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Abstract

The prediction of the stock market has always been a challenging issue, because many factors will
cause the market uncertainty such as national policies, company financial reports, industry per-
formance, investor sentiment, social media sentiment, and economic factors. In this paper, based
on the stock charts method, the continuous time stock information is processed. According to dif-
ferent information richness, prediction time interval and classification method, the original data is
divided into multiple categories as the training set of DCNN (Deep Convolutional Neural Network).
The results show that the method has the best performance when the forecast time interval is 30
days. Moreover, this method can accurately predict the stock trend of the US NDAQ exchange for
59.7%.
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Figure 1. The cross field between machine learning and fintech
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Table 1. Stock prediction method and model collation
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Figure 2. Candlestick chart diagram
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Figure 3. Schematic diagram of CNN network structure
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Table 2. CNN structure for stock trend
prediction

2. SIREESTUME CNN 454

Input
Conv2D-32 ReLU
Max-poolling
Conv2D-48 ReLU
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Table 3. Data type and division
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Start End Start End
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Figure 4. The example of candle chart
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Figure 5. Accuracy comparison of two types of candle charts at different intervals
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Figure 6. CNN model prediction accuracy
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