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Arrhythmia classification method based on genetic algorithm optimization of C-LSTM model

WANG Wei, DING Hui, XIA Xu, WU Hao, ZHANG Ying, GUO Jiacheng
School of Optoelectronic Engineering, Chongqing University of Posts and Telecommunications, Chongqing 400065, China

Abstract: A GC-LSTM model is proposed based on the characteristics of global optimization of genetic algorithm. The model
automatically and iteratively searches the optimal hyper-parameter configuration of the C-LSTM model through the genetic
algorithm of a specific genetic strategy, and it is configured using the genetic iteration results and validated on the MIT-BIH
arrhythmia database according to the classification criteria of the Association for the Advancement of Medical
Instrumentation. The testing shows that the classification accuracy, sensitivity, accuracy and F1 value of GC-LSTM model
are 99.37%, 95.62%, 95.17% and 95.39%, respectively, higher than those of the manually established model, and it is also

advantageous over the existing mainstream methods. Experimental results demonstrate that the proposed method can achieve

better classification performance while avoiding a large number of experimental parameters.
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Figure 2 Optimization flowchart
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Table 3 Final model parameters
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Table 5 Detailed parameters of C-LSTM1 model
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Table 6 Detailed parameters of C-LSTM2 model
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Table 7 Performance of each network on the test set (%)
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Figure 6 Comparison of confusion matrix among different networks
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Table 8 Comparison of classification performance between the proposed method and the published literatures (%)
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C-LSTM!!! B 5 96.16 93.86 95.52 94.68
GA-CNN'16] A 5 98.45 92.20 93.60 92.89
ARICHE B 4 99.37 95.62 95.17 95.39
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