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Stock Price Prediction Method Based on Sentiment
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Abstract: The stock price is nonstationary and volatile, the investors are easily influenced by their own senti-
ments, and their investment decision is irrational. Thus, the stock price is difficult to predict. Aiming at the problem
of an unbalanced distribution of text labels in the sentiment analysis method based on the CNN neural network, this
paper proposes a stock price prediction method based on sentiment analysis and a generative adversarial network.
First, a sentiment dictionary database is established in the financial field. Then, the dictionary—based sentiment
analysis method is used to calculate the sentiment polarity of financial text data and the overall sentiment trend of in-
vestors every day, that is, the sentiment index. Finally, the generative adversarial network is used to predict the stock
market volatility, where the generator generates stock sequence data, and the discriminator uses a convolutional neu-
ral network to distinguish the generated data from the real data. This method can dynamically update the prediction
results of stocks and obtain smaller error values.
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Fig.1 Stock price prediction framework based on sentiment analysis and GAN
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Fig.2 Construction flow of emotional dictionary for financial field
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Fig.3 Stock price prediction model based on GAN
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Fig.4 Loss variation of generator and discriminator
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Tab.7 Comparison of prediction results of different models
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Fig.5 Comparison of prediction results of various models
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