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Ensemble Learning Based Recognition Method for Bundle
Branch Block
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Abstract; In order to improve the automatic diagnosis performance of left and right bundle branch
block based on electrocardiogram (ECG), an ensemble learning method was proposed, while a
combination of multi-lead electrocardiogram and convolution neural network model served as the
basic learner.
synchronous static electrocardiogram and divided into slices of multi-lead single heart beat data.
Secondly, the bootstrapping method is used to extract multiple data subsets. Each subset would be
perturbed and input to the base learner. Afterwards, the corresponding prediction models are
obtained. Then, the Bayesian method is used as the combined strategy of ensemble learning to
fuse multiple prediction models. Finally, the diagnosis is provided by voting combined with the
classification results of multiple beats in an ECG. The experimental results show that the method
has high sensitivity and specificity, which has clinical application value.

Key words: electrocardiogram ( ECG) ; bundle branch block; ensemble learning; convolutional
neural networks; Bayesian method

Firstly, effective diagnostic lead data is extracted from the clinical 12-lead
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Fig. 1 Overall process of ECG classification
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Fig. 3 Structure of the proposed MLCNN model
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Table 1 Data distribution table
\ PRI IR 25 5 0 L IR
AR S o S R N o
NNEEREIE L YIGAEAEL AR B NN ESE NN TR 4
LBBB 1000 9029 7223 15 000 500 4251
RBBB 1000 10016 8013 1 806 500 4768
HAthy 1500 14 648 11718 2003 750 7 439
it 3500 33 693 26 954 6739 1750 16 458
*x2 FNRBELERE
Table 2 Confusion matrix of prediction results %
model 1 model 2 model 3 £
25
LBBB RBBB Hfih LBBB RBBB Hft: LBBB RBBB Hfih LBBB RBBB  Hifth
LBBB 1691 21 94 1723 19 64 1684 20 102 1721 22 63
Label RBBB 0 2001 2 0 1960 43 0 1970 33 0 1998 5
Hth 20 53 2857 89 168 2673 21 34 2875 23 40 2867
R3 LBITFMESH
Table 3 Experimental evaluation parameters %
model 1 model 2 model 3 RS
LBBB RBBB XAl LBBB RBBB XAl LBBB RBBB  Hif LBBB RBBB  Hfih
REE  93.63 99.90 97.51 95.40 97.85 91.23 93.24 98.35 98.12 95.29 99.75 97.85
SRR 99.59  98.44 97.48 98.20 96.05 97.19 99.57  98.86  96.46 99.53 98.69  98.21
% 98.00 98.87 97.49 97.45 96.59 94.60 97.88 98.71 97.18 98.40  99.01  98.06
HERIR  98.83  96.43 96.75 95.09 91.29 96.15 98.77 97.33  95.51 98.68 96.99  97.68
x4 BOEBEEMNER
Table 4 Prediction results of the combined multiple beats
i T )
25 RABE /% TR/ % IE#/% TR/ %
LBBB RBBB HAthy
LBBB 496 1 3 99. 20 99. 68 99. 66 99. 20
}r% RBBB 0 494 6 98. 80 99. 36 99. 20 98. 41
HAthy 4 7 739 98.53 99. 10 98. 86 98. 80
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