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Abstract: This paper proposes toqg¢lassify the presence or absence of diseases in magnetocardiograph data samples

using machine learning method.
extracted from the cardiac mag
magnetic field characteristi

sample-weighted SVM

netic field map, constructed by depolarization phase (TT interval) data, is
Then current density map is solved. From the current density map, the relevant
acted. Aiming at the problem of unbalanced data classification, five learning models of

ector Machine), LR (Logistic Regression), KNN (K-Nearest Neighbors), Adaboost and

XGBoost are used for training. On this basis, weighted LR and KNN are designed as the primary learners, and weighted
SVM as the secondary. The stacking model of the learners trains the sample data. The stacking learning model is used to

conduct experiments on the 36-channel magnetocardiograph data of 73 non-patients and 47 myocardial infarction patients.

The results show that the model has a good effect on the classification of unbalanced samples of the cardiogram data.
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.2 Two—dimensional current density diagram
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Fig.1 Butterfly diagram of 36—channel single cycle

magnetocardiograph signal
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Fig.3 ROC curves of five learning models
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Tab.1 Four evaluation indexes of five learning models

IR IR K TSI AUC
SVM 63.1% 77.7% 73.2% 75.4%
LR 62.5% 92.6% 66.8% 80.5%
KNN 70.1% 74.1% 79.8% 81.1%
Adaboost 63.8% 88.9% 66.7% 75.1%
XGBoost 54.1% 81.4% 72.7% 74.1%
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XGBoost 66.7% 81.4% 72.7% 74.8%
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Tab.3 Four evaluation indexes of stacking learning

model weighted by samples

R HIRUIES RO TESIE AUC
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