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Stock price prediction based on
BP neural network and high-order fuzzy cognitive map
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[ Abstract] The problem of financial market forecasting has been an important issue of considerable interest to academics and
related practitioners. Due to the nonlinearity, uncertainty and complexity of financial markets, fuzzy cognitive maps have been
proposed and applied to financial market forecasting. However, most of the models based on fuzzy cognitive maps ignore the
influence of historical data prediction errors on model accuracy. The paper proposes a new prediction model for this situation, a stock
price prediction model based on back propagation neural network and high—order fuzzy cognitive maps, which fully considers the
influence of prediction error on prediction accuracy. First, the HFCMs model is used to forecast historical data and obtain the error
data set corresponding to it, which is used as the basis for constructing the BPNN error prediction model. Then, the final prediction
results are obtained by combining the HFCMs model and the BPNN error prediction model. Among them, the optimal weight matrix
of the model is obtained using the time —varying accelerated coefficient particle swarm optimization ( TVAC-PSO) algorithm.
Finally, experiments are conducted on the proposed model on five financial datasets, and the results show that the proposed model
has higher prediction accuracy.
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Fig. 2 Schematic diagram of the structure of BPNN
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Tab. 1 The statistical description of the close price of each stock
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