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Abstract [Objective]The essence of stock price fluctuation is a response to all available
information. Based on the traditional financial numerical data analysis, this paper exploits the
impact of online news on stock market to further improve the accuracy of stock trends prediction.
[Methods] Convolutional Neural Network (CNN) and Bi-directional Long Short-Term Memory
(Bi-LSTM) are introduced to extract news events and sentiment orientations of financial news
from news data. A stock trends prediction model is then proposed to deeply combine the stock
financial numerical data feature and the news event-sentiment feature to help improve the
accuracy of stock trends prediction. In order to verify the feasibility of this model for predicting
the trend of individual stocks in different industries, two individual stocks are selected as the



experimental objects, e.g., GREE Electric Appliance in the household appliance industry and ZTE
in the electronic appliance industry. [Results] Experiment results show that the proposed model
improves the prediction accuracy by 11% and 22% in the household appliance industry and the
electronic appliance industry, respectively, compared with the exiting algorithm. [Limitations]
The impact of prediction period on the performance of the proposed model has not yet been
considered. [Conclusions] The news event and sentiment orientations of news play a great impact
on the fluctuation of stock trends. This paper ranks the importance of every feature and finds the
most important one that influences the stock trends prediction.
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Fig.1 The flowchart of stock trends prediction model based on combination of news event
and news sentiment orientation
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Table2 Part of categories of news events
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Fig.2 Analysis model of news sentiment orientation based on Bi-LSTM
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Fig.3 Sampling period of stock trends prediction model
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Table5 Comparisons of experiment results on news event classification
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Table7 Comparisons of experiment results on news sentiment classification
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