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A BP-LSTM trend forecast model for stock index

SUN Cun-Hao, HU Bing , ZOU Yu-Xuan
(School of Mathematics, Sichuan University, Chengdu 610064, China)

Abstract: In this paper, according to the time series characteristics of financial data such as stock index
and stock price, and introducing the Artificial Neural Network (ANN) and Recurrent Neural Network
(RNN) in deep learning to stock index prediction, we build the BP-LSTM model based on Back Propa-
gation (BP) neural network model and Long Short-Term Memory (LSTM) neural network model. Nu-
merical analysis shows that the accuracy of BP-LSTM prediction model is significantly higher than the
traditional machine learning models and the LSTM model.
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Fig. 1 M-P neural cell
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Fig. 2 Back propagation neural network with one hidden
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Fig. 3 RNN network structure and expansion
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Fig. 5 Structure diagram of BP-LSTM model
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Fig. 6 Architecture diagram of BP-LSTM model
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