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Adaptive learning-based method for classification of arrhythmic heartbeats
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Abstract: Arrhythmia is a common electrocardiogram (ECG) abnormality in heart diseases, among which premature ventricular
contraction (PVC) is a widespread arrhythmia caused by ectopic heartbeat. The detection of PVC by ECG signals is significant
for predicting possible heart failure. Herein an ECG signal classification algorithm for PVC heartbeat classification is proposed.
The feature extraction model of PVC abnormal heartbeat classification based on adaptive learning is mainly studied. The posterior
probability of heartbeat correlation is calculated and then combined with information classifier to improve the classification
performance. The ECG data adopted in this study are from MIT-BIH arrhythmia database. The research results show that the

proposed algorithm can effectively improve the accuracy of adaptive classifier for small-sample heart beats of nonlinear manifold

data.
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Fig.1 Schematics of heartbeat classification system based on adaptive learning
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Tab.1 Adaptive classifier feature set
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Fig.2 Arrhythmic heartbeat classification results

LVQ: Learning vector quantization; SVM: Support vector machine;
ALHBC: Adaptive learning of the heart beat classification; BPNN:

Back propagation neural network
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Tab.2 Confusion matrix of feature classification

PVC NOR  RBBB LBBB AP

PVC  ALHBC 98 0 0 0 1
BPNN 75 0 0 0 0
NOR  ALHBC 0 100 0 0 0
BPNN 0 100 0 0 0
RBBB ALHBC 0 1 36 1 5
BPNN 1 10 40 6 12
LBBB ALHBC 0 0 0 21 0
BPNN 2 0 0 13 0
AP ALHBC 0 0 0 0 56
BPNN 11 5 3 6 37

PVC: Premature ventricular contraction; NOR: Normal heartbeat; RBBB:
Right bundle branch block; LBBB: Left bundle branch block; AP: Atrial

premature
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