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Abstract: The purpose of this study was to evaluate the performance of deep neural network model in order to deter-
mine whether there is a risk factor for coronary artery disease based on the cardiac variation parameter. The study
used unidentifiable 297 data to evaluate the performance of the model. Input data consists of heart rate parameters,
which are SDNN (standard deviation of the N-N intervals), PSI (physical stress index), TP (total power), VLF (very
low frequency), LF (low frequency), HF (high frequency), RMSSD (root mean square of successive difference) APEN
(approximate entropy) and SRD (successive R-R interval difference), the age group and sex. Output data are divided
into normal and patient groups, and the patient group consists of those diagnosed with diabetes, high blood pressure,
and hyperlipidemia among the various risk factors that can cause coronary artery disease. Based on this, a binary
classification model was applied using Deep Neural Network of deep learning techniques to classify normal and
patient groups efficiently. To evaluate the effectiveness of the model used in this study, Kernel SVM (support vector
machine), one of the classification models in machine learning, was compared and evaluated using same data. The
results showed that the accuracy of the proposed deep neural network was train set 91.79% and test set 85.56%
and the specificity was 87.04% and the sensitivity was 83.33% from the point of diagnosis. These results suggest
that deep learning is more efficient when classifying these medical data because the train set accuracy in the deep
neural network was 7.73% higher than the comparative model Kernel SVM.

Key words: Autonomic nervous system (ANS), Cardiovascular risk factors, Heart rate variability (HRV),
Deep learning, Deep neural network (DNN)
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Table 1. Classification result f training set by node count in
hidden layer

Node Count Accuracy Loss
15 0.8647 0.2989
20 0.8792 0.2484
25 0.8744 0.2996
30 0.8841 0.2354
35 0.9179 0.1710
40 0.9082 0.1932
45 0.9034 0.1945
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