0.971 0.837 0.835 0.840
5 Remove global maxpool 0.967 0.973 0.833 0.829 0.838
6 Remove all hyenablock 0.905 0.909 0.799 0.798 0.802
7 Replace hyenablock with transformerblock 0.970 0.985 0.847 0.836 0.859
8 Full MRHL-ECGNet 0.972 0.983 0.864 0.873 0.857
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Fig.4 Decision basis of MRHL-ECGNet displayed using the IG method
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Fig.5 Model running time. A: Time required for diagnostic results output under different conditions. B: Time for

generating the decision-making basis diagram under different conditions.
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Tab.6 Model parameter quantity and memory usage

Module Parameters Memory (MB)
Multi-scale feature extraction frontend 13920 0.053
ResNet-34 16589312 63.283
Global feature mixing module 295424 1.127
Temporal analysis module 154176 0.588
Hyenablock 8256 0.031
Mrhl-ecgnet 17615017 67.196
Mrhl-ecgnet (replace hyenablock with transformerblock) 20746921 80.226
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