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Abstract:

The incidence rate and mortality of cardiovascular diseases in China are increasing year by

year. However, due to the large scale and complexity of electrocardiogram data, clinical medical staff

have a heavy workload and are prone to misdiagnosis or missed diagnosis during electrocardiogram screen-

ing. Based on this, in this paper we proposes an intelligent classification and analysis of multi-lead electro-

cardiogram signals based on multi feature branch convolutional neural networks using CPSC-2018 twelve
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lead data. Firstly, divide the CPSC-2018 12-lead data into 9 categories, derive 8-lead electrocardiogram
signals based on the 12 leads, and extract local features separately. Then, the attention weight vectors of
different categories are calculated through bidirectional GRU encoding and attention mechanism, and the
feature information is concatenated and fused into feature vectors to achieve multi-lead electrocardiogram
classification. The experimental results showed that good classification performance was achieved on the
validation set, with an F, value of 81.2% for normal categories and an average I, value of 84.2%. Espe-
cially, when identifying two types of arrhythmia, atrial fibrillation (AF) and right bundle branch block
(RBBB), F, values reached 95.1% and 93. 1%, respectively.

Key words: arrhythmias; electrocardiogram; convolutional neural network; GRU network; attention

mechanism
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Tab.2 The model is presented in the confusion matrix on the test set

ESill N AF1 1AFB LBBB RBBB PAC PVC STD STE
N 336 0 12 1 13 2 1 33 15
AF 1 479 3 2 11 12 1 2 1
1AFB 7 14 231 7 10 21 10 1 2
LBBB 1 5 6 80 6 3 1 1 0
RBBB 9 12 7 0 716 6 3 4 2
PAC 11 16 2 0 8 203 4 5 1
PVC 1 1 1 0 5 7 225 11 2
STD 32 2 9 0 5 0 16 257 1
STE 16 0 0 7 4 2 0 3 48

F 3 ARy AENERE

Tab. 3 Classification performance of this model

ESi] TR FEluES FfH

N 0.812 0.813 0.812

AF 0.960 0.941 0.951
1AFB 0.852 0.862 0.857
LBBB 0.878 0.886 0.882
RBBB 0.920 0.943 0.931
PAC 0.793 0.812 0.802
PVC 0.862 0.889 0.875
STD 0.811 0.798 0.804
STE 0.667 0.67 0.668
T 0.839 0.846 0.842
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Tab.4 Comparison of F'; value between the proposed model and

other models

FfE

el
CNN-LSTM ATIFCNN ATIGRU-CNN MLB_CNN

N 0.753 0.789 0.819 0.812
AF 0.900 0.920 0.936 0.951
1AFB 0.809 0.850 0.866 0.857
LBBB 0.874 0.872 0.862 0.882
RBBB 0.922 0.933 0.926 0.931
PAC 0.638 0.736 0.789 0.802
PVC 0.832 0.861 0.865 0.875
STD 0.762 0.789 0.812 0.804
STE 0.462 0.556 0.640 0.668
Fy 0.773 0.812 0.835 0.842
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