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Stock price forecast model based on whale algorithm optimizing LSTM
LI Jingqi

(Institute of statistics, Shandong Institute of Business and Technology, Yantai Shandong 264005, China)

[ Abstract] Long Short—-Term Memory neural network stands out in finance for their long—term memory predictability. However,
the previous research results show that the method has the subjective determination of key parameters, and it is easy to fall into the
problem of poor performance due to local optimization. To solve above questions, this paper proposes a stock price prediction model
based on the whale algorithm to optimize the Long Short—-Term Memory network. The model uses the whale algorithm to optimize
the important parameters of the LSTM network, which reduces the influence of human factors and improves the accuracy of model
prediction. At the same time, in view of the problem that the redundancy between stock data leads to the reduction of model
efficiency, recursive feature elimination algorithm is used to perform feature selection on the data, and a perfect indicator system is
established for prediction. The WOA -LSTM model is constructed experimentally based on the stock data of the Shanghai Stock
Exchange, and the prediction results of the model are compared and analyzed with the single LSTM, PSO-LSTM and SSA-BP
models. Experimental results show that the proposed model is significantly better than other models in predicting stock prices.
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