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ABSTRACT

A cryptocurrency is a digital currency based on a decentralized blockchain network. Trans-
actions in cryptocurrencies are performed without a central authority or single administra-
tion. The transactions are secured by the strong hashing algorithm (SHA-256). There are
more than 22,000 cryptocurrencies in the market, with over a $1 Trillion market cap. BTC
(Bitcoin) is a famous cryptocurrency, designed to be a decentralized and secure form of
digital cash. Cryptocurrencies can be used to purchase goods and services, transfer funds,
and even as investments. The use of cryptocurrency has increased in the last few years,
cryptocurrencies are commonly used for investment purposes.

This research focuses on developing a price prediction model for Dash coin and Bitcoin
Cash. The prices of cryptocurrencies are highly unstable, which makes it challenging to
forecast future prices. Researchers used Twitter sentiments, news, and previous market
data with the help of NLP, Machine Learning (ML), and Deep Learning (DL) techniques
to predict the future prices of different currencies. Our research uses state-of-the-art DL
techniques to build a prediction model. The inclusion of technical indicators such as the
Relative Strength Index and Moving Average along with the Fear & Greed Index and his-
toric data helps to capture market sentiment and improve the overall accuracy of the model.
We trained Gradient Recurrent Unit (GRU) model for Bitcoin Cash, and Dash cryptocur-
rencies, and the results show that our approach has better results than others.

Our work focuses on predicting future close prices of cryptocurrencies. Our main objective
is to incorporate additional key features such as technical indicators and the Fear & Greed
Index data can lead to improved accuracy for existing market models available. This re-

search will help investors to better understand the direction in which the market is moving.
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Chapter 1

INTRODUCTION

Cryptocurrencies are digital currencies that are completely computerized based, there is no
physical existence of these currencies, and it eliminates the regular means of physical cur-
rency. Cryptocurrencies are based on decentralized blockchain networks, and transactions
in cryptocurrencies are secured by SHA-256 and MDS5 hashing algorithms. Transactions
in a cryptocurrency network are transparent to all users for verification and no one controls
the transactions or flow of money. The first cryptocurrency, Bitcoin (BTC) was published
in 2008 by an unknown creator named Satoshi Nakamoto. The starting price of BTC was
$0 but it jumped to $0.09 in the first year. The price of BTC was raised constantly. At the
end of 2021, the price of a BTC was $65K [1]. The total market volume of cryptocurren-
cies is around 872 Billion dollars as of Nov 2022 [2]. Bitcoin is the main contributor to the
cryptocurrency pool with 36.67% of the market capitalization as of Nov 2022 [3]. Cryp-
tocurrencies are becoming a new way of financial transactions. Etherium (ETH) is the sec-
ond most popular cryptocurrency. ETH development was started back in 2013 and in 2015
the ETH went live [4]. Bitcoin was mainly developed for making transactions, however, the
Etherium architecture was not just to make financial transactions, etherium was designed
for the development of decentralized applications which is also known as dApp. DeFi is
one example of dApp where you can buy, sell and trade digital assets such as pictures.

The future of cryptocurrencies is bright, as the growing acceptance of digital cryptocurren-
cies is driving more adoption of cryptocurrencies. Cryptocurrencies are becoming more
accepted as a legitimate form of payment because of their growing popularity and usage.
However there are many challenges in cryptocurrencies, there are many countries where
cryptocurrency is not recognized officially because of money laundering and security is-
sues.

Cryptocurrency prices are highly volatile, making it challenging to invest in them. In-
vestors make use of various techniques to monitor price movements and trends, using tech-

nical indicators to forecast future closing prices. Many factors can influence cryptocur-



rency price fluctuations, including but not limited to market demand and supply, regulatory
changes, news, media coverage, and changes in technology or technical developments [5].

In the current era, social media has the potential impact on cryptocurrency prices, with so-

cial media influencers encouraging followers to either pump or dump the cryptocurrency

market, resulting in uptrends or downtrends in the respective cryptocurrency markets [6].

Ref | Year | Description Cryptocurrencies | Method Dataset
2019 | BART model was found | BTC, ETH, Arima, YFinance
[7] to be more accurate XRP Decision
than the simple ARIMA Tree
model.
2022 | Twitter sentiment and DASH, BCH GRU, Twitter senti-
[8] historic prices used to LSTM ment, historic
predict future prices. data
2020 | Stochastic probability BTC, ETH, MLP, Twitter API,
[13] technique is used to pre- | LTC LSTM coinmarket-
dict prices. cap.com
2022 | Using past data, the ETH, DOGE, LSTM YFinance
[14] price for the next 1-day | EOS, BTC
period was predicted.
2019 | News data sentiment ETH LSTM NewsNow,
[15] score historical prices poloniex.com

are used to predict cryp-
tocurrency prices.

2021 BTC data was used as LTC, ZCH LSTM, Investing.com
[16] an up/down indicator GRU
predict LTC and ZCH
prices.
2021 | LTC & XMR historic LTC, XMR RNN, -
[17] data is used to predict LSTM,
future prices. GRU
2022 | The future prices of BTC, ADA, Bi- YFinance
[27] BTC, ETH, BNB, ADA, | ETH, BNB, LSTM,
and USDT have been USDT LSTM
predicted using histori-
cal data

Table 1.1: Relative Comparison

1.1 Problem Statement and Objectives

Cryptocurrency is a digital currency in a decentralized network, it is becoming more pop-
ular as means of investment and buying and selling of goods. The price of the cryptocur-

rency is highly volatile which makes it difficult to predict the future close prices. Because



of the volatile nature of cryptocurrencies, it’s hard for investors to predict the direction of
the market and as a result, the investors end up losing their money. Previous studies used
different techniques to forecast the future closing prices of cryptocurrencies including ML
and DL algorithms. Most of the researchers focused on pre-historic data, technical data of
cryptocurrency, social media sentiments, and news sentiments, those research showed im-
pressive results. There are a lot of factors involved in fluctuations of cryptocurrency price
including but not limited to social media, historic data, trends, surveys, and news. How-
ever, the impact of social media influencers and technical indicators has not been fully
explored. Therefore, the development of a system that can predict future cryptocurrency
prices using historical data and other key factors is critical. The purpose of this research is
to create a system that can forecast the future close prices of Bitcoin Cash and Dash using
historical data, social media indicators, and technical indicators. This research will con-
tribute to building a more accurate model for the prediction of cryptocurrency prices, and
as a result, this research will help investors to have an idea of cryptocurrency trends before
time. The aim is to present a deep learning-based system designed for cryptocurrency price

prediction The research Objectives are as follows:

* To present Deep Learning based system for predicting the cryptocurrency price.

1.2 Contributions

The contributions of our work are as under,

* This research focuses on deep learning solutions to predict the future close prices of

BCH and Dash.

* To enhance the model’s capability to correctly predict the future close prices of BCH

and Dash.

Only an outline of the proposed framework at a conceptual level is provided here, more

details are provided in later chapters.

Technical Indicators: Technical indicators are mathematical calculations and statistical
measurements used to analyze the trends and price movement in Stock Market or Cryp-

tocurrency Market. Technical indicators are one of the important factors which investors



used while investing in the cryptocurrency market. A study [18] was carried out which con-
sidered technical indicators while predicting the price of the cryptocurrency. It was found
that technical indicators have a positive impact on predicting future close prices. The neu-
ral network model with technical indicators had significantly better results than the rest of
the neural network without technical indicators.

Gated Recurrent Unit: LSTM, a variant of the Recurrent Neural Network (RNN), is a
type of neural network. It is designed to develop models which require long-term and
short-term memory in sequential data [19]. LSTM incorporates input, forget, and output
gates. Additionally, the Gated Recurrent Unit (GRU) also falls into the category of neural
networks and is a variation of the traditional RNN. It is mainly used for long-term memory
in sequential data. GRU utilizes only update and reset gates. In comparison, LSTM is more
complex than GRU.

Applications: Cryptocurrency has emerged as a new way of investing, selling, and pur-
chasing goods. The emerging adoption of the cryptocurrency market has resulted in the
creation of systems that can assist investors in understanding market trends. Cryptocur-
rency prices are highly volatile because of different factors including but not limited to so-
cial media activity, pre-historic price, government regulations, and technical parameters,
because of the volatility it is hard to predict the trend of the cryptocurrency price whether
it going upward or downward. A lot of investors were at a loss investing in the market be-
cause they didn’t have an idea about the direction of the market. This research will help
investors to have an idea of the close prices of the following month based on prehistoric
prices, social media sentiments, and technical indicators. As a result, investors can decide

better which cryptocurrency to invest in.

1.3 Thesis Outline

The thesis is broken down into five parts:

» Chapter 1: Chapter 1 consists of an introduction and research objectives. It also con-

tains the contributions that we have made in this report.

 Chapter 2: In Chapter 2, a background study and literature review are provided along
with a brief description of existing techniques and quantitative measures used in this

thesis report are given.



* Chapter 3: This chapter focuses on the data collection, data cleaning, and preprocess-
ing, descriptive statistical analyses of the dataset, relevant feature selection, and then
calculates the technical indicators parameters which later can be utilized as features

when implementing the machine learning classification model in the next chapter.

* Chapter 4: We have done our experiment and performance evaluation in this chap-
ter. Studying and testing different deep learning models for predicting future close
prices is proposed along with experimental results and a comparison with existing

techniques is provided.

* Chapter 5: This chapter concludes the report and proposed future work.



Chapter 2

PRELIMINARIES

2.1 Cryptocurrency

Cryptocurrencies are digital currencies that exist only in a computerized form. They do not
have a physical presence and replace traditional forms of currency. Cryptocurrencies op-
erate on decentralized blockchain networks, and transactions are secured utilizing hashing
algorithms like SHA-256 and MDS5. The blockchain is a decentralized ledger that exists

on multiple nodes throughout the network. Each block in this network is unique and ver-
ified by all nodes, ensuring its immutability. As a result, transactions are permanent and
transparent to all nodes. Cryptocurrencies utilize cryptography techniques for transactions.
Each user has their own wallet protected by a public and private key. A transaction includes
the amount, the recipient’s public key, and a digital signature generated using the sender’s
private key. The transaction is then sent to the cryptocurrency network, where nodes, act-
ing as miners, validate it by performing complex mathematical operations. After multiple
nodes verify the transaction, it is subsequently added to the blockchain network. This ad-
dition is accomplished through mechanisms such as proof-of-work and proof-of-stake. In
proof-of-work, miners solve complex mathematical problems, while in proof-of-stake, a
certain number of validators validate the transaction. Miners are rewarded with the respec-

tive cryptocurrency for solving these complex mathematical operations [20].

Cryptocurrencies work on a decentralized network, ensuring that no single central author-
ity controls the flow of the cryptocurrency. The distributed network makes it difficult to
hack or tamper with because all nodes have the same copy of the network. If a single node
is tampered with, other nodes will reject the changes, preserving the integrity of the main
blockchain. Cryptocurrency owners store their assets in digital wallets, which can be hard-
ware devices, software applications, or exchanges like Binance [21]. Investors use cryp-
tocurrency exchanges such as Binance [21], Coinbase [22], and Kucoin [23] to perform

investments in specific cryptocurrencies. Over time, cryptocurrencies and blockchain tech-



nology have continued to evolve. Researchers are working on stability and scalability so-
lutions to handle increased transaction volumes, as well as addressing privacy and energy

consumption concerns.

2.2 Bitcoin & Altcoins

The first cryptocurrency, Bitcoin (BTC) was published in 2008 by an unknown creator
named Satoshi Nakamoto. The starting price of BTC was $0 but it jumped to $0.09 in the
first year. The price of BTC was raised constantly. At the end of 2021, the price of a BTC
was $65K [1]. The total market volume of cryptocurrencies is around 872 Billion dollars
as of Nov 2022 [2]. Bitcoin is the main contributor to the cryptocurrency pool with 46.31%
and Etherium follows with 19.69% of the market capitalization as of the most recent data
of May 2023 [24] as presented in Figure 2.1. Cryptocurrencies are becoming a new way of
financial transactions. Etherium (ETH) is the second most popular cryptocurrency. ETH
development was started back in 2013 and in 2015 the ETH went live [4]. Bitcoin was
mainly developed for making transactions, however, the Etherium architecture was not just
to make financial transactions, etherium was designed for the development of decentralized
applications which is also known as dApp. DeFi is one example of dApp where you can

buy, sell and trade digital assets such as pictures.
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Figure 2.1: Cryptocurrency Market Cap (2013-2023).

Any cryptocurrency other than Bitcoin is known as an altcoin. As of May 2023, there are

over 23,000 cryptocurrencies, and this number continues to gradually increase over time.



Altcoins represent approximately 54.69% of the total market capitalization of cryptocur-
rencies. Investors often prefer to invest more in altcoins compared to Bitcoin, as altcoins
tend to offer higher returns but also come with higher risks. On the other hand, Bitcoin is
considered a safer investment [25]. In terms of market capitalization ranking, Bitcoin is

followed by Ethereum, Tether, BNB, USD Coin, XRP, Cardano, and so on [3].

2.3 Social Media Impact on Cryptocurrency

Cryptocurrencies prices are linked to the cryptocurrencies production rate factor but are not
limited to it, it is also linked with the momentum and trends in the market as well as the in-
vestor’s attention to the market [9]. A study founds that hackers attacked different crypto
exchanges and make the cryptocurrency more or less volatile by taking the cryptocurrency
out of the market which results in a loss of confidence in the cryptocurrency market [10].
To evaluate the impact of social media on cryptocurrency prices, a study was carried out
solely on Elon Musk an individual billionaire tweet. It was found out that the price of bit-
coin jumped +3.58% when Elon Musk add “#bitcoin” in their bio, the price of Dogecoin
increased abnormally to 12.5% in 2 Min and 26.5% in an hour when Elon tweets about Do-
gecoin [11]. Elon Musk revealed in May 2021 that he was working together with Dogecoin
developers to enhance the system’s efficiency. Shortly after his tweet, the price of Doge-
coin increased [12]. Figure 2.2 shows the trading view of the DOGE-USDT pair, it can be
seen that the price of Dogecoin jumped from 0.39USDT to 0.73USD in May 2021.
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Social media has a potential impact on cryptocurrency prices, people on social media talk
about cryptocurrencies on different forums such as Twitter, Facebook, Reddit, and more,
from where other people get an idea of market movement. A study [26] used Bitcoin Talk
Forums to find out the relation between social media and price fluctuations of cryptocur-
rency, the researcher used tokenized comments and LSTM was then used to forecast the
future closing prices of Bitcoin, and it was found out that those comments have a potential
effect on the price fluctuations.

There are a good number of cryptocurrency exchanges available in the market including
Binance, Bitrue, Coinbase, and more. The cryptocurrency exchange market has a poten-
tial role in moving the price of cryptocurrency upward or downward. Binance is top of all
other cryptocurrency exchange markets, whenever a new coin is listed on finance, there is
a 90% chance that the coin price will jump high even for a few minutes, it is known as Bi-
nance Effect. Binance is not directly responsible for the fluctuations in the price, because
the binance is one of the top markets, and it has a huge user base and trading volume which

results in these fluctuations.

................................................... R e e e e e e e IR )

1
¥— 0.2000

L * Vol(YINCH): 125.978M Vel(USDT) 301.511M MNan

|
12725 05.00

Figure 2.3: Binance Effect

As seen in figure 2.3 the price of 1Inch Cryptocurrency was 0.2000USDT at the time of
opening trading at the binance platform, but as soon as the trading opened at binance the

price jumps to 3.0885USDT and it closed at the 2.954USDT in the first day. This is just



one example, in any currency listed on binance the price will always go up.

Whenever a new cryptocurrency project starts, the owner of the project starts the marketing
on social media, the marketing campaign gets a hike when the top social media influencers
take part in the campaign which results in gathering a lot of audience for the respective

cryptocurrency, which results in the price hike of a particular currency.

2.4 Technical Indicators & Cryptocurrencies

Technical indicators are mathematical calculations and statistical measurements used to an-
alyze trends and price movements in the stock market and cryptocurrency market. These
indicators play an important role for investors when making investment decisions. There
are many technical indicators available, including Moving Average, Relative Strength In-
dex, Bollinger Bands, Moving Average Convergence Divergence (MACD) line, and many
more. These indicators provide insights into price movements and trends in the respective
markets, helping investors gain a better understanding of market direction. A study [18]
was conducted that used technical indicators along with historical price data, using a deep
learning algorithm. The results show significant improvements compared to models that
only use historical price data as input. The results show that using technical indicators can

improve the predictive accuracy of the model

Moving Average:

Moving average is the most commonly used technical indicator in the cryptocurrency mar-
ket because of its simplicity and indications. Moving averages smooth the price data over a
period of time by calculating the average value. There are two most commonly used types
of Moving Average.

Simple Moving Average (SMA): SMA calculates the average price over a specified num-
ber of periods. SMA simply sums up the closing price of N number of days and then di-
vides the result by N. Each day, one old value is dropped and the latest one is added to

the calculation. SMA results are slow to recent price changes but it is useful in identify-
ing long-term trends. Figure 2.4 shows an example of SMA with blue and orange lines for
9 days and 18 days as input respectively.

Exponential Moving Average(EMA): EMA is more reactive than SMA, EME assigns

more weight to the close prices and makes it more responsive to the current price move-

10
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Figure 2.4: DASH-USD SMA

ment. EMA calculation is done in a way that provides more importance to the new data

compared to the old data. Traders use EMA for short-term trading to generate signals.

When the prices cross the moving average line, it signals a bullish trend as a buy signal, on
the other hand when the price moves below the moving average line it indicates a bearish

trend. Figure 2.5 shows an example of EMA applied to the DASH-USDT trading pair. The
graph displays two lines: one in blue and another in orange. These lines represent the EMA

calculations for 18 and 36 days, respectively.
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Relative Strength Index(RSI):

RSI is another widely-used indicator used by the traders in cryptocurrency market. The in-
dicator measures both the rate and change of price and is used in the identification of over-

bought or oversold conditions.

RSI value is calculated based on average gains and losses recorded during a predefined pe-
riod. The formula compares the average gain during the up periods and the average loss
during the down periods and as a result, it generates a value between 0 - 100. A value
above 70 indicates an overbought market, while a value below 30 indicates an oversold
market. Figure 2.6 illustrate an example of RSI for the BCH-USD trading pair. The bottom
purple line shows the RSI value for 14 days, it is also seen that there are two spots in the

trading view where the market is overbought.
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Figure 2.6: DASH-USD EMA

Moving Average Convergence Divergence Line (MACD):

The MACD is a technical indicator that identifies the buy and sell signals. The MACD in-
dicator consists of the MACD line and the signal line. The signal line is used to generate
the trading signal. When the MACD crosses above the signal line, it indicates a bullish
market, and when it crosses below the signal line, it indicates a bearish market. The cal-

culation of the MACD is given in upcoming chapters.
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2.5 Technical Cryptocurrency Data

Each cryptocurrency has some technical data associated with it, technical data can also

affect the price of the cryptocurrency. A few technical data are listed below

* Volume: Volume of the cryptocurrency represents the count of units for a particular
cryptocurrency traded within a time period such as 1 Hour, 12 Hours, 24 Hours, 1
Week, or 1 Month. Higher market volume indicates that more people are interested

in cryptocurrency. Higher trading volume can contribute to higher price volatility.

» Hash Rate: Hash rate is the speed of solving complex mathematical operations for
a particular cryptocurrency on the transaction, the higher the rate of hash means that
more miners are there it indicates that the network is secure and more investors are

interested towards it.

* Mining Difficulty: Mining difficulty is how much it is challenging to find a valid

hash for the transaction. It affects the rate of production of new coins.

* Network Congestion: Network congestion effect the transaction fees, when there
are more pending transactions in the queue then investors pay more to make a trans-
action in priority which results in a higher fee. Network congestion also affects the

price of the cryptocurrency.

* Transaction Fee: The transaction fee also affects the cryptocurrency price, the
higher the transaction fee the lower the will be trading. If the transaction fee is

higher, the user will try to use other cryptocurrencies instead.

* Regulations: The government regulations also impact the price of the cryptocur-
rency, positive news such as acceptance of cryptocurrency at the government level

can increase the price.

* Technology Upgrades: Technology upgrades such as improvements in the way
blockchain works, may also may result in a rise in the cryptocurrency price. Positive
advancements can increase the confidence and adoption of particular cryptocurren-

cies.

13



2.6 Cryptocurrency Price Prediction Techniques

Cryptocurrency emerged as a new way of financial transactions, it became popular in the
last decade and also took the researcher’s intention to work on this. Investors used different
techniques such as market analysis to forecast the close price of cryptocurrencies. Research
also has used different techniques such as ML and DL to predict the future closing price of
the cryptocurrency. This work will be very useful for new investors who want to have an

idea of the price movement of the Dash Coin and Bitcoin Cash cryptocurrencies.

Artificial Intelligence

Machine Learning

Deep Learning

Figure 2.7: Al, ML, and DL Comparison

As shown in Figure 2.7 Artificial intelligence has multiple subtypes including ML. Deep
Learning is considered a subcategory of Machine Learning. Furthermore, ML and DL are
further divided into different techniques. Each technique is used for different data types

and output needs.

* Superyisad Leaming | E— Supervised Leaming

Machine Laaming —*  Unsupervisad Learming | Deap Laarning ————* Unsupervised Leaming

-* Sami-Suparvised Leaming *  Relnloreement Learning

Figure 2.8: Machine Learning & Deep Learning Types

As shown in Figure 2.8, machine learning is divided into 3 broad subtypes which are super-
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vised, unsupervised, and semi-supervised learning. Supervised learning is utilized with
labeled data, an unsupervised learning technique is performed with unlabeled data and
semi-supervised learning techniques are performed when some data is labeled and some is
unlabeled. Whereas deep learning can’t be categorized as machine learning but deep learn-
ing also solves the same problem in a different and efficient way. When we have a specific
prediction problem to solve on a dataset, the very first step is to choose whether we need to
go for Machine Learning or Deep Learning. After choosing the correct field the next step
would be to choose the algorithm/technique which we will use to predict. Choosing an al-
gorithm is a crucial step because our results solely depend on the algorithm. No one can
tell which algorithm is better without trying it first. Each algorithm has its own pros and
cons, not every dataset can be trained in every algorithm.

The researchers used different state-of-the-art ML and DL techniques to predict the future

close pricing of different cryptocurrencies.

2.6.1 Machine Learning Techniques:

Machine learning has many classifications, and clustering regression algorithms, Figure 2.9

shows different categorized machine learning algorithms.

Random Forest Algorithm:

Random Forest is a well-known machine learning algorithm used for both classification
and regression tasks. It relies on the Decision Tree Algorithm as its fundamental building
block. A decision tree is a hierarchical structure like a tree, where each node represents a
feature extracted from the dataset. Random Forests use a technique called bootstrap aggre-
gating, or “bagging,” to create multiple subsets of the original data. This process creates
different training sets for every decision tree in the collection. During the construction of
a decision tree, instead of considering all features, a random subset of features is selected
for each split point. The random forest creates a set of predefined decision trees. Each tree
is grown independently using training data and a feature set. When the algorithm is com-
pleted running it results in a forest, the predictions are derived by summing up the forecasts
from all the individual trees. For regression tasks, the predictions of all trees are averaged
to get the final prediction.

In study [33] researchers have taken different features including network data, market data,
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Figure 2.9: Popular Deep Learning Algorithms

and gold prices to forecast the close prices for Bitcoin, the researcher has included the us-
age of the Random Forest model in the price forecasting model.

Pros:

* Random forest can handle a large amount of data and it is less pruned to overfitting

problems.

* It can handle numerical and categorical data and the output can be class or regres-

sion.
* It is robust and it can handle missing data.

Cons:
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* Random forest can be computationally expensive when the number of trees is large.

 Data that has high dimensions and is sparse may not fit well in Random Forest.

Gradient Boosted Trees (GBT):

GBT is an ML algorithm that uses Decision Tree with gradient boosting. It is built on a de-
cision tree algorithm, GBT follows an ensemble learning approach, and it is a way to build
a stronger model by incorporating multiple weak models. GBT is started using a shallow
decision tree, and the new tree is constructed which optimizes the loss function. The pre-
dictions from the newly created decision tree are added to the ensemble, with a learning
rate that controls the contribution of each tree. The creation of a new tree is repeated until
it achieves the specified number of trees. In GBT each new tree fixes the mistake which is
done by the previous tree and in this way, the gradient decent approach is taken to provide
the final tree.

In study [34] researcher had taken the open, low, high, close, volume, and market capital of
Bitcoin (BTC), Bitcoin Cash (BCH), Etherium (ETH), Doge, Litecoin (LTC), IOTA, NEM,
and NEO to predict the closing price using Gradient Boosted Tree, Neural Net, Ensemble,
and KNN. As a result, GBT for Bitcoin has a Root Mean Squared Error of 3.849.

Pros:

* GBT has high accuracy for multiple ML tasks.
* GBT can handle categorical and numerical data.

* GBT can is used for unsupervised learning and regression tasks.
Cons:

* GBT is computationally expensive, it takes more computational power to solve and

build up the model.

* GBT is prone to overfitting when the number of trees is large.

Extreme Gradient Boosting (XGBoost):

XGBoost is a well-known ML algorithm for various tasks. Classification and regression
tasks can be solved by XGBoost. XGBoost is based on the ensemble technique, which in-

corporates multiple weak models to build up a stronger predictive model. The main idea
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behind gradient boosting is to sequentially introduce new models to the ensemble, with
each new model trained to correct errors made by the preceding models. This iterative pro-
cess helps improve the overall accuracy and predictive power of the model.

In study [35] researchers have used the XGBoost, CNN, ARIMA, MLP, LSTM, and Base-
line algorithms to forecast the future close prices of Ether, LTC, and XMR. XGBoost out-
performed the other models.

Pros

* XGBoost is high in performance, it uses parallel processing and optimized algo-

rithms.

* This algorithm is high in predictive accuracy as compared to other algorithms.

* XGBoost can handle numerical and categorical data.

Cons

* XGBoost can be resource expensive when dealing with large data.

* XGBoost hyperparameters can be set which can result in a time-consuming task to

find the best one.

2.6.2 Deep Learning Techniques:

Figure 2.10 shows different deep learning algorithms that are common and most popular.
For our use case of prediction of cryptocurrency close prices, RNN is most suitable, RNN

has further different variations including LSTM and GRU.

Recurrent Neural Network (RNN)

RNN is a feed-forward neural network having a memory in it. Compared to conventional
neural networks, RNN inputs and outputs are interdependent, it is designed to process se-
quential data and allow temporal data to persist in the network’s hidden layers. The core
concept of RNN is to get information from the previous output and include it in the next
input.

RNN structure is like the conventional neural network, it has input, output, and hidden

layers. Additionally, RNN has a time step layer that processes each sequential data at one
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Figure 2.10: Popular Deep Learning Algorithms

timestamp, at each time stamp the input of the layer is combined with the output of the pre-
vious layer.

Some researchers focused on using RNN for the prediction of cryptocurrencies prices, in
study [17] have incorporated LSTM, and GRU to forecast the future prices of Bitcoin, Lite-
coin, Ripple, Monero, Thether, and IOTA for 1 day window period. As the cryptocurrency
data is sequential data so the data would best fit in the RNN model, as the RNN has a van-

ishing gradient problem so we need to change the algorithm to have better results.

Gradient Descent

In deep neural network training, the Gradient Descent algorithm is applied to optimize the
model by iteratively adjusting the weights and biases to minimize the loss function. The
single goal of the gradient descent aims to discover a set of weights and basis that results
in a minimum difference between predicted and actual values. Equation 2.1 shows the cal-
culation of the gradient descent. Gradient descent is all about finding the local minima, as
shown in Figure 2.11.

o(t+1) = gt _ qyj(6(D) 2.1)
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Figure 2.11: Gradient Descent

Vanishing Gradient

A vanishing gradient is a problem that occurs during the training of the deep neural net-
work with many layers, when using the gradient descent for weight and basis the gradient
may become very small or very big as they backpropagate to earlier layers. When the gra-
dient becomes smaller, the changes in the weights and basis also become smaller and result
in slow divergence and no update at all because of that the earlier layer receives a weak
gradient and the weights and basis are not adjusted to learn from the data.

RNNs with a large number of recurrent connections have a vanishing gradient problem
when the gradients are backpropagated through time, and during this process, the gradi-
ents can either shrink which results in the vanishing of the gradient, or become large which
resulted in explode of the gradient. To overcome the vanishing gradient problem new archi-

tecture LSTM and GRU were developed.

Long Short Term Memory (LSTM)

LSTM is also a type of Artificial Neural Network (ANN) designed to solve the vanishing
gradient problem and to build up long-term memory. LSTM has memory cells as the main

building blocks of its architecture. The memory cell is responsible for storing and propa-
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gating information across different time steps. LSTM uses a gate mechanism to retain and

forget information. 2.12 is the visualization of the inner architecture of the LSTM.

hy

Gt

Figure 2.12: LSTM Inner Architecture

Input Gate: ar = 0(UxiXt + Upiht—1 + b;)

Forget Gate: by = 0(UxgX¢ + Unrht—1 + by)

Output Gate: ¢t = 0(UxoXt + Unoht—1 + bo)

Candidate Cell State: Dt = tanh(Uxcxt + Upcht—1 + be)

Cell State Update: E; =bt® Et—1 + a; ® D:

Hidden State: h: = ¢+ ® tanh(E¢)

Many studies focused on using LSTM for the prediction of the close price of cryptocurren-
cies. In study [8], researchers have used LSTM and GRU for price prediction of DASH and
BCH cryptocurrencies. They used Twitter sentiments, Bitcoin data as parent coin, and his-
torical data of DASH and BCH to predict future close prices. Still, the researchers didn’t
consider other social media factors such as Google trends, surveys, Reddit forums, etc, and

they also didn’t consider using technical indicators as a helper to predict prices.
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In study [14] used LSTM for the prediction of Ethereum, Bitcoin, EOS, and Doge cryp-
tocurrency close prices for the next 1 day, the researcher just considered the historic close
prices in order to predict the future close prices, they haven’t considered using any techni-

cal indicators and social media indicators.

Gated Recurrent Unit (GRU):

Figure 2.13 shows the inner structure of the GRU, which is a type of RNN used primarily
for processing sequence data, such as time series and audio signals. GRU offers several
advantages over traditional RNNs, including the ability to address common vanishing gra-
dient problems in RNNs [32]. GRU consists of an update gate and a reset gate, which are

calculated as shown in equations 2.2 and 2.3, respectively.

U, =sigmoid(W; * [ht—1, X¢]) (2.2)

Ur =sigmoid(W, x [h¢—1, Xt]) (2.3)

Figure 2.13: GRU Unit

Researchers have used GRU along with LSTM to predict the future close prices of differ-
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ent cryptocurrencies. In study [16] authors gathered historic data for Litecoin and ZCH to
predict their future close prices from historic data, they also introduced a new technique
to predict the future prices, they used LTC and ZCH historic data along with historic BTC
data as an up/down indicator to predict the close prices of LTC and ZCH, they considered
LTC and ZCH as a dependent on the BTC prices. In study [17], authors used a hybrid ap-
proach to predict the future prices of LTC and XMR for 1, 3, and 7 Days windows using
historic data. They have used GRU and LSTM together in the prediction of future close
prices of LTC and XMR. But neither they considered any social media indicators nor they

used any technical indicators.

Bi-Directional GRU (Bi-GRU):

Bi-GRU is also a variant of RNN architecture that combines two GRU to process sequen-
tial data forward and backward. It is an extension of standard GRU to capture the context
of data from the past and future. In Bi-GRU two GRU operate independently, one works
in the backward direction while the second one works in the forward direction. The for-
ward GRU works from the start of the data to the end, while the backward GRU does the
reverse. Bi-GRU has a potential advantage if we compare it with the simple GRU. Bi-GRU
is a powerful architecture that offers a contextual representation by considering both the
past and the future.

Researchers have also used Bi-GRU in the prediction of cryptocurrency prices, the price
movement of any currency depends on its historic movement along with current affairs.
In study [27] researchers have used LSTM, Bi-LSTM, and GRU for the price forecast of
Bitcoin, ADA, Etherium, BNB, and USDT for a 1-day window, they only used historic
data to predict the future prices of respective cryptocurrencies, there a lot of factors which

should be considered while predicting future close prices including social media indicators.

Activation Functions:

An activation function is a mathematical formula that removes the linearity from the output
of the neuron in a neural network. It determines whether the neuron should be activated or
not based on the outcome of the neuron. Selecting the correct activation function is a cru-
cial step in solving deep learning problems, and the wrong choices can lead to unexpected

results. There are a number of activation functions, but a few of them are described below.
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Sigmoid Function: The sigmoid function is defined as in Equation 2.4, it converts the out-
put value to 0 and 1, which makes it suitable for classification problems. Figure 2.14 illus-

trate the output of the sigmoid function.

1
FO) = ———) 24)

1+eX

}—

©
w1

Figure 2.14: Sigmoid

Hyperbolic Tangent: Hyperbolic tangent is also known as the Tanh function, this function
is defined in Equation 2.5. It converts the output of the neuron to the (-1, 1) range. Figure

2.15 illustrate the output of the sigmoid function.

eX—e™X

FX)=—5—"=) (2.5)

exX+ e
Rectified Linear Unit (ReLLU): The ReLU function is represented in Equation 2.6, ReLU
returns the input value if it is possible otherwise it returns 0. In DL, ReLU stands out as
the most widely used activation function as it has the ability to tackle vanishing gradient

problems. Figure 2.16 describes the outcome of the ReLLU activation function.
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Linear Function: Linear function is the most simple function, it outputs the same value
as the input and doesn’t introduce any linearity in the data, it is defined in Equation 2.7,

and it can be visualized in Figure 2.17 .

f(x)=x 2.7)

The sigmoid function is commonly used in binary classification, it is mostly used in prob-
abilistic scenarios. However, sigmoid functions have a vanishing gradient problem. On

the other hand, TanH is mostly used in symmetric data, the ReLU is most widely used be-
cause of its simplicity and elimination of the vanishing gradient problem. The output of the
neuron remains unchanged by the linear activation function so it is mostly used in solving

regression problems.

Performance Metrics:

Performance evaluation is an important part of any research when applying machine or

deep learning techniques. It allows us to infer how accurate our model is, choosing the cor-
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Figure 2.16: ReLU

rect metrics is the important part, and differs from study to study. There are a lot of evalua-

tion metrics, but we are only going to use 3 metrics named MSE, RMSE, and MAE.
Mean Squared Error (MSE):

The MSE is calculated using the equation 2.8, which involves computing the average
squared difference between the values generated by predictions and actual data. The MSE

indicates how closely the predicted value matches the actual value.

1 n
MSE = EZ(M’—%’)Z (2.8)
i=1

Root Mean Squared Error (RMSE):

RMSE is computed using the equation 2.9, which involves applying the square root opera-
tion on the MSE. This metric provides insight into the magnitude of the difference between

the values generated by predictions and actual data.
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1 n
RMSE = \ ~ 2=y 2.9)
i=1

Mean Absolute Error: MAE is calculated as specified in equation 2.10, it is calculated
by taking the average absolute difference between the values generated by predictions and
actual data. It is the simplest measure that tells us the average magnitude of the error made

by the model.

1 n
MAE = ;Zlyi—yil (2.10)
i=1
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Summary:

In this chapter, Cryptocurrency and the prediction of Cryptocurrency and their techniques
have been discussed in detail along with the background study of existing state-of-the-art
DL approaches, the inner structure of deep learning techniques including LSTM, GRU,
and BiGRU has also been discussed along with the activation functions and their usage.
Characteristics of the cryptocurrency technical data have been explored and discussed the
impact of technical data on the price of the cryptocurrency as well as technical indicators
for cryptocurrency trading have also been explored in detail, it is also been discussed how
to use full technical indicators can while predicting the future close prices of cryptocurren-

cies.
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Chapter 3

Data Collection & Processing

This chapter focuses on the data collection, data cleaning, and preprocessing, descriptive
statistical analyses of the dataset, relevant feature selection, and then using different formu-
las to generate technical indicators data from historical data which will be used as features

while implementing the deep learning model in the next chapter.

3.1 Dataset Required

Selecting the data is a crucial step in solving deep learning problems. The end results de-
pend entirely on the chosen dataset. We need to gather two types of data: firstly, prehistoric
cryptocurrency price data for Bitcoin Cash and DASH, and secondly, the Fear & Greed In-
dex data. Once we have collected the prehistoric cryptocurrency data, we can process the
prehistoric data to generate technical index data, this data is essential for our approach to

developing a prediction model.

3.2 Data Collection

A crucial part of the deep learning problem is the data on which the proposed algo-
rithm/technique can be applied, and as a result, the performance will be measured based

on the results. Dataset selection is also a crucial step while solving deep learning problems,
the results will be totally based on the data we choose. There are a lot of cryptocurrency
historic datasets available in the market according to our area of interest and the nature

of the problem. A research question is closely related to datasets to experiments and gets
effective and accurate results. In this research we have used Yahoo Finance [36] to col-

lect our required data using a Python library named yfinance [37]. Almost every historical
cryptocurrency data is available on Yahoo Finance, but we are only interested in Bitcoin
Cash and Dash historical data. The data is available in directory form in Python with UTF-
8 encoding. The second part of the data which is the Fear & Greed (FGI) index is not avail-
able on Yahoo Finance, the historical FGI data is taken from a website [38], and the data is

available in JSON form and it can be loaded in Python with the API exposed by the web-
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site. The data is available in UTF-8 encoding.

Data Collection
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Figure 3.1: Proposed System Model

3.3 Data Cleaning & Preprocessing

The price data were collected from Yahoo Finance [37]. Yahoo Finance provides real-time
data as well as historical data for daily, weekly, 15-day, and monthly periods. We collected
daily Bitcoin Cash (BCH) and DASH prices from May 6th, 2018, and November 6th, 2017

to January 29th, 2023, respectively. The collected data includes the following information:

* Open: The opening price for the present day

* Close: The closing price for the present day.
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* Low: The lowest price for the present day.

* High: The highest price for the present day.

* Volume: The number of units traded for the present day.

Dataset Feature

Dataset Description

DASH Prices Historical DASH coin price data including open, high, low,
close & volumes.

DASH Technical Indica- | DASH Technical Indicators including Moving Average Con-

tors vergence Divergence (MACD) derived from historical prices
of DASH.

BCH Prices Historical BCH coin price data including open, high, low,
close & volumes.

BCH Technical Indica- BCH Technical Indicators including Moving Average Con-

tors vergence Divergence (MACD) derived from historical prices
of BCH.

Fear & Greed Index The FGI is calculated by combining multiple factors, includ-

(FGD) ing volatility, market momentum, social media sentiment,

surveys, dominance, and trends, to determine the current
level of fear or greed in the market.

Table 3.1: Dataset Description

3.3.1 Technical Indicators

After historical data collection, the next step is to generate Moving Average Convergence

Divergence as technical indicators. Which is calculated as.

k 2 3.1
T N+1 G-
EMA: = pricec * k+ EMAp * (1 —K) (3.2)

In this formula, K represents the smoothing factor, which is calculated as 2 divided by the

number of periods (N) plus 1. The EMA( is the current value of the Exponential Moving

Average (EMA), taking the weighted average of the current close price (pricec) and the

previous EMA value (EMAp), where the weight given to the current price is controlled by

the smoothing factor k.

MACD = EMA12 —EMA»6 (3.3)
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To calculate the 12 and 26-period EMAs

2
EMAq1> = E -(pricec—EMA11) + EMA11 3.4)

2
EMA»g = E -(pricec — EMA35) + EMA>5 3.5

Dash Close Price and Moving Averages

— EMA12
450 + —— EMA 26
400 -
350 -
o 300
il
&
§ 250
5]
200
150
100
50 _ _ ) . _ N e~
Mar2021  May 2021  Jul 2021 Sep2021  Nov2021  Jan2022  Mar2022  May 2022  Jul 2022

Date
Figure 3.2: System Model

In these formulas, price . represents the closing price for the current period, and EMA11
and EMA 5 are the Exponential Moving Averages (EMAs) from the previous periods (cal-
culated using the same formulas recursively). The multipliers 2/13 and 2/27 are used to
give more weight to the current period’s price in the calculation of the EMAs. The result is
a MACD. The Moving Average (MA) is a useful tool for indicating market trends and pre-
dicting future price movements. By analyzing the EMA of the 12 and 26 periods, we can
gain insight into the strength of the trend. Figure 3.2 provides a visual representation of the

EMA lines.

3.3.2 Fear and Greed Index

The FGI is a key feature for predicting cryptocurrency prices. The FGI is a score that is up-

dated on a daily basis, calculated by taking multiple factors into consideration. We obtain
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our data from [38].

The FGI score is determined by the following factors:

* Volatility (25%): Calculated by comparing current and maximum volatility to the

average volatility of the past 30 to 90 days.

* Market Momentum (25%): Measured by current volume and momentum in compari-

son with the average momentum of the past 30 to 90 days.

» Social Media Sentiment (15%): Calculated by analyzing Twitter and Reddit posts

(Reddit data is still experimental) to determine overall sentiment.

* Surveys (15%): Polls are taken to gauge how people view the market (This measure

is not always included).
* Dominance (10%): Market capital share of the entire cryptocurrency market.

* Trend (10%): Trends data is collected from Google related to cryptocurrency

searches.

3.3.3 Dataset Generation

After gathering historical, technical, and FGI data, all the information is merged based on
the corresponding date. The resulting data include open, close, low, high, volume, MACD,
and FGI features. To predict prices over the next 30 days, we need to input data for the pre-
vious 30 consecutive days. Algorithm 1 describes how we generated 30 days of sequential
data.

The algorithm 1 takes as input the Open, High, Low, Close, and Volume data belonging to
either DASH or BCH cryptocurrency, as well as window size (W) and the Fear & Greed
Index which is calculated by combining various factors. The MACD technical indicator is
calculated using the equation 3.3. After calculating MACD, all of the data is merged into
a single dataset based on corresponding dates. Finally, the main dataset is calculated us-
ing a window size (W) of 30 in our case. The algorithm generates new features from 0O to
W, each time shifting the data back by the current index. This way, we obtain new features
from Open, High, Low, Close, Volume, FGI, and MAC from 0 to the next 30 days in a sin-

gle row, with neXt¢jose serving as the class feature for the Wty day.
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Algorithm 1 Generate Dataset

Historic Data: H € [ {o, h,,c, v, m, f,d}]
FGI Data: Fe [{v, d}]
Input Window: W = 30

Output: O € [{00, ..., fo}, ..., {030, ..., f30}]
1: procedure GENERATEDATA(H, F, W)

2: T « Calculate(MACD, H)

3: Ie[{o,h lc,v,m,f}]

4: I — Combine(H, T, F)on—date

5: O — Empty(Dataset)

6: for ind € [0, W] do

7: O « new_col(0Ojng, shift(Iy, —ind))
8: O « new_col(hjnq, shift(lp, —ind))
9: O « new_col(ling, shift(I;, —ind))
10: O « new_col(Cing, shift(I-, —ind))
11: O « new_col(Ving, shift(ly,, —ind))
12: O « new_col(Mjng, shift(Im, —ind))
13: O « new_col(fing, shift(If, —ind))
14 O « new_col(NCing, shift(lc, —ind — W))

return O

For the simple model, there were a total of 1786 x 150 and 1695 x 150 input data
points for BCH and DASH respectively. For the Technical & FGI models, there were
1786 x 180 and 1695 x 180 data points for DASH and BCH respectively.

3.4 Descriptive Statistical Analyses

We have performed descriptive statistical analyses on the historical prices and Fear &
Greed Index to get some meaningful insight from the data and to refine our research ques-
tions and follow a better direction. Exploratory data analyses have been done before the
development of the actual prediction model to have a good understanding of the data be-
fore.

Figure 3.7 shows the correlation between BCH Closes prices and the Fear & Greed index.
The line plot shows a comprehensive overview of the BCH Close prices movement while
showing the Fear & Greed Index trends simultaneously. The line for BCH Close price dis-
plays its fluctuations over time, illustrating significant peaks and valleys that reflect market
dynamics. The FNG line reveals the sentiment trends over time surrounding the price of
BCH, helping to have an overall idea of the market sentiment and investor behavior. It is
found that the price of the BCH price increased when the sentiment score increased.

Figure 3.8 show the correlation between the DASH price and the Fear & Greed index. It is
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BCH Price and Fear & Greed Index Trends
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Figure 3.3: Correlation of BCH Price and Fear & Greed Index
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Figure 3.4: Correlation of Dash Price and Fear & Greed Index

seen that the price and sentiment have positive relationships.

Figure 3.5 is a scatter plot with a trend line to examine the relationship between BCH price
and FNGI sentiment. The X-Axis of the plot shows the sentiment score of the FNGI which
is ranging from O to 100 and while the Y-axis displays the BCH price. The scatter plot al-

lows us to observe the distribution of the data and to find the potential pattern of the data.
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Correlation between BCH-USD and Fear & Greed Index
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Figure 3.5: Scatter Correlation of BCH Price and Fear & Greed Index

The trend line helps to visually capture the direction and strength of the relationship be-
tween the FNGI and BCH price. This upward trend suggests that as the FNGI sentiment
increases, there is a corresponding increase in the BCH price.

Figure 3.6 is a scatter plot with a trendline to examine the relationship between DASH
Price and FNGI Sentiment. Same as BCH, the upward trend lines show that the FNGI Sen-
timent and DASH price has a positive relationship.

Figure 3.7 shows the correlation analyses of various factors including BCH Price, trading
volume, Sentiment (FNGI), and MACD (Moving Average Convergence Divergence). The
correlation coefficients were computed to quantify the strength and direction of these re-
lationships. The correlation between Volume and MACD is 0.38 which indicates that they
have a strong relationship. The sentiment and MACD correlation value is 0.54 which indi-
cates a very strong relationship, it suggests that changes in sentiments tend to align with the
changes in market trends as indicated by the MACD.

Figure 3.8 shows the correlation analyses of Dash price, volume, FNGI, and MACD. The
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Figure 3.6: Scatter Correlation of Dash Price and Fear & Greed Index

BCH-USD Correlation Matrix
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MACD
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Figure 3.7: Correlation of BCH Prices, Sentiments, Volume, and Technical Indicators

sentiment and MACD show a strong relationship, the same as the BCH correlation it shows

that changes in FNGI sentiments tend to align with the changes in market trends as indi-
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Figure 3.8: Correlation of Dash Prices, Sentiments, Volume, and Technical Indicators

cated by MACD.

3.5 Data Normalization

Feature selection plays a crucial and vital role in DL problems. After feature selection, the
following step would be to perform data normalization, as the data values may be high in
range as compared to other features which may cause inappropriate results. The prices of
DASH and BCH are relatively high compared to their FGI and MACD values. Such a sig-
nificant difference in values may lead to unexpected outcomes. To tackle this problem we

have different scalers which are described below.

3.5.1 Min Max Scaler

The min scaler is the most commonly used scaler in machine and deep learning problems.
The min-max scaler transforms the data into a specific range like O to 1.
X — Xmin

Xpew = ——— [ 1-— O] where Xnew € [0, 1] (36)

Xmax — Xmin

3.5.2 Standard Scaler

The standard scaler is also a popular and most commonly used scaler in machine and deep
learning problems. The Standard Scaler makes a dataset by transforming each feature in

the dataset, such that it has an average of 0 and a standard deviation of 1.
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zZ= where Zz € (—00, +00) (3.7)

o
The Equation 3.7 is the calculation of the Standard Scaler. In this equation, Z denotes the

standardized value, X represents the original value, U indicates the feature’s mean, while O
represents the standard deviation of the feature.

To ensure that all features are within the same range, we utilized a min-max scaler with a
range of 0 to 1 to scale the values of all features. Equation 3.6 illustrates how we can nor-
malize the values.

After the data normalization, the data will be split into test and train data. Train data is
where the model will be trained, the model can have amazing results if we have a good
amount of data. Usually, there will be a split of 70/30 for train and testing. But in our case,
we used an 80/20 Split, furthermore, the train data will have a split of 80/20 for the valida-

tion purpose which will be carried out during the model training.
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Summary:

In this chapter, we have completed the collection of pre-historic cryptocurrency data. Af-
ter obtaining the historical data, we derived the technical indicators from it. Following the
computation of the technical indicators, we collected the Fear Greed Index data. Subse-
quently, the historical, technical, and Fear Greed Index data were combined together to
make a final dataset. To have better understanding of the data, we selected specific features
and conducted in-depth analyses. Additionally, we generated various graphs and visual-
izations to understand the relation between features. Afterward, the data was normalized
to ensure that all features are within the same range, enabling our model to learn from the

data more effectively.
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Chapter 4

Price Prediction using Social Media Indicator

This chapter is dedicated to creating a forecasting model for cryptocurrencies using pre-
historic, technical, and social media indicators using state-of-the-art DL approaches. We
have trained the model for GRU using the normalized data using TensorFlow [31]. After
training, the model is evaluated using test data for MSE, RMSE, and MAE Matrics. Af-
ter evaluation, the model is also compared with the existing state-of-the-art deep learning

approaches and it was found that our model outperforms.

4.1 Problem Statement

Cryptocurrency has become an emerging way of trading and making transactions for dig-
ital goods. Despite this, the price fluctuations of cryptocurrencies create difficulties for a
trader to have an idea of price changes in the future. ML and DL techniques have been
used by researchers to build different models for predicting cryptocurrency prices using
historic data, new’s sentiments, technical indicators, and Twitter sentiments, but they didn’t
consider using Social Media Indicators, Technical Indicators, and historic prices in a sin-
gle model for price prediction, this lack of feature integration hampers the effectiveness of

cryptocurrency price prediction.

4.2 Proposed Solution

Cryptocurrency prices are highly volatile, and one of the main reasons for huge price
changes is what people talk on social media about particular cryptocurrencies. To better
predict the price of cryptocurrency we are going to include social media indicators such as
the Fear & Greed index, Technical indicators Moving Average Convergence Divergence

Line, and Historic Price.

4.2.1 Selecting the Optimal Deep Learning Algorithm

This section includes the detail of the DL algorithm selection for our prediction problem.
Researchers have used different methods to forecast the future close prices of cryptocurren-

cies. Our data is time series data, and there are a lot of DL algorithms that can handle this
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problem. We selected Gated Recurrent Unit (GRU) which is prominent for our use case.

4.2.2 Experimental Setup: GRU Model Training and Evaluation

In this section, we will discuss the model building, training, and evaluation process in de-
tail. Our chosen model for price prediction has been trained using the GRU algorithm, and
we have selected this approach after studying other state-of-the-art DL approaches. Re-
searchers and data scientists have also used RNN, LSTM, and other ML algorithms to pre-
dict the prices of cryptocurrency.

In our specific implementation of the GRU model we have used TensorFlow [31] by
Google. As for the programming language Python 3.11 is used, along with Jupyter Note-
book. Jupyter Notebook is very handy, it allowed us to use Interactive Python. The model
was trained on a Mac M1 system with 100 epochs with a batch size of 32 and using the
Adam optimizer.

The deep learning model tuned and optimized on these parameters is shown in Table 4.1.

Parameter Value
batch_size 32
Optimization Algorithm | adam
learning_rate 0.001
validation _split 0.2
epochs 100

Table 4.1: Parameters for GRU Model

4.2.3 Neural Network Architecture

The architecture of the proposed neural network model for predicting cryptocurrency prices
is shown in Figure 4.1. The model begins with an input layer, followed by a Bidirectional
GRU (BiGRU) layer with 128 units. In order to solve the issue of overfitting, a dropout
layer is used with a dropout rate of 0.2. The dropout layer randomly selects inputs and

sets them to zero based on the probability outlined in equation 4.1.

probgrop = 1/(1 —rate) 4.1)

After the dropout layer, the model continues with a bidirectional GRU layer comprising
128 units, which are followed by an additional dropout layer with a dropout rate of 0.2.

The subsequent dense layer has 32 units and uses the ReLLU activation function. Finally,
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Figure 4.1: Model

the model adds a dense layer with S units, where S corresponds to the window size of the
cryptocurrency price prediction, using the linear activation function shown in Equation 2.7.

Figure 4.2 illustrate the steps of how the research was conducted.

4.3 Performance Evaluation

In this section, the performance of the trained model is evaluated in detail and can be visu-

alized graphically as well.

4.3.1 Evaluation Metric

The performance of our model was measured using metrics such as MSE, RMSE, and

MAE. They are the simplest and most commonly used metrics.

4.3.2 BCH Results and Analysis

There are three different models developed for predicting the price of BCH. The first
model, known as the ”simple” model, includes features such as openg, higho, lowg,
closeg, and volumeyg, up to opens0, high30, lows0, closes0, and volumes0
within the window size. The second model, called ”with_macd”, is an enhanced version

of the simple model that includes all of the basic features and adds the MACD indicator,
denoted as all_simpleg to all_simplezg, and macdg to macdszg within the window
size. The third model, "with_fngi”, uses all of the basic features from the simple model but
adds the Fear & Greed Index (FGI) feature, denoted as all_simpleg to all_simplesg,
and fgip to fgizo within the window size.

To evaluate the performance of the BCH model we have used different error measures,
which provide valuable insights into its accuracy. Figure 4.3 presents a comparison of three
measures MSE, RMSE, and MAE used for the calculation of losses.

The simple model for predicting the future prices of BCH Coin only used historical prices
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and volume as input, resulting in lost values of 0.0017, 0.0417, and 0.0340 for MSE,
RMSE, and MAE, respectively. To improve performance, technical indicators MACD was
included, which leads to lower lost values of 0.0013, 0.0369, and 0.0304 for MSE, RMSE,
and MAE, respectively. However, after the addition of the Fear & Greed index to the initial
model, its performance exceeded that of the other models, resulting in the lowest lost val-
ues of 0.0006, 0.0258, and 0.0201 for MSE, RMSE, and MAE, respectively, as shown in
Figure 4.3 also described in Table 4.2. The models successfully predicted the future prices
of BCH Coin for the next 30 days, as shown in Figure 4.4 which compares the prediction

results from all models with the actual values.

Error

Model  vrep RMSE MAE
simple 0.00174510 | 0.04177444 | 0.03401276
with_macd | 0.00136720 | 0.03697569 | 0.03049348
with_fngi | 0.00066689 | 0.02582422 | 0.02017940

Table 4.2: BCH Prediction Error

4.3.3 Model 2: DASH Price Prediction

The Dash price prediction follows the same methodology as the BCH price prediction.
There are three different models used for Dash price prediction. The first model is sim-
ple and considers only the variables openg, highg, lowg, closeg, and volumeo, up
to opensp, highsp, lowsg, closesp, and volumesg within a given window size.
The second model incorporates technical indicators, specifically the MACD, along with
the variables from the simple model, such as all_simpleg to all_simplezo and macdy
to macdszp. The final model, with_fngi, includes all the features from the simple model
as well as the Fear and Greed Index value, resulting, in the end, features all_simpleg to
all_simplesg and fgip to fgizp within the window size.

The performance of the three models was evaluated using the MSE, RMSE, and MAE as
specified in Equations 2.8, 2.9, and 2.10, respectively.

Similar to the BCH Price Prediction model, the Dash model incorporating the Fear and
Greed Index outperformed the other models. The simple model, which uses only histori-
cal prices and volume as inputs, resulted in lost values of 0.0040, 0.0638, and 0.0511 for

MSE, RMSE, and MAE, respectively. The second model improved on this performance by

46



DASH-USD RMSE far 20 Days Interval

DASH-USD MSE for 30 Days Interval

i 0 DEIB04
145040 4 aond
hEGTE
A
= LEEELE IIE
[=]
E T J
E Doags - 5 o
2 o 0.001069 ‘g s
A 2
g ELS 3
E noz+
Il 4
a0 +
S
b = 200 = =
e with_tracd itk fiigs with_macad with_fri)
Data Used Data Used
DASH-USD MSE for 30 Days Interval
0.004071
1§ t040 4
hEGTE
= LEEELE
g
Doags -
ki
2 o 0.001988
W
5
= oals
Il 4
S
1 peme =
wathy_ e
Data Used
Figure 4.5: Comparative Analysis of Dash Coin Prediction Error
F jong for DASH-USD with 30 Days interval
Wil
13
120
w
o
& 110
=
o«
— simple
— pith_matd
— wlth_Prigi
20229305 20220308 020313 W22 0347 20223331 2023 1325 e 0220401
Date '

Figure 4.6: DASH Prediction

47



Model

Error

MSE RMSE MAE
simple 0.00407090 | 0.06380359 | 0.05115422
with_macd | 0.00292007 | 0.05403766 | 0.04338968
with_fngi | 0.00196933 | 0.04437718 | 0.03806518

incorporating technical indicators and resulted in lower lost values of 0.0029, 0.0540, and
0.04338 for MSE, RMSE, and MAE, respectively. The last model, which incorporated the
Fear and Greed Index with the simple model’s features, resulted in the lowest lost values of
0.0019, 0.0443, and 0.0380 for MSE, RMSE, and MAE, respectively. A comparison of the
lost values is shown in Figure 4.5 and summarized in Table 4.3. All of these models suc-
cessfully predicted the future prices for the next 30 days of Dash coin from the previous 30

days data. Figure 4.6 shows a comparison of the actual values and predictions from these

three models.

Table 4.3: Dash Prediction Error
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Summary:

In this chapter, we have completed the training and testing of the model. After studying
many types of research, and trying out different algorithms we proposed this approach
which ends up providing the best results. We have completed our experiments, and perfor-
mance evaluation after the training of the model. The performance was evaluated based on
MSE, RMSE, and MAE matrics. After evaluation of the performance we also tried to pre-
dict the future close prices of BCH and Dash coins and include the visualization for that.
BCH ends up with 0.0017, 0.0013, and 0.00066 MSE for simple, with_macd and with_fngi
respectively. Dash ends up with 0.004070, 0.0029. 0.0019 MSE for simple, with_macd
and with_fngi respectively. Our approach which is with_fngi outperformed the simple and

with_macd.
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Chapter 5

CONCLUSION AND FUTURE DIRECTIONS

This consists of the research conclusion along with suggestions for future directions to en-

hance the performance of the existing model.

5.1 Conclusion

In this research paper, we studied the existing approaches for predicting crypto prices.
Cryptocurrency prices are highly volatile and depend on multiple factors, including social
media activity. We built a deep neural model that can predict the prices of BCH and DASH
coins by incorporating both technical and social media indicators for future price predic-
tion. To evaluate the model’s performance, we predicted the prices of BCH and DASH
coins and compared the results using a loss function with existing models. Our results

showed that our approach outperformed existing methods for predicting crypto prices.
5.2 Future Directions

Include News Impact

In this research paper, we have focused on social media sentiments, which are primarily
based on what people say on social media platforms. However, incorporating news senti-

ment may provide additional insights and positively impact price prediction accuracy.

Consider Economic Factors

The countries with the highest number of cryptocurrency traders are likely to be impacted
by their economic conditions. Factors such as inflation, interest rates, and government poli-

cies regarding cryptocurrencies can have a significant impact on cryptocurrency prices.

Consider Other Cryptocurrencies

We have only considered applying this technique to DASH and BCH, there are a lot of
other currencies in the market that have more consumer base. Considering other currencies

will help investors in making decisions.
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Considering other Markets

This technique we have used in predicting future close prices of cryptocurrencies can be

used to predict other stock markets such as PSX and NYSX.
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