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coronary heart disease based on machine learning
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(School of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

[ Abstract] Coronary heart disease is a common cardiovascular disease characterized by high morbidity. Therefore, the prediction
of hospitalization expenses for coronary heart disease is of great significance for controlling medical expenses. Based on the machine
learning method, this paper divides the total hospitalization cost into eight sub—items, takes the patient characteristics as input,
combines the Random Forest and extreme gradient boosting algorithm, and uses the ten—fold cross—validation to determine the best
sub-cost prediction model. Then, the total predicted hospitalization expenses are obtained by summing the predicted values of
different itemized expenses. The total cost prediction model has a goodness of fit (R*) of 0. 825 and an average absolute percentage
error (MAPE) of 29.16% . Using this predictive model to test the new data set, the result is R* of 0.769 and MAPE of 29.13% .
The results show that the cost prediction model established in this paper can accurately and effectively predict the hospitalization cost
of coronary heart disease.
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Fig. 1 Total cost forecasting model flow chart
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Fig. 2 Main feature importances of the cost prediction model
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