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ABSTRACT 

 

 
 In this project, we attempt to predict the Bitcoin price accurately taking into consideration 

various parameters that affect the Bitcoin value. For the first phase of our investigation, we aim 

to understand and identify daily trends in the Bitcoin market while gaining insight into optimal 

features surrounding Bitcoin price. Our data set consists of various features relating to the 

Bitcoin price and payment network over the course of five years, recorded daily. For the second 

phase of our investigation, using the available information, we will predict the sign of the daily 

price change with highest possible accuracy. 

 

Twitter is increasingly used as a news source increasing purchase decisions by informing users 

of the currency and its increasing popularity. As a result, quickly understanding the impact of 

tweets on price direction can provide a purchasing and selling advantage to a cryptocurrency user 

or a trader. By analyzing tweets, we found that tweet volume, rather than tweet sentiment(which 

is invariably overall positive regardless of price direction), is a predictor of price direction. 

 

Speaking about the logic that will be used for the retrieval of results, we will be using several 

machine learning algorithms like RNN with LSTM model. 

 

Keywords: Cryptocurrency, Machine Learning, LSTM, Bitcoin, Twitter sentiment. 
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CHAPTER 1 

INTRODUCTION  

As the economic and social impact of cryptocurrencies continues to grow rapidly, so 

does the prevalence of related news articles and social media posts, particularly 

tweets. As with traditional financial markets, there appears to be a relationship 

between media sentiment and the prices of cryptocurrency coins. While there are 

many causes of cryptocurrency price fluctuation, it is worthwhile to explore whether 

sentiment analysis on available online media can inform predictions on whether a 

coin’s price (i.e., perceived value) will go up or down. 

The input of our system is text data from news headlines and tweets, 

aggregated by day and kept in order of occurrence to preserve the time-series nature. 

Traditional supervised learning binary classification algorithms were then used to 

assign each news headline and tweet a label of 0 or 1 for each coin, indicating 

predictions of a price decrease or price increase one day in the future, respectively. 

The majority label for each coin, on each day, was then used as the final daily 

prediction. 

 By May 2018, the two largest cryptocurrencies, measured in terms of market 

capitalization, had a combined market value of 160.9 billion dollars1. Bitcoin alone 

made up nearly $115 billion of this value. Given the significant value of these 

currencies, some people see value in them through use as actual currencies, while 

others view them as investment opportunities. The result has been large swings in 

value of both currencies over short periods of time. During 2017 the value of a single 

Bitcoin increased 2000% going from $863 on January 9, 2017 to a high of $17,550 on 

December 11, 2017. By eight weeks later, on February 5, 2018, the price of a single 

Bitcoin had been more than halved with a value of $7,9643. The promising 

technology behind cryptocurrencies, the blockchain, makes its likely that 

cryptocurrencies will continue to be used in some capacity, and that their use will 

grow. 
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In addition to that, Bitcoin's dominance in market capitalization over the 

cryptocurrency market has gradually faded from 85% in 2010 to 50% today, showing 

that an overall attraction to the cryptocurrencies has taken place in the last couple of 

years. 

Lately, as Bitcoin spirals to new lows every day in the year 2018, while 

dragging the entire cryptocurrency market down with it, market participants are 

becoming increasingly interested in the factors that lead to such downturns to 

understand the price dynamics of these digital cryptocurrencies. However, from the 

perspective of a cryptocurrency trader, whether the prices going up or down is no 

problem as long as the direction is predictable. In the chase of an expected boom 

period, investors can take a long position in cryptocurrencies beforehand to realize 

their returns once the prices reach up to a certain level. Whereas in the case of a bust 

period foreseen in the future, investors can short sell these cryptocurrencies through 

margin trading (allowed by many cryptocurrency exchanges) to gain excess returns. 

Moreover, taking long or short positions has become much easier after the action 

taken by the CBOE in December 2017 when they introduced Bitcoin futures. Such a 

financial asset provides investors to speculate on Bitcoin prices in both directions 

through leverage without even holding Bitcoins. Similar strategies can be 

implemented lately for other cryptocurrencies through binary options traded in the 

offshore exchanges. 

All these anecdotes lead us to the question of whether cryptocurrency prices are 

predictable? In other words, does Efficient Market Hypothesis (EMH) hold for 

cryptocurrencies? In an efficient market (Fama, 1970), any past information should 

already be reacted into the current prices so that prices might be effected by only 

future events. However, since the future is unknown, prices should follow a random 

walk (or a martingale process, to be precise). In the special case of the weak-form 

efficiency, future returns can not be predicted on the basis of past price changes, 

however, since the earlier works by Mandelbrot (1971) and others (Fama and French 

(1988); Lo and Mackinlay (1988); Poterba and Summers (1988); Brock et al. (1992); 

Cochran et al. (1993)), weak-form of EMH has been found to be violated in various 
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types of asset returns,1 which in turn leads to important problems such as: i) preferred 

investment horizon being a risk factor (Mandelbrot, 1997); and ii) the fail of common 

asset pricing models such as CAPM or APT, or derivative pricing models like the 

Black-Sholes-Merton model (Kyaw et al. (2006); Jamdee and Los (2007)). 

As evident by the discussions above, EMH has been an intriguing subject for 

both academicians and market professionals for a very long time, and naturally, the 

efficiency of cryptocurrencies (especially of Bitcoin) has gained immediate interest 

due to this fact. For example, the pricing efficiency of Bitcoin has been studied 

extensively in the last couple of years in various academic papers: Urquhart (2016) 

provides the earliest evidence on the status of market efficiency for Bitcoin and 

concludes that Bitcoin is not weakly efficient, however it has a tendency of becoming 

weakly efficient over time. Building upon that, Nadarajah and Chu (2017) run various 

weak-form efficiency tests on Bitcoin prices via power transformations and state that 

Bitcoin is mostly weak-form efficient throughout their sample period. Excessive 

amount of studies followed on the same topic with differentapproaches in 

methodologies, sample frequency, benchmark currency etc (Bariviera (2017); 

 Vidal-Tomas and Ibanez (2018); Jiang et al. (2018); Tiwari et al. (2018); Khuntia 

and Pattanayak (2018); Sensoy (2018)). Against all different perspectives, the main 

conclusion is that Bitcoin is inefficient, but to gain weak-form efficiency over time. 

Even though the related literature on Bitcoin is scarce, other cryptocurrencies has 

attracted relatively less attention. Brauneis and Mestel (2018) investigate the weak-

form efficiency of cryptocurrencies 

in the cross-section, and show that liquidity and market capitalization has a 

significant effect on the pricing efficiency. In another study, Wei (2018) analyzes the 

return predictability of 456 cryptocurrencies and concludes that there is a strong 

negative relationship between return predictability with cryptocurrency liquidity. 

According to our view, the problem with the abovementioned literature is that 

there are vast amount of studies on the pricing efficiency of cryptocurrencies 

(especially Bitcoin), with almost all of them rejecting the null hypothesis of weak-

form efficiency. However, all those studies rely on common statistical tests and 
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provide no explicit way of exploiting this inefficiency nor state the potential excess 

gains that could be obtained through consistent active trading. 

In this study, we aim to fulfil this gap in the literature. Using returns obtained 

at various intraday frequencies for the most liquid twelve cryptocurrencies, we test 

their return predictability via several methods including support vector machines, 

logistic regression, artificial neural networks and random forest classification 

algorithms. Naturally, our contribution to the literature is many fold: First, unlike the 

previous studies that mostly focus on only Bitcoin, we cover a sample of twelve 

cryptocurrencies. This helps us to understand the overall price dynamics of the 

cryptocurrency market rather than a single digital currency. 

Second, previous studies usually use daily data, whereas we cover a sample 

ranging from a few minutes to daily frequency. This is especially important since in 

the current status of the financial markets, algorithmic (especially high-frequency) 

trading is implemented actively, with average asset holding periods barely extend 

over a few minutes (Glantz, 2013). Several cryptocurrency exchanges provide 

algorithmic trading connections to their customers which makes it essential to analyse 

the cryptocurrency markets pricing efficiency at the intraday level (Sensoy, 2018). 

Third, rather than using the common statistical methodologies to test the pricing 

efficiency, we refer to the state of the art methodologies used in the decision sciences 

that provide us the potential patterns to be exploited and the resulting gains if the 

selected strategy is implemented. Finally, the use of many cryptocurrencies and 

different timescales the set of features utilized for prediction can be easily verified in 

their ability to generalize in different timescales for different cryptocurrencies. This is 

particularly important since most studies on using machine learning algorithms for 

forecasting consider a single asset at a single timescale without showing the potential 

of generalization ability of algorithms in different markets and timescales. 
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1.1 Relevance of the Project 

The current market of cryptocurrency is too unstable. Investing in it may lead to high 

risks. Before the investment, the investor has to consider many factors like the rules 

of the country to which he/she belongs. Except it, prices are driven by market news, 

views and opinions, prediction from respected figures of space and several other 

factors. 

With such unpredictable events, the price can rise fast and plummet equally 

fast. Unlike in traditional market where risk-averse investors are at peace, the crypto 

market involves a lot of risks. 

1.2 Problem Statement 

1.2.1 Goal 

The overall goal of the project is to construct a machine learning model that can 

predict price trends with results superior to that of random selection. The purpose of 

this study is to find out with what accuracy the direction of the price of Bitcoin can be 

predicted using machine learning methods. This is fundamentally a time series 

prediction problem. While much research exists surrounding the use of different 

machine learning techniques for time series prediction, research in this area relating 

specifically to Bitcoin is lacking. In addition, Bitcoin as a currency is in a transient 

stage and as a result is considerably more volatile than other currencies such as the 

USD. Interestingly, it is the top performing currency four out of the last five years. 

Thus, its prediction offers great potential and this provides motivation for research in 

the area. As evidenced by an analysis of the existing literature, running machine 

learning algorithms on a GPU as opposed to a CPU can offer significant performance 

improvements. This is explored by benchmarking the training of the RNN and LSTM 

network using both the GPU and CPU. This provides an answer to the sub research 

question. Finally, in analysing the chosen dependent variables, each variables 
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importance is assessed using a random forest algorithm. This body of research builds 

on existing literature in the area which is assessed in section 2. 

In addition, the ability to predict the direction of the price of an asset such as 

Bitcoin offers the opportunity for profit to be made by trading the asset. To 

implement a full trading strategy based on the results of the models is worthy of a 

dissertation in itself and as a result this paper will focus solely on the accuracy at 

which the price direction can be predicted. In basic terms, the model would initiate a 

short position if the price was predicted to go up and a long position if the price was 

predicted to go down. Several Bitcoin exchanges offer margin trading accounts to 

facilitate this. The profitability of this strategy would be based not only on the 

accuracy of the model, but also on the size of the positions taken. This is outside the 

scope of this research but could be addressed in future work. 

 

 

1.2.2 Comparison with Existing System 

Existing Systems make use of Machine learning on a given data set to predict the 

price, instead this project is using sentiment analysis also for better and closer results. 

1.2.3 Solution/Implementation 

The proposed Solution is an algorithm which analyse the given data set and consider 

sentiments for predicting the price of cryptocurrency. 

1.2.4 Impact 

This project would help the user and investors so that they can invest and use it more 

efficiently. 
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1.3 Summary 

In this chapter, we have discussed about what is cryptocurrency, its importance in the 

economy according to research. We have also discussed about the scope and the 

relevance of our project in the current trends. The main objectives of this paper is 

discussed in this chapter. 
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CHAPTER 2 

LITERATURE SURVEY 

 

Various approaches have been used in the past to carry out the price prediction task. 

There are mainly two sets of literature that are highly relevant to this work. One is 

financial data analysis; the other, time series data analysis. 

2.1 Financial Data Analysis 

Several approaches are described in the literature including, one called technical 

analysis also known as “charting” that forecasts future prices (Lo et al., 2000). 

According to it, stock market prices do not follow random walks, that is – the price 

movements follow a set of patterns. These price movements can be used to predict the 

future price (Lo & MacKinlay, 1988, 1999). There exist some other empirically 

designed patterns such as heads-and-shoulders, double-top-and-bottom that can be 

used to predict future prices. We refer the interested reader to the work of Lo et al. 

(2000). In this paper, authors have used kernel based regression techniques to find out 

the patterns in historical data, that is – price is predicted based on past data. This work 

(Lo et al., 2000) is theoretically close to the current project work. However, it does 

not employ the same strategies followed in the current project. 

2.2 Time Series Data Analysis 

In the context of future price predictions, classical methods are quite popular. 

Autoregressive integrated moving average (ARIMA) models are a popular choice for 

forecasting over a short term. It works very well when the data exhibits consistent or 

stable pattern over time with least possible outliers. The ARIMA methodology works 

well only when the data exhibits “stationarity”, which means that the series remains 

almost constant. But this is not always possible in the real time scenario, where the 
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data fluctuates drastically, and it is highly volatile. Ediger and Akar used the seasonal 

ARIMA model to estimate the future fuel energy demand in Turkey over certain 

years. However, the similar scenario is not guaranteed to work for unseasonal or non-

linear data. To solve the real time prediction problems, artificial neural networks are 

very much useful to increase the speed of computation due to its ability to handle 

nonlinearities in the data. Examples of nonlinear data include psychological data 

(Scheier & Tschacher, 1996).  

In one of their research papers, Greaves et al., 2015 predicted the price of Bitcoin 

using support vector machine(SVM) and artificial neural networks (ANNs), 

concluded that probability of predicting the price in block chain market is challenging 

and is scope is limited. Despite of all this, neural networks have become a valuable 

tool for prediction of time series problems due to their ability to handle non-linear 

data and nonstationary data. 

2.3 An Assembly Stock Predictor and Recommender System 

As the popularity of cryptocurrencies, and in particular Bitcoin, increased over the 

years, more studies shifted their focus from the stock market towards the 

cryptocurrency market. 

Articles by Kaminski (2014) and Matta et al. (2015) get close, in terms of 

methodologies and research questions, to the research that has been done earlier for 

the stock market.  

The studies use Twitter data to analyse relationships between Bitcoin market 

indicators and Twitter posts containing emotional signals.  

The studies find significant correlations between emotional tweets and the closing 

price, trading volume and intra-day price spread of Bitcoin. 

Additionally, the relationship of Google search queries with Bitcoin trading volumes 

is investigated to identify the impact of search frequencies on cryptocurrency markets 

(Matta et al., 2015). 
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Past research has mostly focused on classifying user comments in particular fields. 

Comments on online communities involve considerable use of neologisms, slang, and 

emoticons that transcend grammatical usage. C.J. Hutto and Eric Gilbert introduced 

an algorithm called VADER [44]to parse such expressions, and proposed a method to 

analyse social media texts by drawing on a rule-based model. 

2.4 Source Used 

Predicting Fluctuations in Cryptocurrency Transactions Based on User Comments 

and RepliesYoung Bin Kim, Jun Gi Kim, Wook Kim, Jae Ho Im, Tae Hyeong Kim, 

Shin Jin Kang, Chang Hun Kim. 

Cryptocurrency Price Prediction Using Tweet Volumes and Sentiment Analysis by 

Jethin Abraham, Daniel Higdon, John Nelson, Juan Ibarra Southern Methodist 

University. 

2.5 Summary  

 
In this chapter we mainly focused on existing system through literature survey and 

various IEEE paper analysed and we specified some important points of each paper 

and related diagrams or graphs are included. In comparison section we have mainly 

highlighted few important advantages and disadvantages in each paper and 

comparison between those papers. This chapter also introduces drawbacks of existing 

system and functionality of proposed system. 
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CHAPTER 3 

OBJECTIVE AND METHODOLOGY 

 

The analysis detailed later in this paper requires an understanding of where and why 

the data was collected, and how cryptocurrencies may vary from standard fait 

currencies or stocks in companies from traditional stock markets. In this section we 

will provide more background on these data sources and why they were chosen so 

that the final analysis is put in the proper context for the reader. 

3.1 Blockchain Technology and Cryptocurrency 

In this paper we analyse data about the world's two largest cryptocurrencies in terms 

of market capitalization. The largest is Bitcoin followed by Ethereum. Bitcoin was the 

first cryptocurrency ever created. The creation of Bitcoin is mysterious as it was 

created by a person or group of people using the name "Satoshi Nakamoto" and 

released in 20093. Along with the launch of Bitcoin "Satoshi Nakamoto" published a 

paper titled "Bitcoin: A Peer-to-Peer Electronic Cash System" which described a 

peer-to-peer payment system using electronic cash (cryptocurrencies) that could be 

sent directly from one party to another without the use of a third party to validate the 

transaction. This innovation is created by the use of the "blockchain" which is like a 

shared ledger on the peer-to-peer network where all transactions are veri_ed by the 

network so they cannot be forged. 

The applications of blockchain technology go beyond peer-to-peer payment systems. 

Blockchain technology provides security, privacy, and a distributed ledger which 

makes them applicable for internet-of-things applications, distributed storage systems, 

healthcare, and more. The range of applications of the blockchain has led to many 

more blockchains and cryptocurrencies being created (1,658 cryptocurrencies are in 

existence4). Cryptocurrencies are tied to the blockchain because they provide the 

incentive for machines, and the electricity they consume, to run and validate the 
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blockchain. As use of blockchains increases so too will the use of cryptocurrencies. 

This gives them an inherent value, but what that value is depends on many factors. 

Because this is a new type of currency, and store of value, improving the 

understanding of what can lead to price changes brings with it value. 

 

3.2 Twitter 

Twitter was launched in July of 2006 as an application in both the social mediaspace 

(which includes other applications/websites such as Instagram, Facebook, LinkedIn 

and others) and microblogging. Microblogging is a medium that allows for smaller 

and more frequent updates than blogging5. Twitter allows users to post messages 

publicly (which are referred to as "tweets") with a maximum length of 140 characters. 

In November of 2017 that limit was doubled to 280 characters. In addition, users can 

add "hashtags" to a tweet, which is the "#" symbol followed a consecutive string of 

characters. This is used to identify the topic or theme of a tweet and to make them 

searchable. This is used later when we collect the tweets in the data section. 

Since its launch in 2006 Twitter has grown rapidly in popularity. One of the early 

examples of its reach and power was on January 15, 2009 when a US Airways flight 

crashed into the Hudson river. An image posted to Twitter broke the news before 

traditional media outlets did7. Twitter has 330 million monthly active users, 1.3 

billion accounts have been created, 83% of the world's leaders have a Twitter 

account, approximately 23 million of Twitter's active users are actually bots rather 

than humans, and 500 millions tweets are sent each day8. The result of all of these 

impressive statistics is that Twitter can be a very rich source of data on how people 

feel about nearly any given topic. With the ability to see when a tweet was posted it is 

also possible to tell how those feelings change over time. This makes Twitter an 

excellent resource to collect text data on a topic like cryptocurrencies to explore the 

possible relationships between that and prices. 
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3.3 Sentiment Analysis 

It is estimated that 90% of the data in the world has been created in the last two years. 

Much of that data is in the form of unstructured text data whether it be in the form of 

tweets, articles posted to the internet, text messages, emails, or other forms. This vast 

amount of unstructured data has led to the creation of "natural language processing" 

(NLP) as an area of study or development. NLP is a collection of methods for 

computers to analyse and understand text. In this paper we use a set of natural 

language processing tools commonly referred to as "sentiment analysis". Sentiment 

analysis is the act of extracting and measuring the subjective emotions or opinions 

that are expressed in text. There are multiple ways to do this. We chose the "VADER" 

(Valence Aware Dictionary and Entiment Reasoner) [6] system in this analysis, 

which will be described in more detail in the methodology section. The end goal of 

this analysis is to apply sentiment analysis to collected tweets so that it can be 

determined if the tweets are generally positive or negative in their opinions of 

cryptocurrencies. In addition, we also want to use sentiment analysis to identify 

tweets which express an opinion (subjective tweets) versus those that just provide 

information without a positive or negative angle to them (objective tweets). 

 

3.4 Related Work 

This paper builds on the ideas of a wide range of research and topics. Behavioral 

economists like Daniel Kahneman and Amos Tversky established that decisions, even 

ones involving financial consequences, are impacted by emotion and not just value 

alone. R. J. Dolan's work in "Emotion, Cognition, and Behavior" further supports that 

decision making is highly impacted by emotions. The insights from these researchers 

opens up the possibilities to and advantages through tools like sentiment analysis as it 

indicates that demand for a good, and therefore price, may be impacted by more than 

its economic fundamentals. 
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Later researchers found specifically that purchase decisions people made were being 

impacted from information gathered online. Galen Thomas Panger found that Twitter 

sentiment correlated with people's general emotional state.  

 

Additionally, he found that social media like Twitter tended to have a calming affect 

on the end-user rather than amplifying their emotional state. Chen et al. performed 

textual analysis on a social platform aimed at investors called "Seeking Alpha" and 

found that views expressed in articles posted on "Seeking Alpha" were associated 

with returns and could even predict earnings surprises. In a similar vein Paul Tetlock 

found that high levels of media pessimism of the stock market impacted trading 

volumes. Finally, Gartner found in a study that the majority of consumers relied on 

social media to influence purchase decisions. 

 

Other researchers have specifically studied the efficacy of sentiment analysis of 

tweets. Kouloumpis et al. found that standard natural language processing techniques 

such as sentence level and document level sentiment scoring was ineffective due to 

the short nature of tweets and uniqueness of language used. Alexander Pak and 

Patrick Paroubek showed that separating tweets into positive, negative, or neutral 

categories could result in effective sentiment analyses. O'Connor et al. showed that 

the sentiment found in tweets was reactive of public opinion on various topics in 

national polling.  

Their research identified sentiment analysis as a cost saving option versus national 

polling, but the implication that sentiments from tweets do accurately react the larger 

population's feelings on topics suggests that it could also be used to predict demand, 

and therefore, price changes of products. Web data beyond Twitter and social media 

has been a rich area of research as well. To our knowledge one of the first papers to 

and that web search data could be used to predict macroeconomic indicators was by 

Ettredge et al. where they found that searches relating to employment was associated 

with unemployment rates. Bordino et al. found that query volumes were correlated 

with trading volumes for stocks in the NASDAQ. Specific research into Google 
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Trends data has been done as well by Hyunyoung Choi and Hal Varian with the 

conclusion that simple seasonal auto-regressive models which included Google 

Trends data as inputs outperformed models that did not use Google Trends data by 

5% to 20%. Asur et al. found that tweet volume about recently released movies 

accurately predicted box-office receipts. 

 

Having established that decisions are inuenced by emotions, that social media can 

impact decisions, that sentiment analysis of social media can accurately react the 

larger population's opinions towards something, and that web search data can predict 

changes in macroeconomic statistics, much research built of those findings to see if 

they applied to the stock market. Alan Dennis and Lingyao Yuan collected valence 

scores on tweets about the companies in the S&P 500 and found that they correlated 

with stock prices. Pieter de Jong et al. analysed minute-by-minute stock price and 

tweet data for 30 stocks in the DOW Jones Industrial Average and found that 87% of 

stock returns were influenced by the tweets. However, they also looked for the 

inverse happening, that stock prices were influencing tweets and found little evidence 

for it. Bollen et al. used a self-organizing fuzzy neural network, with Twitter mood 

from sentiment as an input, to predict price changes in the DOW Jones Industrial 

average and achieved 86.7% accuracy. 

      With the introduction of cryptocurrencies similar work has been done to see if 

such methods effectively predict cryptocurrency price changes. In the paper 

"Predicting Bitcoin price fluctuation with Twitter sentiment analysis" by Evita 

Stenqvist and Jacob, the authors describe their process in which they collected tweets 

related to Bitcoin, and Bitcoin prices from May 11 to June 11 in 2017. Tweets were 

cleaned of non-alphanumeric symbols (using \#" and \@" as examples of symbols 

removed). Then tweets which were not relevant or determined to be too influential 

were removed from the analysis. The authors then used VADER (Valence Aware 

Dictionary and sentiment Reasoner) to analyse the sentiment of each tweet and 

classify it as negative, neutral, or positive. Only tweets that could be considered 

positive or negative were kept in the sentimental analysis. Connor Lamon et al. used 
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sentiment of news headlines and tweets to regression performed best to classify these 

tweets and that they were able to correctly predict 43.9% of price increases correctly 

and 61.9% of price decreases. Colianni et al. collected tweets from November 15, 

2015 to December 3, 2015 and used Naive Bayes and Support Vector Machines to 

classify tweets and achieved a 255-accuracy increase.  

 

Finally, Shah et al. successfully established a trading strategy using historical prices 

and Bayesian regression analysis. Another branch of research in this area involves 

various applications of neural networks. Kimoto et al. used a modular neural network 

to create a buying and selling timing system for stocks on the Tokyo stock exchange 

and achieved profitability using their system with simulated stock purchases. Guresen 

etal. compared various neural network performance in forecasting stock exchange 

rates and found that a multilayer perceptron (MLP) neural network performed best. 

Xhu et al. used stock trading volumes as a neural network input and found that they 

modestly improved prediction performance over the medium and long terms. 

 

The research presented in this paper builds on of everything above, but is unique in 

that we solve the problem of predicting cryptocurrency prices changes by combining 

web search data (in the form of Google Trends) and tweet volume as inputs into a 

linear model. In addition, we show why sentiment analysis is less useful in its 

predictive capabilities of cryptocurrencies despite its potential in other areas. 

 

3.5 Summary 

In this chapter we mainly focused on providing more background on these data 

sources and why they were chosen so that the final analysis is put in the proper 

context for the reader. 
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CHAPTER 4 

REQUIREMENTS SPECIFICATION 

 

4.1 Functional Requirements 

The system should be able to provide these functionalities efficiently.  

 

• Resource Visualization: The visualizations should be self-explanatory which can be 

easily understood by the user. There will be line plots and graphs which can be used 

as an effective measure while devising any new program.  

• ML algorithm should be able to predict the output efficiently and accurately.  

• On exceeding the critical conditions, alert should be sent to the aqua farmers.  

• Predict the bitcoin price in hourly manner. i.e., predict for next hour based on past 

data.  

 

4.2 Non-Functional Requirements 

Non-functional requirements are requirements that specifies criteria that can be used 

to judge the operation of a system rather than the behaviour.  

 

•   Usability: System has been made user friendly by including a readme file in the 

program so that any user facing difficulty can refer it and easily solve there problem.  

•  Scalability: If more parameters required, it can be added easily. Number of 

visualizations can be increased. Currently the system predicts for hourly manner this 

interval can be changed accordingly.  

•    Reliability: System should give reliable predicted results.  
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 Performance: Our LSTM model will have improved performance because of the use 

of datasets with lowest time intervals and has high precession. For checking the 

accuracy, we have shown the performance metrics using RMSE.  

Documentation: Coding standards are maintained throughout the project.  

 
Maintainability: This project has easy maintainability of the web application, can be 

modifiable and integrated with advanced computational and operational technologies.  

 

4.3 Hardware Requirements 

 

• System: Core i5 Processor  

• Hard Disk :1 TB.  

• GPU: for matrix calculation 

• RAM: 8GB  

 

4.4 Software Requirement 

• IDE: Anaconda(with Tensor flow) 

• Programming language: Python 

• Library: Numpy, pandas, keras, Tensorflow 
 

 

4.5 Summary 

 This chapter gives an insight into the functional and non-functional 

requirements that the system provides. It also describes the hardware and software 

requirements that are required for building the system. 
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CHAPTER 4 

SYSTEM ANALYSIS AND DESIGN 

 

4.1 System Architecture 

The proposed system architecture (Figure 4.1) shows the complete working of the 

system starting from training the model using the collected dataset to showing the 

predicted result and appropriate message on the web application. 

 

 

 

 

 

 

 

 

 

 

 

 

           

 

            Fig 4.1 Proposed System Architecture 
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The proposed Architecture (Fig – 4.1) works in two phases Training phase and 

Detection phase. The training phase is a one-time activity. For carrying out training 

phase, we have collected Twitter data and the concurrent Bitcoin and Litecoin prices. 

The collected Twitter data and prices data are not in same format, the former being in 

JSON format and the latter being in the CSV format. So, in order to make 

synchronization in between these two, the Twitter data is converted into CSV format. 

The process of conversion of JSON file to CSV file is highlighted in Figure 3. The 

tweets in the data are analysed for their sentiment polarity. The tweets having polarity 

above 0 are tagged as positive tweets. The tweets having polarity equals to 0 are 

tagged as neutral tweets. The tweets having polarity less than 0 are tagged as negative 

tweets. All the tagged tweets are stored and the stored data is broken into chunks 

containing tagged tweets which are posted in the time duration of two hours. The 

number of positive tweets, neutral tweets and negative tweets present in one chunk, 

are counted. These counted numbers are then mapped with the average of the prices 

that occur in corresponding two hours’ time duration. The count of positive tweets, 

neutral tweets, and negative tweets are the features of the dataset, and the mapped 

average price is the label of the dataset. Model is validated with the original labels of 

the given dataset. If the result of validation is acceptable, then the model is ready to 

be used for predicting future price by analysing real-time tweets. If not, then a new 

model is to be formed. The training and testing process are repeated until an 

acceptable model is formed. Once the acceptable model is formed, the detection 

phase starts. In the detection phase, real-time tweets are inputted to the model, and the 

model predicts the average price for the duration of two hours. 
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4.2 Flow Chart 

The below flow chart shows the step by step execution implemented at the backend 

and the frontend of the system: 

 

Fig:4.2-Flow Diagram 

 

 

 

 

4.3 State Diagram 

 

Figure 4.3 represents the transition between various states of the prediction system. It 

gives an idea about the various states and the events involved from data collection to 

generating an alert when any parameter is not in range. 
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       Figure 4.3 State Diagram of Cryptocurrency Prediction System 
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4.4 Use Case Diagram 

 
A use case diagram at its simplest is a representation of a user's interaction with the 

system that shows the relationship between the user and the different use cases in 

which the user is involved. Here in Figure 4.3 Supervisor is involved in the use cases 

View prediction result, View Visualization, View Alert and Managing the application 

 

 

 

      Figure 4.4 Use-Case Diagram of Cryptocurrency Prediction System 
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4.3 Summary  

 
This chapter discusses the working of the system through proposed system 

architecture. The flow diagram shows the working of ML algorithm. The use-case 

diagram shows interaction between actors and the system. The sequence diagram is 

shown. 
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CHAPTER 5 

ALGORITHAM 

In this section we will discuss about the different algorithms we have used while 

developing our search engine. 

5.1 RNN 

Recurrent Neural Network is a generalization of feedforward neural network that has 

an internal memory. RNN is recurrent in nature as it performs the same function for 

every input of data while the output of the current input depends on the past one 

computation. After producing the output, it is copied and sent back into the recurrent 

network. For making a decision, it considers the current input and the output that it has 

learned from the previous input. Unlike feedforward neural networks, RNNs can use 

their internal state (memory) to process sequences of inputs. This makes them 

applicable to tasks such as unsegmented, connected handwriting recognition or speech 

recognition. In other neural networks, all the inputs are independent of each other. But 

in RNN, all the inputs are related to each other. 

 

 

Fig 5.1 Unrolled recurrent neural network 

First, it takes the X(0) from the sequence of input and then it outputs h(0) which 

together with X(1) is the input for the next step. So, the h(0) and X(1) is the input for 
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the next step. Similarly, h(1) from the next is the input with X(2) for the next step and 

so on. This way, it keeps remembering the context while training. 

The formula for the current state is 

 

Applying Activation Function:  

 

W is weight, h is the single hidden vector, Whh is the weight at previous hidden state, 

Whx is the weight at current input state, tanh is the Activation function, that 

implements a Non-linearity that squashes the activations to the range[-1.1]Output:  

 

Yt is the output state. Why is the weight at the output state. 

5.2 LSTM 

Long Short-Term Memory (LSTM) networks are a modified version of recurrent 

neural networks, which makes it easier to remember past data in memory. The 

vanishing gradient problem of RNN is resolved here. LSTM is well-suited to classify, 

process and predict time series given time lags of unknown duration. It trains the 

model by using back-propagation. In an LSTM network, three gates are present: 

(5.1) 

(5.3) 

(5.2) 
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Fig 5.2 - LSTM gates 

1. Input gate — discover which value from input should be used to modify the 

memory. Sigmoid function decides which values to let through 0,1. and tanh function 

gives weightage to the values which are passed deciding their level of importance 

ranging from-1 to 1. 

 

2. Forget gate — discover what details to be discarded from the block. It is decided 

by the sigmoid function. it looks at the previous state(ht-1) and the content input(Xt) 

and outputs a number between 0(omit this)and 1(keep this)for each number in the cell 

state Ct−1. 

(5.4) 
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Forget gate 

3. Output gate — the input and the memory of the block is used to decide the 

output. Sigmoid function decides which values to let through 0,1. and tanh function 

gives weightage to the values which are passed deciding their level of importance 

ranging from-1 to 1 and multiplied with output of Sigmoid. 

 

 

5.3 Summary 

In this section we will discuss about the different algorithms we have used while 

developing our search engine. 

 

 

 

 

 

 

 

 

(5.5) 

(5.6) 
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CHAPTER 6 

IMPLEMENTATION 

6.1 Data Representation 

The used data set is a history of Bitcoin prices per minute from March 1st, 

2020 to April 1st, 2020. That is to say, there are 129316 data samples. Each of them 

has the associated timestamp and Bitcoin price information. For this work, several 

fields are ignored, starting with the timestamp, since the interval is constant and it is 

enough knowing the order of the data, being redundant. The lowest and highest value 

of the minute are not considered for simplicity; there are close in value and somewhat 

redundant to the weighted price, which is the prediction target. The opening and 

closing values are also ignored for the same reason as the previous fields. That is, the 

only value to consider is the weighted price, which can be conceptually seen as the 

average price of the Bitcoin (in United States dollars, USD), for each minute. 

 

Fig 6.1 Live Bitcoin Price 
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6.2 Data Pre-processing 

The data has been normalized using a minimum-maximum scaler, that is, 

translating the whole set of price values to the range 0-1, by assigning 0 to the 

lowest original value, 1 to the highest, and a linear equivalent to the rest of values, 

lying in between the extremes. Once the scaler has been fitted to the data, it can be 

used after producing the model to invert the transformation on the predicted values, to 

recover the original ranges of values for the predictions. The reason to normalize the 

data is to help the RNN and specifically back-propagation and gradient descent learn 

faster by reducing the magnitude of the value search space.  

6.3 Data Split 

As previously mentioned, the data is composed of 1293167 instances. The decision 

of how to split the data was taken trying to both have a large percentage of the 

data to learn (the more data, the more a model can opt to learn) and to keep a 

reasonably long and heterogeneous sample as the test one. Therefore, the model 

was trained with the first 120000 instances (92.2% of the data), while the 

remaining 9316 (7.8%) were used as a test. They correspond to a period of time, 

during the first half of 2020, with large, fast changes in the value of the Bitcoin, 

which make the prediction task really challenging. 

6.4 Collection of tweets 

For this research work, data is extracted as tweets with the name of cryptocurrencies- 

Bitcoin, concurrent price data which is extracted from Coindesk. For Bitcoin, data is 

collected from (30 days) March 2020 using the REST API5 of Twitter. For Litecoin, 

data is collected from March–April 2020. At the same time, per minute price of the 

Bitcoin is also collected. The collected tweets are obtained in JSON format, and the 

prices are obtained in .csv format. We tagged tweets as positive, neutral, and 

negative. For this, Textblob sentiment polarity is used for knowing tweet’s 

sentiments. The value returned by “Textblob.sentiment.polarity” is in between -1 and 
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1. The tweets whose polarity value is 0 are tagged as neutral. The tweets whose 

polarity value is in between -1 and 0 are tagged as negative. The tweets whose 

polarity value is in between 0 and 1 are tagged as positive. After collection of tweets 

and prices, we have counted the number of tagged tweets in two hours duration and 

the final dataset comprises of the total count of positive, negative and neutral tagged 

tweets at the end of every two hours. We have considered the count of the tagged 

tweets for two hours because the efficiency of the model increases up to the second 

hour and after that, it starts decreasing, making two-hour duration an ideal for the 

consideration. 

 

Fig 6.2-Bitcoin tweets 
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These are csv files for twitter sentiment and bitcoin coin prices which are 

obtained by cleaning the above JSON files. 

                                           

   Twitter Sentiment                                                            Bitcoin Price 
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6.5 Model Code 

 

Fig 6.3-Training sample model 
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Fig 6.4 Training sample model with lookback=1 
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Fig 6.5 Training sample model with lookback=2 
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Fig 6.6 Training sample model with lookback=3 

 

Fig 6.7-Plotting different lookups 
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Fig 6.8-Plotting with sentiments 

 

 

 

 

Lookups with sentiments 
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Fig 6.9-Live with Model 
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6.6 Summary  

 
This chapter explains about lstm working and its architecture and its importance. 

Process of developing machine learning model and briefing out each steps, and tools 

used to develop the model. 
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CHAPTER 7 

TESTING 

System testing is actually a series of different tests whose primary purpose is to fully 

exercise the computer-based system. Although each test has a different purpose, all 

work to verify that all the system elements have been properly integrated and perform 

allocated functions. The testing process is actually carried out to make sure that the 

product exactly does the same thing what is supposed to do. In the testing stage 

following goals are tried to achieve: - 

● To affirm the quality of the project. 

● To find and eliminate and residual errors from previous stages. 

● To validate the software as solution to the original problem. 

● To provide operational reliability of the system. 

 

Fig 7.1 - Testing Values 
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The model works relatively well for identifying general trends in coin prices, but 

struggles to accurately predict daily price fluctuations that are not in line with the 

general trend. Specifically, there is a general increase in bitcoin prices during the test 

set time period, and the model correctly picks up on this via the text input and most 

often predicts additional price increases. As a result, the final model was not able to 

predict the very large increase in price during the test set time period. 

 

7.2 Summary  

 
This chapter discuss about the importance of testing and varies methods that are used 

to test the model built. This helps us to understand the performance of the system and 

make the necessary changes accordingly. 
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CHAPTER 8 

RESULTS AND DISCUSSION 

8.1 Discussion 

To give context to our results, it is important to understand the general price 

behaviour of Bitcoin during the test set time period.  

This graph (Figure 6.10) shows how the relation between the price of bitcoin and total 

volume of the tweets that is made on that day addressing bitcoin. 

 

Fig 6.10 price vs volume 

 

Fig 6.11 Price vs Unweighted Index 
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This graph (Figure 6.11) shows the relation between the price of bitcoin and the 

tweets that does not have polarity assigned to them i.e. all tweets have same weight. 

 

Fig 6.12 Price vs Weighted Index 

This graph (Figure 6.12) shows the relation between the price of bitcoin and the 

tweets that have polarity assigned to them i.e. different tweets have different weights 

and they affect the price of bitcoin differently. 

 

Fig 6.13 Price vs Positive Sentiment 
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This graph (Figure 6.13) shows the relation between the price of bitcoin and the 

tweets that have positive polarity i.e. we can see that if positive tweets have been 

made in context of bitcoin than the price of bitcoin increases. 

 

Fig 6.14 Price vs Negative Sentiment 

This graph (Figure 6.14) shows the relation between the price of bitcoin and the 

tweets that have negative polarity i.e. we can see from the graph that if the volume of 

negative tweets increases the price of bitcoin decreases. 

 

Fig 6.15 Price vs Neutral sentiment 
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Fig 6.16 Train vs Test 

 

This graph (Figure 6.16) shows the Training and Testing phase of the model the curve 

with the blue colour is the period in which the model is being trained with the 

historical data and after that portion of the curve we can see the predictions that the 

model made and we compare those prediction with rest of the historical data to get 

the accuracy of the model. 
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     Fig 6.17 Actual VS Predicted graph. 

 

This graph (Figure 6.17) shows the relation between the actual price of bitcoin and 

the model predicted price of the bitcoin i.e. we can see from the graph that the error in 

the predicted price is less. 

 

8.2 Summary  

 
This chapter clearly shows the working of our web application through the screen 

shots and by including some brief discussion to that. For better understanding of 

variations of water parameter values screen shot of graphs is also included. 
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CHAPTER 9 

CONCLUSION AND FUTURE WORK 

Deep learning models such as the RNN and LSTM are evidently effective learners on 

training data with the LSTM more capable for recognising longer-term dependencies. 

However, a high variance task of this nature makes it difficult to transpire this into 

impressive validation results. As a result, it remains a difficult task. There is a fine 

line to balance between overfitting a model and preventing it from learning 

sufficiently. Dropout is a valuable feature to assist in improving this. However, 

despite using Bayesian optimisation to optimize the selection of dropout it still 

couldn’t guarantee good validation results. Despite the metrics of sensitivity, 

specificity and precision indicating good performance, the actual performance of the 

ARIMA forecast based on error was significantly worse than the neural network 

models. The LSTM outperformed the RNN marginally, but there was not significant 

difference in the results of both. However, the LSTM takes considerably longer to 

train. The performance benefits gained from the parallelisation of machine learning 

algorithms on a GPU are evident with a 70.7% performance improvement for training 

the LSTM model on the GPU as opposed to the CPU. This confirmed the findings 

indicated by the related work. 

 

Previous efforts to predict cryptocurrency fluctuations relied on Twitter sentiment 

analysis to serve as a proxy for future cryptocurrency demand which would result in 

increasing or decreasing prices. We have shown that these results were in part due to 

the study occurring at a time when cryptocurrency prices were always going up. 

Additionally, Twitter sentiment with respect to cryptocurrencies tend to be positive 

regardless of future price changes. People who tweet about cryptocurrencies even 

when their prices drop have an interest in them beyond investment opportunity 

making the tweets biased towards positive.  

A more robust model would incorporate a measure of overall interest in terms 

of volume. This paper's recommendation is to use proxies for general interest such as 



Cryptocurrency Prediction                                                                                

 
 

 

Dept of CSE, CMRIT                                   2019-2020                                                Page 48 

 

 

Google Trends or tweet volumes. We have shown that the search volume index is 

highly correlated with cryptocurrency prices both when prices rise and when they fall, 

as are tweet volumes. With these inputs a multiple linear regression model, with the 

addition of lagged variables, accurately predicted future price changes. Future work 

should determine if these results continue to hold in varying pricing environments. 

Additionally, more complex models, and not just linear ones like we used, could be 

fit using Google Trends and tweet volumes as inputs to see if results could be 

improved further. 
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