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ABSTRACT

Bitcoin, based on the blockchain technology is an online crypto-currency developed by Satoshi Nagamoto.
Bitcoin, which was first issued on January 3, 2009, is rapidly evolving with increasing number of transactions.
However, untoward incidents are occurring due to an increase in the number of Bitcoin transactions. Predicting
the number of Bitcoin transactions is important to prepare for any issues that can occur in the Bitcoin network.
This paper proposes to design model for predicting the number of Bitcoin transactions by applying two machine

learning algorithms and then a model for predicting the number of Bitcoin transactions through experiments.
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