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Analysis and Prediction of Crypto Currency

Time Series Data

Comparison of time series models and artificial

intelligence models and suggestions for improvement

Ahn, Sang-Sun

Kookmin University

This study examines various artificial intelligence models’ effectiveness in predicting virtual
asset prices such as Bitcoin and Ethereum, which, unlike traditional assets, lack a tangible
basis for valuation. Given the absence of a reliable pricing mechanism like CAPM or DCF
models for virtual assets, the research leverages time series data since 2019, incorporating
the pandemic period. It employs models such as LSTM, which accounts for past information
dependencies; Prophet, developed by Facebook (Meta) for detecting structural changes; and
HMM for modeling data structural shifts. These models were tested against ARIMA, con—
sidering factors including pandemic timelines and U.S. Federal Reserve rate decisions.
Results showed that the neural network-based models, RNN and LSTVM, outperformed
ARIMA, attributed to their superior handling of time series data characteristics. However,
further investigations into the impact of external factors like pandemic declarations and
interest rate changes on model accuracy and virtual asset price prediction are needed.
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