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Prediction of cardiac mechanical performance from various
electrical instability parameters using machine learning
algorithms

Da Un ]eong*, Ki Moo Lim"~

Abstract : It is not easy to predict the mechanical performance during ventricular
tachyarrhythmia because the myocardial tissue contracts asynchronously at high frequency due to
reentrant pattern. Therefore, in this study, we predicted the cardiac mechanical performance from
several electrical instability parameters during ventricular tachyarrhythmia assuming that there
would be a correlation between them. In addition, we compared the predictive performance of
the typical support vector regression (SVM) models, which use a linear kernel, an RBF kernel,
and a polynomial kernel, and artificial neural networks (ANN) models, which have the different
number of hidden layers. As a result, the predictive performance of ANN model is higher than
that of SVM model for both stroke volume and amplitude of myocardial tension (ampTens).
Among the SVM models, the highest performance was obtained when using the linear kernel
(Mean absolute error of SVM model using the linear kernel: 0.0675 for SV, and 0.1011 for
ampTens). Using the ANN model, the deeper the hidden layer, the higher the prediction
performance (Mean absolute error of 3-hidden layers model: 0.0030 for SV, and 0.0187 for

ampTens).
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Table 1 Determination coefficient of models

Stroke volume ampTens
R2 score
val_acc | test_acc | val_acc | test_acc
o linear | 0.6920 0.6766 0.8196 0.7854
= | RBF 0.8041 0.7431 0.8592 0.7424
- Poly 0.8189 0.7719 0.8638 0.7374
1 HL | 0.7628 0.7749 0.8163 0.7378
% 2 HL | 0.8665 0.8720 0.8351 0.7873
3 HL | 09500 0.9206 0.8351 0.7907
* R2 score: determination coefficient
* SVR: support vector regression
* ANN: artificial neural networks
* HL: hidden layer
* val_acc: validation accuracy
% test_acc: testing accuracy
Table 2 Mean absolute error of models
Stroke volume ampTens
MAE validation test validation test
o linear 0.0628 0.0675 0.0834 0.1011
= | RBF 0.0301 0.0544 0.0552 0.0879
- Poly 0.0296 0.0515 0.0562 0.0871
1 HL 0.0074 0.0084 0.0126 0.0234
% 2 HL 0.0042 0.0048 0.0113 0.0190
3 HL 0.0016 0.0030 0.0113 0.0187

* MAE: Mean absolute errors

* SVR: support vector regression
* ANN: artificial neural networks

* HL: hidd

en layer
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Fig. 1 Accuracy of SVR model to predict the stroke volume
and ampTens
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Fig. 2 Accuracy of ANN
volume and ampTens

model to predict the stroke
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