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Fig.3 Normalized daily opening prices of the CSI 300 Index
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Fig.5 Prediction of the opening price of the CSI 300 Index by the XGBoost model

before and after parameter optimization
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Fig. 6 Prediction of the opening price of the CSI 300 Index by the SVR model before

and after parameter optimization
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Tab.2 Comparison of single model prediction results

R MAE RMSE
XGBoost 0.978 133 0. 003 591 0. 004 596
SVR 0.278 523 0. 025 704 0. 000 697
XGBoost 0.984 014 0. 003 000 0.003 930

SVR 0. 849 622 0. 008 348 0. 000 145
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3

Tab.3 Comparison of prediction results of different models

R MAE RMSE
XGBoost 0.984 014 0. 003 000 0.003 930
SVR 0. 849 622 0. 008 348 0. 000 145
GXS
MAE 0. 998 601 0.002 509 0. 000 342
RMSE 0. 859 194 0. 008 075 0. 000 136
7 18-42
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300 0 300
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MAE w, 0.7356 o, \ 300
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@ : https: //www. joinquant. com/default/

research/index? target=self&amp; url=/default/research.
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Research on the Prediction Method of CSI 300 Index
Based on Inverted Error Combination

Optimization Algorithm
XIE Chengyan FANG Hongbin GUO Mengjie YANG Mengzhuo
( School of Economics Anhui University Hefei 230601  China)

Abstract: Aiming at the problem of multivariate prediction of stock index opening price in order to improve the
prediction accuracy a GXS combination model based on inversion error is proposed to make regression prediction of
daily opening price of CSI 300 index. In this paper GridSearchCV algorithm and 10—fold cross validation are used to
optimize the parameters of the extreme gradient boost tree ( XGBoost) model and the support vector regression ( SVR)
model based on the radial basis RBF kernel function and the corrected prediction error is weighted by the error
inverse method to build the GXS composite model. The results of empirical analysis show that the GXS combination
model based on the modified error MAE weighting has the best prediction effect on the opening price of CSI 300
index.
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