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Prediction of hospitalization costs for coronary heart disease based on GWO-SVR
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[ Abstract] Coronary heart disease (CHD) , as one of the most common diseases threatening the health of the middle—aged and
elderly people in the world, has been increasing the cost of diagnosis and treatment in recent years. Therefore, accurate prediction of
the hospitalization cost of coronary heart disease is of great significance for controlling the growth of medical expenses. In this paper,
the grey Wolf optimization algorithm is used to optimize the punishment coefficient C and kernel variance G of the SVM regression
model, so as to realize a gwO—-SVR based hospital cost prediction model for coronary heart disease. The results show that, compared
with the SVR parameter models optimized by differential evolution algorithm (DE), Cuckoo search algorithm (CS) and particle
swarm optimization (PSO) , the grey Wolf optimization algorithm can realize parameter optimization in the shortest time, and can
more accurately and effectively predict the trend of changes in the hospitalization costs of coronary heart disease.
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Fig. 3 Gray Wolf algorithm to optimize the flow chart of SVR
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Tab. 1 Multiple regression analysis of influencing factors of
hospitalization
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Fig. 4 Prediction set prediction under the SVR model
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Tab. 2 Best_C and Best _g under different optimization algorithms

performance
LY Best_C Best_g
SVR 4 0.0156
DE-SVR 10.5629 0.01
CS-SVR 12.8877 0.1242
PSO-SVR 0.01 26.6843
GWO-SVR 100 0.0140
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Tab. 3 Regression prediction indexes of different models

BT MSE R? T
SVR 0.015 0 0.865 2 159.86
DE-SVR 0.016 3 0.855 6 8.34
CS-SVR 0.013 8 0.899 6 21.69
PSO-SVR 0.011 4 0.925 2 26.68
GWO-SVR 0.004 0 0.961 3 1.16
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