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Abstract

Myocardial infarction is one of the cardiovascular diseases threatening human life and health. To
further improve the diagnostic efficacy of myocardial infarction, this paper proposes an electrocar-
diogram image classification method based on the fusion of deep transfer learning and traditional
machine learning. Specifically, the classification performance of four mainstream convolutional neu-
ral networks is compared to select the optimal feature extraction model, which is then combined with
traditional machine learning classifiers to construct a hybrid classification model. Experimental results
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show that the hybrid model combining DenseNet121-based deep features with SVM achieves the best
performance, with a test accuracy of 86.43% and an AUC of 0.9762. This model achieves perfect dis-
crimination for the myocardial infarction (MI) category on the test set, demonstrating a high level of
discriminative ability. The proposed method can effectively improve the accuracy of ECG image clas-
sification and provide a reliable technical solution for intelligent assisted diagnosis of myocardial in-
farction.
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1) ECG Images of Myocardial Infarction Patients (MI)

2) ECG Images of Patient that have History of MI (History MI)

3) ECG Images of Patient that have abnormal heartbeat (Abnormal)

4) Normal Person ECG Images (Normal)

ftiBh Python PIL P, FRATHEJE IR EUERT 1 BN 224 x 224 153, DA RV N ST (R E o [) Be
K G 1) B i K FE M 3R, I TmageOps.equalize PR A3EAT B 7 BRI BT AL AL TR, H893 R% 1) J= 3 %6t L
FEo PR T ECG 55 HIREEIUAHIE, e 7N ECG B r i R, )5,
BAR R N[0, 25514 —ALF[0.0, 1.OTHIFFE s X 18], FEAR BRI ZRITHSL A, b TR sl f)a
W AR TT%, BL 715015 BIBCBRERE A 73 I 50 L BauE AR A Ak

Table 1. EICP dataset details
%2 1. EICP HIFEEIEF

O R B 2031 e O HL R
O JILFEBE £ 55 (M) 0 239
B U VIAEBER 5 (History M) 1 172
OB H S (Abnormal) 2 233
1E# A (Normal) 3 284
RS R

History_MI Abnormal Normal

Figure 1. Examples of various ECG categories
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W% (Accuracy, ACC):

TP+TN

= 1
TP+TN + FP+ FN &
FE 0 R (Precision):
Precision = Ui (2)
TP+ FP
H [F] % (Recall):
TP
Recall = 3)
TP+ FN
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Fl=2x Prec.ls.lon x Recall @
Precision + Recall
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Table 2. Performance indicators of different models on the test set
% 2. FNEWERIENIR E _ ERERETEHR
i IOEHERR R W R 2R FERR A A2 F1 18 AUC
SVM 0.9375 0.8643 0.8628 0.8643 0.8631 0.9762
XGBoost 0.8357 0.8357 0.8339 0.8357 0.8345 0.9599
BELARK 0.8143 0.8286 0.8383 0.8286 0.8253 0.9577
DenseNetl121 0.9143 0.8214 0.8347 0.8214 0.8119 0.9574
EfficientNet-BO 0.8500 0.7714 0.7821 0.7714 0.7630 0.9461
ResNet18 0.8286 0.7286 0.7482 0.7286 0.7218 0.9236
ResNet34 0.7929 0.6786 0.7073 0.6786 0.6467 0.9019

W 2 5K 2 45 0] A, DenseNet121 428 gE A, MERHERZF N 0.8214, AUC N 0.9574,
AR T ResNet RFIMT 5 EfficientNet-BO, I iE | H 242 E L 45 76 O B MG IR R B AR 34
T DenseNet121 HREURNR AL, %k 3 MALGHLASF )02, Hh St #mEBHL(SVM) 2K
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Model Comparison on Test Set
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Figure 2. Comparison of accuracy of different models on the test set
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Figure 3. Confusion matrix of the optimal model (SVM)
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Figure 4. ROC curve of the optimal model (SVM)
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