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Abstract

As a cryptocurrency with characteristics such as extreme nonlinearity and non-smoothness, the
study of Bitcoin price prediction has been the focus of investors and researchers. This paper first
selects six indicators of Bitcoin data and constructs LSTM prediction model, and finds that there is
obvious lag, so the CNN model is further constructed to extract deep features of data. CNN model
has more powerful dynamic capturing ability, but the model often has up and down vertical error,
so the CNN-LSTM is finally established to improve the prediction accuracy, and the results shows
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that the hybrid model is better than the single model in terms of overall trend, local performance
and lagging of the model prediction values.
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Figure 1. The structure of LSTM
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Figure 2. Bitcoin price change curve
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Figure 3. The contrast chart of predicted and real price data in the test set (LSTM)
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Figure 4. The residuals chart of the predicted and real price data (LSTM)
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Figure 5. The contrast chart of predicted and real price data in the test set (CNN)
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Figure 6. The residuals chart of the predicted and real price data (CNN)
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Figure 7. The structure of CNN-LSTM model
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Figure 8. The structure of optimal LSTM model
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Figure 9. The contrast chart of predicted and real price data in the test set (optimal LSTM)
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Figure 10. The residuals chart of the predicted and real price data (optimal LSTM)
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Figure 11. The structure of optimal CNN model
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Figure 12. The contrast chart of predicted and real price data in the test set (optimal CNN)
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Figure 13. The residuals chart of the predicted and real price data (optimal CNN)
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Figure 14. The contrast chart of predicted and real price data
in the test set (optimal CNN-LSTM)
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Figure 15. The residuals chart of the predicted and real price data (CNN-LSTM)
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