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CSI 300 index forecast based on model tree
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[ Abstract] To solve the problem that the accuracy in predicting securities data of current intelligent algorithms is low and the
Model Tree based on Least Loss Function (MTLLF) prediction model is not suitable for the prediction of securities data, Model
Tree based on Deviation Maximization (MTDM) is put forward. Using two sets of CSI 300 index daily closing price data containing
complete bull and bear markets for grouping experimental verification, the obtained MSE ( Mean Squared Error) are 0.000058 and 0.
000140, the RMSE (Root Mean Squared Error) are 0.007634 and 0.011822 and the MAPE (Mean Absolute Percent Error) are 0.
011857 and 0.011348. Indicating that the MTDM prediction has good stability and high prediction accuracy. Compared with the
prediction methods based on Long Short-Term Memory (LSTM) and Particle Swarm Optimization (PSO), the results show that
the prediction error of MTDM algorithm is significantly lower.
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Fig. 1 Maximum deviation splitting algorithm flow chart
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Fig. 2 Splitting effect based on MTLLF algorithm
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Fig. 3 Split effect diagram based on MTDM algorithm
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