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Prediction model of thoracic impedance and external chest compression depth based on support
vector machine
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Abstract: Objective In view of the nonlinear relationship between variations in thoracic impedance (TTI) and external chest
compression depth caused by the different patients' physical signs during the process of cardiopulmonary resuscitation, TTI
signal was combined with patients' physical signs, such as weight and chest circumference, to build a prediction model based
on the support vector machine (SVM), predicting the compression depth during the process of external chest compression, and
obtaining feedback on the quality of external chest compression. Methods The experimental data of 10 pigs with sudden
cardiac arrest induced by electricity were adopted. 5 pigs among them underwent high quality compression, while the other 5
pigs carried out low quality compression. The data of the 120 s before the external chest compression were collected, including
weight, chest thickness, chest circumference, heart rate, mean arterial pressure and TTI signals during external chest
compression. 10 sets of data among the large volumes of data of each pig were randomly selected to form a new group of data
consisting of 100 sets of data. And then the same amount of data of high quality compression and low quality compression
were selected from the new group of data. And 70% of the data was used for training to build the SVM prediction model, while
the remaining 30% was served as the prediction data to obtain the test results. Results When 35 mm was set as a threshold of
adequate compression depth, and the compression was repeated 50 times, the average prediction accuracy was 97.07%, with
the highest prediction accuracy of 100%, and the lowest prediction accuracy of 89.29%. Conclusion With the SVM prediction
model, the compression depth during external chest compression can be predicted by TTI signals.
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