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Abstract: With the com artificial intelligence technology and quantitative investment, various price
prediction models based o learning algorithms have emerged. In order to study the effect of different machine
learning algorithms on_st de® futures price prediction, this paper proposes to use four commonly used machine learning
algorithms, namely SV upport Vector Regression), LSTM (Long Short-Term Memory), RF (Random Forest) and
XGBoost (Extreme Gradient Boosting), to construct a price prediction model, so as to predict the stock index futures price of
Shanghai and Shenzhen 300. Bayesian algorithm is used to optimize the hyperparameters of the model, and the improvement
effect of Bayesian optimization on the prediction accuracy of the four machine learning algorithms is compared. The research
results show that RF and XGBoost can achieve accurate prediction of financial time series data due to their own advantages,
while Bayesian optimization can significantly improve the prediction effect of support vector machines by using Gaussian
process and constantly updating the prior. MSE, MAE, SMAPE and LOSS are reduced by 78.6%, 94.7%, 95.1% and 97.0%
respectively.
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5 ILBE R 9 (Analysis of the results after
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Tab.2 Hyperparameters selection after Bayesian optimization
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SVR  —=5.1004 0.9718 823,320 3,810 819 44 0.0668 0.0033 20,241 606

LSTM  0.9193 0.9437 10,881 7,592 84 64 0.0061 0.0046 1,366 973

RF 0.9553 0.9689 6,031 4,190 57

-~

7 0.0042 0.0034 861 650

XGBoost  0.9410 0.9712 7,950 3,878 67 47 0.0049 0.0034 1,031 647
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