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Introduction

In this work our goal is to use artificial neural networks (aNNss) as a tool to pre-
dict the fluctuations in Bitcoin price in order to buy and sell cryptocurrency for
profit. Because of the volatility of the cryptocurrency market [1], large fluctua-
tions can lead to large profits if transactions are timed accordingly. Additionally,
there are many sources of data updated in real time Bitcoin Price History
that give information about the confidencein = ~

|

Bitcoin [2] (which is directly related to price),
such as Tweets and Google search history.
Here, we use a Bitcoin price dataset (shown on
right) from December 2014 to January 2018
(obtained with Kaggle) for our training and
test sets. c T
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In this work, we chose to use a simple RNN which
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utilizes a hidden state and uses the previous s
4 days of price data as an input. The model allows us to iterate quickly but is still
complex enough to fit the training set.

Binary classification of price change (Up or Down)
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Initially, we attempted to frame the problem as a binary classification problem
where the NN predicts whether or not the price of Bitcoin will increase. Howev-
er, the RNN was unsuccesful at fitting the data due to the randomness of the
price changes. The inset shows that the accuracy is tied to the distribution of the
data, i. e. the model will always guess “up” to achieve maximum accuracy.

Binning the NN Output

One-Hot Vector Labels Next, we binned the dataset into six
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Asseeninthe abovebraphs, the model was able to overfit the training data with

enough training time, but failed to generalize to the development set. Next, we

tried regularization to see if the model could generalize better.
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We tried to use regularization techniques to eliminate the variance we found in
our model. Neither droput nor L2 regularization were effective.
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Google search frequency correlates with Bitcoin price changes, so using the

search frequency should help our model to more accurately predict price

changes. However, we still overfit the model.

Bitcoin Price Prediction with Twitter Distribution of Twitter Average Sentiment
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We performed a small case study on Nov 2017 to see if twitter sentiment of Bit-
coin can better help our model. We used the VADER sentiment model [3] to get
the sentiment value on a small random distribution of tweets. However, due to
the small amount of data, we were not able to improve the validation accuracy.

Conclusion

At this time, we were unable to utilize available data to create a generalized
model that can fit Bitcoin price changes. Some of the issues we experienced
were: too little data on Bitcoin price history (only 1000 days), very little correla-
tion between past and present price change, and not enough Twitter data to
utilize sentiment analysis. Additionally, using data such as Google search history
was not effective because the Bitcoin price and search history and price overlap,
preventing us from using one as a predictive tool for the other.
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