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ECG-based identification and classification of myocardial infarction
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Abstract: Myocardial infarction (MI) is a kind of severe heart diseases. Pre-symptomatic health examination can detect MI
diseases at early stage. Electrocardiogram (ECG) is a common-used non-invasive health examination and diagnostic tool.
Some studies that use ECG to predict MI have some shortcomings such as private data sets-based, small sample sizes, simple
analysis methods. To solve these issues, the first benchmark prediction experiment of MI on the available collection of
biological information resource platform UK Biobank is proposed, which covers machine learning methods based on clinical
features and deep learning methods based on ECG signals. The results show that the AUC based on clinical characteristics is
0.690, and the AUC of deep learning using the original ECG signals is 0.728, which is an increase of nearly 4%. It is proved
that deep learning based on the original ECG can learn more information than clinical features. In addition, a preliminary
interpretability analysis is performed on the results obtained by XGBoost and ResNet methods, and it is found that ST wave is
more closely related to M1.
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Figure 1 Significance of clinical features
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Figure 2 Overall research flowchart
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Max_depth {5,7,9, 11} 7
Learning_rate {0.05, 0.1, 0.3} 0.05
N_estimators {50, 100, 200} 200
Min_child weight {0.01, 0.05, 0.1} 0.01
Gamma {0.1, 0.3, 0.5} 0.3
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Reg_alpha {0.01, 0.05, 0.1} 0.01
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Figure 3 ResNet network structure and interpretability position
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Table 2 AUC and F1 results of ECG—based classification
Il PRASAE AUC F1 JFHH ECG IR AUC Fl
XGBoost 0.690+0.010  0.766+0.011 CNN 0.713+0.017  0.770+0.018
Decision Tree 0.540+0.029  0.660+0.028 Inception 0.711£0.031  0.740+0.016
SVM 0.570+0.017  0.710+0.011 ResNet 0.728+0.023  0.780+0.015
Random Forest 0.680+0.028  0.760+0.014 LSTM 0.716+0.038  0.750+0.014
Logistic Regression  0.660+0.026  0.750+0.025 Attention 0.717+0.026  0.760+0.016
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Figure 4 Classification results by gender and age groups
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