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Abstract Bitcoin is a peer-to-peer cryptocurrency designed for electronic transactions that do not
depend on the government or financial institutions. Since Bitcoin was first issued, a huge
blockchain financial market has been created, and as a result, research to predict Bitcoin price
data using machine learning has been increasing. However, the inefficient Hyper-parameter
optimization process of machine learning research is interrupting the progress of the research. In
this paper, we analyzes and presents the direction of Hyper-parameter optimization through
experiments that compose the entire combination of the Timesteps, the number of LSTM units, and
the Dropout ratio among the most representative Hyper-parameter and measure the predictive
performance for each combination based on Bitcoin price prediction model using LSTM layer.
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Fig. 1. Predicted values according to various

Hyper—parameter settings
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Table 1. Period and number of data collected

Period Number of data
. 2017-10-28 ~
Training Data 2020-11-14 1114
Verification 2020-11-15 ~ 139
Data 2021-04-22
2021-04-23 ~
Test Data 2002-03-07 319
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Table 2. Hyper-parameter settings

Settings

Timesteps 7, 14, 30, 60

multiple of 8

Number of LSTM Unit between 8 and 256

multiple of 0.05

Dropout rate between 0.05 and 0.5
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Increase
LSTM units
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Table 3. Representative combination of each level
of performance

) Number of LSTM Dropout
Timesteps B

unit rate

Low 7 8 05
Performance

Middle 14 80 03
Performance

High 60 256 0.05
Performance
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