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Abstract

Today, cryptocurrency investors need accurate predictions to make
optimal investment decisions that maximize profits or minimize losses.
Moreover, accurate predictions can help policymakers and regulators
understand the behaviour of cryptocurrency markets. Cryptocurrency
prices, however, are difficult to predict due to their fragility and
complexity. Recently, Deep Learning (DL) has been used and presented in
academic literature as a potential successor to traditional statistical and
machine learning methods for time series problems. DL techniques can
efficiently handle time series problems such as nonlinear relationships,
multivariate inputs due to their powerful ability to learn from raw data. In
this empirical study, the top two current cryptocurrencies, Bitcoin and
Ether, are used to compare the performance of 6 DL techniques. These are
Fully Connected Neural Network (FCNN), Long-Short Term Memory
(LSTM), Bi-directional Long-Short Term Memory (BLSTM),
Convolutional Neural Network (CNN), and two other different hybrid
architectures constructed using these techniques. The results show that DL
techniques effectively predict the prices of cryptocurrencies, with an
overall Average Mean Absolute Percentage Error (MAPE) of 9.76, Root
Mean Squared Error (RMSE) of 5007.75, and prediction accuracy of
90.24% for Bitcoin. For Ether, the overall averages were a MAPE of 16.41,
RMSE of 765.87, and prediction accuracy of 84.13%. The combination of
CNN, LSTM followed by FCNN in a hybrid architecture led to the best
prediction results for Bitcoin. This combined model outperformed both the
basic model and all other models. It achieved a 2.83% lower MAPE, and a
3.03% lower RMSE. On the other hand, CNN's performance on Ether was
marginally better than the base model, with a 0.47% lower MAPE and a
0.54% lower RMSE.
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Chapter One:

Introduction

Cryptocurrencies have been publicly advocated as a new digital
currency exchange mechanism with significant impacts on the global
economy. Nowadays, predicting the price of cryptocurrencies is one of the
most difficult problems, as there are many unstable factors to consider.
These factors contribute to the serious volatility of cryptocurrency prices,
which leads to complicated time dependencies (loannis E Livieris et al.,
2021). Time series forecasting is used in various fields such as economics,
weather, transport, environment, sales and production, finance, sports, and
healthcare, where future forecasts are beneficial. Forecasts help predict
future values based on current and past data. This requires processing a
large amount of data to analyse the trend and identify the behaviour of

historical data to predict the future (Brownlee, 2017).

In recent years, deep neural networks have been successfully used
to predict cryptocurrency prices. They have proven to be a promising
solution. Without preprocessing features, deep neural networks
can infer temporal dependencies in time series data, however, there have
been few empirical studies on cryptocurrencies' time series forecasting
problems (Qiu etal., 2017). In order to select the most accurate deep neural
network architecture with optimal hyperparameter configuration, empirical
comparative studies are required, however, they are extremely complex
tasks requiring many years of expertise. Using the current top two
cryptocurrencies, Bitcoin and Ether, this thesis seeks to compare various
deep learning techniques, identify more effective models for each
cryptocurrency, and compare their performance over different forecasting

horizons.



This chapter serves as an introduction to the study. Specifically, it
gives the background needed to understand the research context; it clearly
states the research problem and intended objectives; it highlights the

significance of the study and points to study limitations.

1.1 Cryptocurrency Background Information

Cryptocurrency is a currency issued peer-to-peer without a central
bank and can be used via a decentralized computer network. It is based on
the principle of cryptography and involves the user in the process of issuing
and settling transactions. In the first years of their existence,
cryptocurrencies gradually gained the attention of the media and the public.
With the rapid rise of Bitcoin since April 2013, interest in the currency has
grown rapidly. From 2014 onwards, the second generation of
cryptosystems emerged, such as Monero, Ether, and Nxt, with new features
such as smart contracts, the use of blockchain, or backing with physical
assets such as gold (Mougayar & Buterin, 2016). Crypto coins
are regarded asone of the most popular and promising types
of investments. Nevertheless, they carry the risks of significant volatility

and high price fluctuations over time (loannis E Livieris et al., 2021).

1.2 Deep Learning

DL is a special subfield of machine learning. It is a multi-stage method
for learning data representations using successive layers of neural
networks. The number of layers used to construct a model is called the
depth of the model. Through a series of simple data transformations
(layers), deep learning maps inputs to outputs. The data transformation is
learned by example. This transformation performed by a layer is
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parameterized by its weights. When learning is referred to in this context,
it refers to finding an optimum set of weights for each layer in a network
so that the network maps the example inputs correctly to the corresponding
targets. To find the best mapping function, a loss function is used to
calculate the loss value, which measures how well the network's
predictions match the targets. The result of the loss function is used to
define the feedback signal used for learning. The optimizer implementing
the backpropagation algorithm uses this loss value to update the weights of
the network (Goodfellow et al., 2016).

Modern DL often involves tens or hundreds of successive
representation layers, learning automatically from training data. In
contrast, other machine learning approaches focus on learning only one or
two representation layers of the data, so they are sometimes referred to as
surface learning (Chollet, 2017). State-of-the-art DL techniques have
significantly improved performance in predicting complex time series data
such as cryptocurrencies (Sezer et al., 2020). Traditional approaches are
unsuitable for processing enormous amounts of data, producing inefficient

prediction models (Vijayalakshmi et al., 2021).

In recent years, DL techniques have become a popular approach to
forecasting time series. Unlike traditional statistical models that can only
model linear relationships in the data, deep neural networks have shown
the potential to model complex nonlinear interactions between features.
The increase in computational capacity has enabled the development of
deeper models, which has dramatically improved their learning ability
compared to shallow learning networks. In addition to their ability to learn
directly from the data without preprocessing, they offer noticeable

advantages when dealing with limited data time series (Torres et al. 2021).
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With

the increasing availability of data, more sophisticated DL

architectures have been proposed and have produced remarkable results.

The following paragraphs provide a brief description of the main DL

techniques that are used in this study:

1)

2)

3)

FCNN and a multilayer perceptron (MLP) are the same thing. These
techniques consist of multiple layers of fully connected Feedforward
Avrtificial Neural Networks (ANNSs) that use Gradient Descend and
Backpropagation algorithms to train the network and generate

outputs from inputs (Gulli, 2017).

Recurrent Neural Networks (RNN) for learning relationships over
long periods of time are LSTM networks. An LSTM contains a cell
state  variable that is passed between cellsand  processed by
operation gates (forget, input, and output
gates). The operation gates determine how much of the cell state is
passed to the output gate. They have independent weights and biases.
Thus, the network learns how much of the past output and current
input to keep and how much of its internal state to send to the output
(Goodfellow et al., 2016; Xingjian et al., 2015).

BLSTM is an architecture that allows each neural network to input
the sequence information in forward and backward directions to
obtain the future and past information. BLSTM is different from
LSTM because, in regular LSTM, the input flows only in one
direction, either backward or forward. (Singh et al., 2021).
Bidirectional LSTM merge two independent LSTMs. The time
series dataset is simultaneously fed into one layer in a standard

temporal order and another in a reverse temporal order. The outputs
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of these networks are concatenated at each time step. The networks
in this architecture have both forward and reverse sequence

information at each step.

4) CNN is often used to model visual data such as image and video
data. Today, CNN is designed to have several convolutional layers
followed by a pooling layer for nonlinear downsampling. The use of
the pooling layer reduces the number of parameters that need to
be learned in the next layer and allows a deep
architecture to be built by stacking multiple convolutional layers.
By stacking multiple convolutional layers, each layer

learns more features than the previous layer (Vargas et al., 2017).

1.3 Research Problem

Today, cryptocurrency investors need accurate predictions to make
optimal investment decisions that maximize profits or minimize losses.
Moreover, accurate predictions can help policymakers and regulators
understand the behaviour of cryptocurrency markets. Cryptocurrency
prices, however, are difficult to predict due to their fragility and
complexity. There are a number of existing studies devoted to specific
types of DL or specific types of datasets. E. Pintelas et al. (2020) concluded
that detailed empirical studies are crucial to incorporating new prediction
algorithms, architectures, and techniques. However, it would be difficult to
identify which technique would be the most effective and select the best-
optimized model for specific cryptocurrencies without additional empirical
experiments that allow for comprehensive practical analysis and
comparison of cryptocurrency prediction using deep learning (Khedr et al.,
2021).



In this study, the researcher aims to fill this gap by conducting a
comprehensive experiment to evaluate and compare the suitability and
performance of six DL techniques to predict the prices of the two most
used cryptocurrencies: Bitcoin and Ether. More specifically, the current
study considered the following DI techniques:

a) FCNN

b) LSTM

c) BLSTM

d) CNN

e) A combination of CNN, LSTM followed by FCNN

f) A combination of CNN, BLSTM followed by FCNN.

The two currently most indispensable cryptocurrencies, Bitcoin and
Ether, were used to evaluate these models. To compare how well the six
DL techniques performed, an optimized FCNN model was developed to

provide a general and reliable benchmark.



1.4

1.5

Research Questions

The current study was conducted to answer the following questions:

1) How effectively and efficiently DL techniques can predict the

prices of Bitcoin and Ether?
2) What are the effective combinations of different DL techniques
in predicting cryptocurrency prices and how do they compare to

simple standalone DL techniques?

3) How can FCNN model be used as a strong benchmark for

measuring the performance of other DL techniques?

4) Which DL model provides the optimal predictive performance

and for which cryptocurrency, Bitcoin and Ether?

5) How much do the research results differ from the relevant studies?

Research Objectives
This study contributes to the body of knowledge on DL for

predicting cryptocurrencies by conducting an experiment to determine the

most appropriate deep learning technique, architectures, and models for

predicting the price of Bitcoin and Ether and comparing the results with

similar recent work on the subject. The main objectives of this work are:

1) Evaluate the effectiveness of DL techniques and

approaches for predicting cryptocurrency prices.



2) Compare the accuracy of DL techniques for predicting
cryptocurrency prices and identify the DL architecture

that performs best for each cryptocurrency.

3) As few comparative studies of DL techniques have been
conducted for cryptocurrencies, the purpose of this
research is to enrich the research community's knowledge

about cryptocurrencies' prediction.

1.6 Scope and Limitations

This study is subject to several limitations. Nevertheless, the results of

this study must be interpreted with caution. Some limitations should be

considered, such as:

1)

2)

3)

The study was limited to a univariate forecasting of the
cryptocurrency closing price, whereas a multivariate forecasting
would have been more comprehensive, but also more complex. The
time series analysis phase was excluded. Furthermore, the simple
one-step forecasting method was used rather than the multi-step

method, which has been shown to be more dependable.

The data was limited to the two leading cryptocurrencies, Bitcoin
and Ether, for the same period from 01-06-2016 to 31-10-2021 for
better comparability, but this represents a potential loss of
information for the Bitcoin dataset because Bitcoin trading started
in 2012,

Methodology: This study was limited in the number of DL
techniques and types. State-of-the-art techniques such as TCNs,
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GAN:Ss, or Transformer Models should have been included instead of

limiting the study to a few DL categories.

4) Generalisation: The main limitation in generalizing these results is
the limitation to only two cryptocurrencies and the use of a simple

prediction strategy.

5) Finding similar studies for comparison is quite difficult. This is
because the different studies use different DL techniques, different
periods of the cryptocurrency dataset with different time series

characteristics, and different forecasting horizons.

1.7 Thesis Organization

Throughout this thesis there is a comprehensive review of existing
literature on DL for time series forecasting in Chapter 2, the used
methodology to conduct the various experiments. Chapter 3 presents the
results obtained and Chapter 4, provide a detailed discussion of the results
obtained. Finally, the conclusion and future recommendations are provided
in Chapter 5.



Chapter Two:

Literature Review

This chapter serves as a background for the review and analysis of
related works carried out in this research area. The adopted strategy
adopted in reviewing the related work is structured in a thematic approach.
The first theme is to understand the current state of knowledge on
cryptocurrency fundamentals. A general understanding of blockchain
technology is imperative for understanding the cryptocurrency revolution.
Bitcoin and Ether cryptocurrencies are currently ranked at the top of the
2000 plus cryptocurrencies existing today (Kulkarni, 2018; Politis et al.,
2021), This review focuses on investigating these two cryptocurrencies,
trying to understand the data structure that makes up these currencies and
their stock prices dynamics using Yahoo Finance web site (Yahoo Finance,
2021). The second theme is understanding the state-of-the-art tools and
techniques in using DL to forecast cryptocurrency prices. The third theme
of this chapter focuses on understanding the current state of knowledge on
time series forecasting using DL. Time series analysis was excluded
because it is a different research problem. The fourth theme is to
understand the latest research status in using different forecasting methods
such as single-step versus multi-step forecasting and their derivatives (Ben
Taieb, 2010).

10



2.1 Blockchain Technology and Cryptocurrency

Prediction Trends

Many technological experts believe that blockchain technology is
the next best thing in their world after the Internet. Like the Internet, it is
unnecessary to know how it works to use it. However, it is always better to
understand the basics of its revolutionary nature. The blockchain is a series
of public information and data, accessible to Internet users, and does not
have a central storage location. It is distributed database that is safe from
hackers and yet has the power to make a legal monetary transaction without
fear of fraud and theft.

Initially, blockchain technology was explicitly devised for digital
monetary transactions. In the financial world, bitcoin is the first currency
based on blockchain technology. However, this technology has found
many applications across other platforms, including social media, digital
banking, etc. (Tapscott & Tapscott, 2018). In recent years, cryptocurrency
has become one of the most popular and promising investment options.
Despite this, their significant price volatility, and fluctuations over a short
period of time created a need to develop accurate and dependable
forecasting models. These models are considered needed for portfolio
management and optimization (Lahmiri & Bekiros, 2019). Due to their
recent price surges and drop, Bitcoin and Ether have been under the
spotlight by the media and financial investors (Sebastido & Godinho,
2021). Many researchers have investigated several factors and patterns
behind the cryptocurrencies' price fluctuations using a variety of machine

learning and deep learning methods (Danial, 2019).
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2.1.1 Bitcoin Prediction

The following section briefly reviews related work on Bitcoin price
prediction using DL techniques. McNally et al. (2018) investigated two
classification models. They used the Bitcoin price dataset to evaluate two
DL architectures. They used simple RNN for the first model and LSTM for
the second one and compared the results with ARIMA, the traditional and
widely used time series forecasting model. Based on the previous Bitcoin
prices, their classification models aimed to predict if the next Bitcoin price
will rise or decline. They concluded that RNNs and LSTMs performed
better than ARIMASs. Ji et al. (2019) used the LSTM model with a rolling
window in a follow-up study. The results indicated that the LSTM model
outperformed the other machine learning forecasting techniques. Hua
(2020) compared the ARIMA Time Series Model and the LSTM to
forecast the Bitcoin price and concluded that the LSTM could make more
efficient predictions. Similarly, Shintate and Pichl (2019) proposed a DL-
based random sampling model based on combing LSTM and BLSTM in a
unique encoding architecture. It was shown that this random sampling had
outperformed LSTM-based models. However, none of the works cited
above considered CNN-based prediction models or various combinations
of DL models.

12



2.1.2 Ether Prediction

With the goal to create a universal blockchain-based application
platform, Ether was launched in 2015. One of its major applications was
enabling smart contracts. A smart contract is a piece of code permanently
stored on the blockchain that answers users' requests, and it introduces a
brand new language in which all computations can be expressed in smart
contracts (Tikhomirov, 2017). The distributed nature of blockchain

technology makes the Ether platform secure (Antonopoulos & D, 2018).

Kumar and Rath (2020), Politis, A., Doka, K., & Koziris, N. (2021)
and Zoumpekas, T., Houstis, E., & Vavalis, M. (2020) concluded that DL
models were suitable techniques to capture cryptocurrency price trends in
large datasets. LSTM and MLP models were applied to daily, hourly, and
minute-by-minute data. The results showed that neural networks could
make a better prediction if there is a minor deviation between two
subsequent values in prices, and the LSTM model is more robust and
precise for long-term dependency. In conclusion of their studies, LSTM
did not vary significantly in performance compared to MLP. Furthermore,
in their study, they recommended the use of hybrid DL architectures for

predicting Ether prices.

2.2 Time Series Forecasting

Observations recorded over time are called time series. The primary
temporal structure of time series data makes solving time series problems
more challenging since it requires specific data preprocessing and feature
engineering techniques (Lazzeri, 2020). Predicting the future using time
series forecasting is a vital research topic in many fields. Researchers have

focused their attention in the last few decades on developing models that
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can capture the underlying patterns of time series so that they can be
extrapolated to the future. Ben Taieb (2010) and Abbasimehr et al. (2021)
pointed out, for long-term forecasting, a multi-step ahead strategy is

preferable to a single-step ahead approach.

A transformation in time series forecasting techniques has taken place
In recent years due to the real-time significant data generation that requires
enhanced fully automated data-driven forecasting applications (Faloutsos
et al., 2019). As a result of the availability of large, diverse, and rich time
series datasets, we have seen a shift in this area (Lim & Zohren, 2021).
This has led to the emergence of cryptocurrency trading as an exciting topic
for time series forecasting problems due to its unique nature and high
volatility, making it different from traditional stock markets (Kulkarni,
2018).

2.3 Deep Learning Techniques

As computing power and data availability have increased, today's
forecasting models rely heavily on deep learning techniques (Lim &
Zohren, 2021). The variety of time series datasets across many domains
has led to the development of numerous DL architectures. Modern deep
learning models have the ability to learn temporal dynamics through data-
driven learning. RNN and LSTM are more preferred in comparison to the
traditional MLP due to the temporal nature of the more advanced
algorithms (Brownlee, 2017). Torres et al. (2021) provided an overview of
deep-learning techniques applied to time series forecasting to provide a
comprehensive framework for different application domains for deep
learning. They described a range of architectures used for time series data

in the past years. Furthermore, they suggested a special emphasis on some
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Important practical aspects that can significantly influence the results they

reported.

Hua (2020) and Torres et al. (2021) found that DL models performance
compared to traditional techniques such as ARIMA, SARIMA, ETS, etc.,
proved effective and outperformed traditional time series analysis and
forecasting methods. However, According to Pintelas et al. (2020), they
demonstrated that deep learning algorithms outperformed all the other
machine learning algorithms in their experiment, but they expected a
significant performance improvement in the DL algorithms. Furthermore,
Makridakis et al. (2018) evaluated and compared the performances of
traditional and modern machine learning and deep learning methods by
using more than 1,000 univariate time series forecasting problems. Their
study demonstrated that simpler and more traditional methods, such as
exponential and linear smoothing, outperformed sophisticated and
complex methods. In contradiction to these studies, Brownlee (2017)
pointed out that DL techniques have been proved to be efficient when
dealing with big data or exceptionally long time series data preprocessing
and preparation. This process has been tedious and cumbersome when
using traditional methods. However, DL techniques provided automation

for features extraction and learning from historical data.

Recently, DL techniques have been a preferred solution for
cryptocurrency analysis and forecasting problems. Again, they showed a
significant improvement over traditional and machine learning methods
(Derbentsev et al., 2020; Hitam & Ismail, 2018; Lahmiri & Bekiros, 2019;
Patel et al., 2020; Thanasis et al., 2020). Despite the success of DL
applications in many fields, the current state of knowledge on using DL for

forecasting cryptocurrencies prices is still limited to comparing them to
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traditional and machine learning methods. More comprehensive and
detailed comparative studies of DL techniques with the most recently
developed techniques are required to enrich the current state of knowledge
on this subject (Derbentsev et al., 2021; Ji et al., 2019; Lara-Benitez et al.,
2021).

In Derbentsev et al. (2021) study, several sophisticated prediction
models were used to model the short-term dynamics of the three most
capitalized cryptocurrencies, Bitcoin, Ether, and Ripple. In addition to the
ANN and a random forest, they also tested a binary autoregressive tree
(BART) model. Their study showed that all models predicted the dynamics
of cryptocurrencies, with the mean absolute percentage error (MAPE) for
BART and MLP models averaging 3.5%, and for Random Forest models
5%. Chowdhury et al. (2020) applied advanced machine learning
prediction models to cryptocurrency indexes and components to forecast
future values. As part of their analysis, their primary objective was to
forecast the closing price of the Crypto-Currency Index-30 (CCi30) and
nine major cryptocurrencies to assist cryptocurrency investors in making
trading decisions. To accomplish their goals, they employed diverse types
of machine learning methods, including gradient, boosted trees, ANNSs, k-
nearest neighbour, and robust ensemble learning. They demonstrated that
their models' performance seems better than some ML models and
competitive to other more enhanced ML models. Their study results
showed that LSTM scored an RMSE of 258.78 compared to 2195.67 for
K-NN, 639.45 for ensemble learning, and 32.27 for gradient boosted trees.

Traditionally, RNNs were the most common method of modelling
sequence data. Transformer models' architecture has started to limit RNNs

use for solving time series problems (Nosratabadi et al., 2020). CNN was
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initially used for computer vision problems. However, recently it has been
successfully applied to time series problems. Consequently, the hybrid
networks of CNN and LSTM have achieved a significant improvement
compared to their non-hybrid counterparts. FCNN has been considered a
strong benchmark for DL models' performance baselining for different
time series classification and forecasting problems. Both TCN's and
Transformers’ models are excellent research directions. However,
transformer models have complex architectures and have not been applied

to time series problems yet (Ang et al., 2020).

Learning representations from raw data is the crucial advantage of DL
models. Most of these architectures used unique architectural designs
exploiting CNN and LSTM layers. Data is filtered through convolutional
layers to isolate key features and remove noise. In contrast, LSTM layers
capture sequence patterns and long-term and short-term dependencies. In
spite of their ability to deal with highly nonlinear time-series problems,
advanced DL models were shown to be less effective and dependable for
forecasting cryptocurrency. More specifically, Pintelas et al. (2020)
presented comprehensive research and highlighted the two main reasons
for the difficulties in cryptocurrency forecasting. First, cryptocurrency
time-series could be classified as a random walk process, and second, the
existence of autocorrelation in the errors. Their research revealed that DL
models were not dependable for predicting cryptocurrency prices and
suggested more advanced algorithmic approaches that would improve their

efficiency and reliability.

To address these limitations of DL models, Livieris et al. (2021)
introduced a new method for making a stationary time series that will be

suitable for fitting a DL model. loannis et al. (2020) used ensemble
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strategies, i.e., averaging, bagging, and stacking, to improve DL models'
forecasting performance and reliability. Furthermore, they evaluated the
performance of a range of ensemble models using CNN and LSTM-based
models. The authors found that DL and ensemble learning could be applied
efficiently to develop reliable and solid cryptocurrency prediction models,
though at a prohibitive cost. Patel et al. (2020) presented a hybrid
prediction model for Litecoin and Monero cryptocurrencies. It was based
on an RNN architecture with combined LSTM and GRU layers. In their
study, they reported that the proposed hybrid model outperforms

conventional LSTM networks.

2.4 Summary of Related Works

This section summarizes the main points extracted from the relevant

studies in cryptocurrency price forecasting.

= DL has been widely used for stock price forecasting and has recently
been applied to cryptocurrency forecasting. When it comes to analysis,
mining, and forecasting time series, DL outperforms traditional and
machine-learning methods.

= Traditional time series forecasting methods require manual features
preparation. It is inefficient because it is costly to acquire the required
expertise in the field. On the other hand, DL unsupervised learning
models can perform time-series analysis and extract the optimal
features to be consumed by the supervised learning model to perform
the forecasting part.

= In the cryptocurrency market there is no seasonality, and its volatility is
high. The ability of DL models to learn representations from raw input
data has made them more efficient and cost-effective than traditional

methods.
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DL models development and deployment tools, such as Python,
TensorFlow, PyTorch, etc.,, have become simpler and faster to
experiment with for different datasets sizes due to the rich arsenal of
tools and libraries made available and easily pluggable in any project.
Based on the success of DL techniques are becoming a dominant
technique for time series analysis and forecasting. Conducting more
experimental studies comparing the performance of successful DL
techniques, such as RNN and CNN, and their assorted flavors for
cryptocurrencies time series prediction over different time horizons has
become a trending field of study that deserves to get more attention
from the research and development communities.

In the literature on time series forecasting, CNN-based models have
been far less widely used since RNNs have been emphasized more.

A multi-step ahead prediction method is a better substitute for a single-
step ahead prediction for long-term horizons. However, there is a
shortage of comprehensive empirical studies on this topic.
Furthermore, there are conflicting views on whether DL techniques can
be far better than traditional and ML techniques for time series
forecasting problems or no significant enhancement has been realized.
While it is agreed that DL technigues have been successful in predicting
cryptocurrency price, there is less consensus over whether DL
techniques' performance should be compared to traditional ML or
themselves.

However, DL techniques are not adequately covered despite the
growing interest in developing DL models for time series forecasting
studies and the importance of applying them to cryptocurrencies
forecasting. Moreover, relatively few large-scale studies have examined

the use of DL models to forecast cryptocurrency time series.
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» This study tests and evaluate various deep learning techniques to
determine which is the most suitable to predict the Bitcoin and Ether

price. Additionally, this study compares this method to similar methods
found in recent studies.
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Chapter Three:
Research Methodology

3.1 Research Data Sources

The current study used the top two cryptocurrencies, Bitcoin and
Ether, time series datasets from 01-06-2017 to 31-10-2021. Yahoo Finance
Yahoo Finance, (2021) was used to download Bitcoin and Ether historical
data starting from 01-06-2017 to 31-10-2021. In this study, the latest
updated data points were downloaded from the same source as those used
to evaluate the constructed model. Libraries such as yFinance and Pandas
were used to download the latest cryptocurrency prices. The datasets
represent univariate time series of closing prices for the selected
cryptocurrencies over the period of interest, which makes them suitable for
the standard linear and nonlinear deep learning algorithms required to run

the relevant experiments.

3.2 Research Design

Figure 3.1 depicts the research methodology design. Once the datasets
were downloaded from Yahoo Finance, all attributes were removed, and
only the close price was retained. The Keras library was used to normalize
the close price values in [0,1] interval using the MinMax Scaler
preprocessing class from the scikit-learn library. A Python function to
generate time-series datasets for both cryptocurrencies was developed.
Two input arguments are used by this function: dataset and lookback
window size. The first input is a Numpy array representing the initial

dataset, while the second input is the number of previous time steps to be
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used for defining the sliding window size. In this study, the value of lag or
the sliding windows is taken from a list of the number of days 7, 14, 21,
28, 35, 42, 49, 56, which can be used as well to represent the number of

weeks.

After the time series datasets were prepared, the dataset was divided
into two parts. An initial set of observations consisting of 80% were used
as a training set to train the model, and a second set consisting of the
remaining 20% served as a test set. Six different DL models were trained,
validated, and tested on these datasets. Table 3.2 describes the six models'
architectures and the corresponding hyperparameters configurations after
being determined using Keras GridSearch Library. Different activation
functions were used according to the model optimal architecture found.
Callbacks function with early-stopping patient parameter set to 10 to
regulate and determine the optimal evaluation results for the best model.

The best model was saved for using it at the forecasting stage.

Since the simplest forecast strategies do not assume much about the
nature of the forecast problem and are easy to implement and calculate, a
model can be dependable and improvable if it produces acceptable
forecasting results based on a simple forecast strategy. The basic principles

of simple forecast strategies are:
1) Naive or using observations values directly.

2) Average, or using a statistic calculated on previous

observations.
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In this research, a simple strategy, recursive single-step output
forecasting, was used. It is a many-to-one model that takes as input a
sequence and produces a scalar rather than the multi-step output (Ben
Taieb, 2010). Chapter 4, section 4.1, explains how the different
experiments were conducted. A total of ten experiments for six models,
two cryptocurrencies, and eight forecasting windows were conducted,
which generated 920 records for the entire experiment. Furthermore, there
are 160 records for each model consisting of 10 repeated experiments, eight

forecast windows, and two cryptocurrencies, Bitcoin and Ether.

In this study, six DL models of different architectures were
compared across different forecasting window sizes. Specifically,
univariate time series datasets were used to forecast the closing prices of
Bitcoin and Ether. The study provides evidence to support other studies
that claim that DL techniques predict crypto price correctly, and tests
whether different DL techniques can be used to predict crypto price more
effectively than basic DL techniques. Performances of DL techniques were

measured and compared using MAPE and RMSE.
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3.2.1 Implemented Models

Figure 3.2 shows the different possible categories of state-of-the-art DL
techniques applied to time series forecasting problems. This classification
was made on the original purpose of these techniques when they were
invented. These techniques provide flexible design architectures depending
on the problem being addressed. They vary in sophistication from quite
simple such as MLP, or vary complex, depending on the type and
complexity level of the tackled problem. However, for this study, only
techniques, which are highlighted with green, were selected from each
category. A structured experiment was designed to assess and compare the

performance of 6 DL techniques. These are:

a) FCNN

b) LSTM

c) BLSTM

d) CNN

e) A combination of CNN, LSTM, followed by FCNN
f) A combination of CNN, BLSTM, followed by FCNN

An optimized FCNN model was designed and used as a baseline to
provide a general and reliable benchmark to compare the other five
techniques' forecasting accuracy. Six different models for each
cryptocurrency dataset have been evaluated, covering a broad range of
architectures and training parameters. Finally, the whole experiment was

repeated ten times, and average measures were calculated.
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MLP is Multi-Layer Perceptron

RNN is Recurrent Neural Network

FCis Fully Connected

DNN is Deep Neural Networks

LSTM is Long-Short-Term-Memory

Bi-LSTM is Bidirectional LSTM

GRU-D is Gated Recurrent Unit — Decay

Attention-Based is a model that pays attention to which input weights the mot to the output. Experimental stage.
FCN 1D CNN is Fully Connected Networks with 1D Convolutional Neural Network

Resnet is Residual Network

MCNN is Multi-Scale Convolutional Neural Network

SENet is Squeezed-and-Excitation Network

TCNis Temporal Convolutional Network

TPA is Temporal Pattern Attention

Transformer is arecent architecture that eliminates the need of recurrent layer for attention mechanism. It is also referred to as self-attention models
SAnD is Self-Attention Dense

LongSparse Transformer is a modified version of Self-Attention model with casual convolutional layer

DSANet is a hybris model that uses CNN, transfermer, and autoregressive for multivariate time series

Models Used in this project

y

DSANet

Figure 3.2 Selected Deep Learning Architectures

FCNN technique from the MLP category has been used as the
baseline model to assess the performance of other models. LSTM and the
BLSTM were selected from the RNN category. From the CNN category,
1-Dimensional CNN was selected. Two more DL techniques were added
by combing different DL techniques into two hybrid models. Table 3.1 lists
the selected DL techniques and their respective architectures that were
designed and used in our research, along with the values of the optimal

hyperparameters found for configuring these models.
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Table 3.1 DL Models Architectures

Model Type Model Architecture Model Description Dropout Learning Activation Optimizer  Loss Metrics Early Stopping
Name % Rate  Function Function

FCNN  Sequential model.add(Dense(50, activation = 'relu’, input_shape = (look_back, n_features))) One input layer of 50 None ~ 0.001 Relufor Adam MSE  MAE, Yes (patient = 10)
model.add(Dense(50)) neurons, 3 hidden layers input layer MAPE,
model.add(Dense(25)) with 50, 50, 25 neurons and for the RMSE
model.add(Flatten()) respectively and one output hidden
model.add(Dense(units=1,activation="linear')) model.compile(loss='mean_squared_error', layer with 1 neurons. layers and
optimizer=Kkeras.optimizers.Adam(learning_rate=LEARNING_RATE), metrics=['mae’, linear for the
'mape’]) output layer

LST™M Sequential model.add(LSTM(50, activation="relu’, return_sequences=True, stateful = False, One input layer of 50 0.2 0.001 Relu for Adam MSE  MAE, Yes (patient = 10)
input_shape=(look_back, n_features))) neurons, 3 hidden layers input layer, MAPE,
model.add(Dropout(DROP_OUT)) with 128, 64 and 32 neurons tanh for the RMSE
model.add(LSTM(128, activation="tanh', return_sequences=True)) respectively and one output LST™M
model.add(Dropout(DROP_OUT)) layer with 1 neurons. hidden
model.add(LSTM(64, activation="tanh’, return_sequences=False)) layers and
model.add(Dropout(DROP_OUT)) linear for the
model.add(Flatten()) output layer
model.add(Dense(units=1,activation="linear"))
model.compile(loss="mean_squared_error’,
optimizer=Kkeras.optimizers.Adam(learning_rate=LEARNING_RATE), metrics=['mae’,

‘mape])

BLSTM  Sequential model.add(Reshape((look_back,1), input_shape=(look_back, n_features))) One input layer of 50 None 0.001 Relu for Adam MSE  MAE, Yes (patient = 10)
model.add(Bidirectional(LSTM(50, activation="tanh’))) neurons, 3 hidden layers input layer, MAPE,
model.add(Dense(1)) with 128, 64 and 32 neurons tanh for the RMSE
model.compile(loss="mean_squared_error’, respectively and one output LST™M
optimizer=Kkeras.optimizers.Adam(learning_rate=LEARNING_RATE), metrics=['mae’,  layer with 1 neurons. hidden
‘mape’]) layers and

linear for the
output layer

CNN Sequential model.add(Conv1D(filters=10, kernel size = 3, padding="same"’, activation="relu’, One input 1D Convolutional ~ None 0.001 Relu for Adam MSE  MAE, Yes (patient = 10)
input_shape=(look_back, n_features))) layer with 10 neurons, 3x3 input layer MAPE,
model.add(MaxPooling1D(1)) kernel, one MaxPooling and linear RMSE
model.add(Flatten()) layer and one flatten layer. for the
model.add(Dense(1)) Three hidden layers output layer
model.add(Activation('linear’)) consisting of 1D CNN layers
model.compile(loss="mean_squared_error', with 30, 20, 10 neurons
optimizer=Kkeras.optimizers.Adam(learning_rate=LEARNING_RATE), metrics=['mae’,  respectively. One output
'mape’]) layer with One neuron.

CNN Sequential model.add(Conv1D(filters=60, kernel size = 3, padding="same', activation="relu’, One input 1D Convolutional ~ None 0.001 Rlue for Adam MSE  MAE, Yes (patient = 10)

LST™M input_shape = (look_back, n_features))) layer with 10 neurons, 3x3 input, tanh MAPE,

FCNN model.add(MaxPooling1lD(1)) kernel, one MaxPooling for hidden RMSE
model.add(LSTM(128, activation="tanh', return_sequences=True)) layer and one flatten layer. layers and
model.add(Dropout(DROP_OUT)) Three hidden layers linear for
model.add(Dense(150, activation = 'relu’)) consisting of LSTM layer output
model.add(Dense(10, activation = 'relu’)) with 128 neurons and
model.add(Flatten()) dropout, LSTM hidden layer
model.add(Dense(1)) with 32 nodes, one FCNN
model.add(Activation('linear’)) hidden layer with 10 neurons
model.compile(loss="mean_squared_error’, and One output layer with
optimizer=Kkeras.optimizers.Adam(learning_rate=LEARNING_RATE), metrics=['mae’, ~ One neuron.

‘mape])

CNN Sequential model.add(Conv1D(filters=10, kernel_size = 3, padding='same’, activation="relu’, One input 1D Convolutional ~ None 0.001 Rlue for Adam MSE  MAE, Yes (patient = 10)

BLSTM input_shape=(look_back, n_features))) layer with 10 neurons, 3x3 input, tanh MAPE,

FCNN model.add(MaxPooling1D(1)) kernel, one MaxPooling for hidden RMSE
model.add(Bidirectional(LSTM(50, activation="relu’))) layer and one flatten layer. layers and
model.add(Dense(50, activation = 'relu’)) Three hidden layers linear for
model.add(Dense(10, activation = 'relu’)) consisting of Bidirectional output

model.add(Flatten())

model.add(Dense(1))

model.add(Activation('linear’))

model.compile(loss="mean_squared_error',
optimizer=Kkeras.optimizers.Adam(learning_rate=LEARNING_RATE), metrics=['mae’,
‘mape])

LSTM layer with 150
neurons and dropout, FCNN
with 150 nodes, one mode
FCNN hidden layer with 10
neurons and One output
layer with One neuron.

The following is a brief description of DL techniques that were used

to construct the evaluated models:

1) Fully Connected Neural Networks (FCNN)

In the current study, this model was optimized to make it a hard

baseline target to benchmark other models against. Data inputs are the

previous day's closing price, with number of values to consider determined

by forecasting window parameters. The output is the close forecast price.
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Various combinations of the number of layers, the number of nodes inside
each layer, and key hyperparameters values were explored to determine the
optimal network architecture. Python Keras library was used to
accomplish this task. As shown in Table 3.1, the FCNN model was made
of three hidden layers and the input and output layers. The hidden layers
consisted of 50, 50, 25 neurons with a “relu” activation function, an Adam
optimizer, and a loss function based on the "mean squared error”. After
trial and error and with the Keras GridSearch function's help to find the
optimal hyperparameters' values, an acceptable performance for a baseline
model was achieved. The optimal hyperparameters are displayed in table

3.1. Figure 3.3 shows a general architecture of an FCNN model.

Input Hidden Output
layer

Figure 3.3 FCNN Model Architectures (source: Google Images)
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2) Long Short-Term Memory Neural Network (LSTM)

Figure 3.4 shows a general architecture of an LSTM technique. As
described in Table 3.1, This model consisted of three hidden LSTM layers
and a densely connected output layer with one neuron. The model was
configured with a "tanh" activation function, 0.2 dropout, 50 epochs Adam
optimizer with 0.001 learning rate, and a loss function based on the "mean
squared error*. This model was manually optimized by trying different

architectures, hyperparameters values, and a different number of epochs.
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Figure 3.4 LSTM Architectures (source: Google Images)

3) Bidirectional LSTM
Figure 3.5 shows a general architecture of the BLSTM technique.
This model consisted of three hidden BLSTM layers with 128, 64, 32
units, respectively, and a densely connected output layer with one
neuron. This model was configured with a "tanh™ activation function,
0.2 dropout, 50 epochs Adam optimizer with 0.001 learning rate, and a

loss function based on the "mean squared error".
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Figure 3.5 BLSTM General Architectures (source: Google Images)

4) Convolutional Neural Network (CNN)

Figure 3.6 shows a general architecture of the CNN model architecture.
In this research 1D CNN was used to offer a fast alternative to LSTM for
trivial tasks such as time series forecasting. In Keras, 1D CNN is
configured via the Conv1D layer, which has an interface like Conv2D. This
model consisted of three hidden 1D CNN layers with 30, 20, 10 filters,
respectively, and a densely connected output layer with one unit.
Furthermore, the "'relu™ activation function, 0.2 dropouts, 50 epochs Adam
optimizer with 0.001 learning rate, and a loss function based on the "mean

squared error" were used to configure this model.
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Figure 3.6 Convolutional 1D model Architectures
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5) Combined Model 1

The general architecture of the first combined model is shown in Figure
3.7. In the model, 1D CNN was used as a preprocessing step for
downsampling and extracting higher-level features, which can then be
passed on to the LSTM. LSTM was added to the model for the time
sequence prediction. LSTM layer is fed inputs after 1D CNN convolution
with the actual data features, and subsequently the pooling process is
performed. As a result, complex calculations were avoided. The objective
of this design was to combine the speed and lightness of CNNs with the
order sensitivity of LSTM. Using 1D CNN as a preprocessing step before
an LSTM is a techniques that is not seen often in research papers and

practical applications, possibly because it is not well known.

This model was constructed by combining one input 1D CNN layer
with ten neurons, a 3x3 kernel, one MaxPooling layer, and one flattened
layer. This layer was followed by three hidden LSTM layers with 128, 64,
and 32 neurons, respectively, with 0.2 dropout rates. Two FCNN hidden
layers with 50, 25 neurons, respectively, with 0.2 dropout rates, were

placed just before the output layer.
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Figure 3.7 Hybrid Model 1 Architectures

6) Combined Model 2

Figure 3.8 shows the general architecture of the second combined
model. In this model, LSTM layers were replaced with BLSTM layers. The
output of the BLSTM layer is fed into a fully connected layer, which is
flattened and fed into an output layer with one neuron. This model was
constructed using one input 1D CNN layer with ten neurons, 3x3 kernel,
one MaxPooling layer, and one flattened layer. Three hidden layers
consisted of a Bidirectional LSTM layer with 150 neurons and dropout,
FCNN with 150 nodes, one mode FCNN hidden layer with ten neurons,

and One output layer with one neuron.
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3.2.2 Evaluation Metrics

To compare the performance of the implemented models, more than one
metric has been used, each with its own advantages and disadvantages
since there is no universal metric that can lead to an overall conclusion
about the performance of the models. The evaluation approach used three
metrics, which are widely used for evaluating forecasting techniques.
These are: MAE, RMSE, and MAPE (Tsihrintzis et al, 2018). The
performance metrics can be defined via the following formulas using y as

the actual value and § as the predicted value:

1) MAE is the arithmetic average of absolute errors, and it is computed

by the following formula:

1 PN
MAE =~ 3 lyi = § (1)
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2)

3)

It is impossible to use MAE to compare series of different
scales, as it is scale-dependent. It is, however, commonly used for
making comparisons between different models when the data is
homogeneous. Its robustness to outliers makes it an attractive

measure.

In forecasting, the RMSE means the squared root of the average of

the squares of the error. It can be computed as follows:

RMSE= 137 (i - 9)2 @

Since the RMSE is also scale-dependent, it cannot be used for
comparing multiple datasets. RMSE is, however, appropriate for
comparing more than one model on a single dataset. As the squared
difference in its formula can significantly increase its value due to
the presence of outliers, the RMSE is sensitive to outliers. As RMSE
is always a positive value, lower RMSE values indicate better

forecast performance, while zero suggests a perfect forecast.

MAPE is a measure of the average of absolute percentage errors

computed using a formula:

n ~
MAPE = {1 E 28 |} 100 3)
Meaij=g Vi

1

It is one of the most commonly used methods for comparing

forecasting methods, as it is easily interpreted, alongside being scale-
independent. When the prediction value is much lower or higher than the
actual value, the MAPE can score values over 100, which is referred to as

a percentage error. Furthermore, MAPE is not defined when the actual
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value equals zero (Chowdhury et al., 2020). Such values did not occur in
this study. The use of MAPE is thus recommended. To determine the

accuracy of a forecast, MAPE is used as follows:

Forecasting Accuracy = 100 - MAPE (4)

This study also utilizes the learning curves evaluation tool to
understand and explain how the model training process is performing.
Learning curves are commonly used in machine learning for algorithms
that improve incrementally over time, such as deep learning neural
networks. In this context, the metric used to assess learning could be
maximized, which means that better scores (more numbers) indicate
greater learning. At each step of the training algorithm, the model's current
state can be evaluated. Evaluation can be conducted on the training dataset
to judge how well the model is performing. Evaluation can also be
conducted on a validation dataset that is separate from the training dataset.
The validation dataset can provide insight into the generalization capacity

of the model.

An indication of how well a model is learning based on the training
dataset is called the train learning curve. A validation learning curve gives
an indication of how well the model is generalizing based on a hold-out
validation dataset. During the training of a machine learning model, dual
learning curves are commonly created for both the training and validation
datasets. Three common dynamics can be observed in learning curves, and

they are:

Underfitting: Underfitting occurs when a model cannot learn from
the training data. The model is underfitted if it is unable to obtain a

sufficiently low error value on the training set. The learning curve of the
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training loss alone can be used to identify an underfit model. The loss curve
may be flat or noisy, indicating that the model was unable to learn the

training set.

Overfitting: Overfitting refers to a model that has learned the
training dataset too well, including statistical noise and random
fluctuations. Overfitting results in an increase in generalization gap, since
the more specialized a model becomes to training data, the harder it is for
it to generalize to new data. The model's performance on the validation
dataset can provide information about how much generalization gap has

increased.

Good Fit: This is the goal of the learning algorithm, to get a good fit
between overfit and underfit models. If the training and validation losses
decrease to a point of stability with a minimal gap between the two final
loss values, then the fit is good. Losses for the model are always lower on
training data than on validation data. Therefore, there will be some gaps
between the train loss and validation loss learning curve. This gap is

referred to as the “generalization gap.”
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Chapter Four:

Experimentations and Results

The experimentations and results chapter is structured first to outline
the conducted experiments described in section 4.1. Section 4.2 provides
detailed descriptive statistics of the selected two cryptocurrencies, Bitcoin
and Ether. Next, it presents the results for the base model, FCNN,
performance. Section 4.3 describes the performance of the FCNN model.
Sections 4.4 to 4.8 describe the results of the other five models'
performance compared to the base model. Section 4.9 presents the overall
results of comparing all models with the base model to identify the best

model that yielded the best rest for each cryptocurrency.

4.1 Experiment Outline

Figure 4.1 depicts the pseudo-code of the program developed using
Python for each model of the previously described DL models. The
experiment was repeated ten times for each model using the lags, look
backs, list, and applied on both cryptocurrencies Bitcoin and Ether. Before
supervised learning can be performed, time series data must be
transformed. The dataset was restructured to be appropriate for a
supervised learning problem by using the value at the previous time lag as
the lookback windows to predict the value at the next time step using the
forecast window. In the sliding window method, past time steps are used
to predict the future step. Likewise, the size of the lag is calculated by the
number of previous time steps. Any time series dataset can be transformed
into a supervised learning problem using this sliding window (Brownlee,
2017; Lazzeri, 2020).
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In this study, the lag windows size was made equal to the forecast
windows size and used the one-step prediction method. An observation at
the current time step is the result of using observations at previous time
steps, called lag observations. Once the time series datasets were prepared
for the DL models, they were split into 80% training and 20% testing sets.
DL models were fitted and tested using the train and test datasets. The loss
function was monitored using the mean squared error. Early stopping was
used to regulate once the best model is found; measurements metrics are

recorded and saved in a separate file for each experiment.

Repeat the experiment for 10 times:
Experiment:
For each ticker in ticker list [Bitcoin, Ether]:
Fetch the cryptocurrency dataset from Yahoo Finance
For each lookback in look_back_list [7, 14, 21, 28, 35, 42, 49, 56]:
Generate a time series dataset for the selected ticker and lookback
Split the datasets into 80% training and 20% test
Initialize the model name of 6 models, separate code file per model name
Train the model using the training dataset
Fit and validate each model of the six model on the test dataset
Implement early stopping and save the best model
Load the best model
Evaluate model performance
Save training and test results
Implementing the model for forecasting the future values:
Download the latest real ticker close price for the required forecast period
Load and use the best model for forecasting
Compare True close price to forecasted close price by calculating MAE, MAPE
and RMSE metrics
Save the forecasting results
Repeat for the next lookback Value in the look_back_list
Repeat for the next ticker in the ticker list

Repeat the experiment

Figure 4.1 Experiment Pseudo Algorithm
Finally, the best model found for each forecasting horizon was

loaded and used iteratively to perform multi-step forecasting equal to the

forecasting window size. Furthermore, the experiment was repeated for
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each forecasting window size used in this experiment. After conducting the
experiment 10 times, all results were saved in a file and used for

comparison.

4.2 Descriptive Statistics
Bitcoin

Bitcoin dataset consisted of 1,614 observations and one attribute as
shown in Table 4.1. This attribute is:

» Close: the last price at which the Bitcoin traded during the regular

trading day.

Table 4.1 shows a statistical summary of the Bitcoin close price, and
Figure 4.2 shows a bar chart presentation of this attribute. Figure 4.3
depicts the close price over time for the selected period. In Table 4.1, the
Close Price column is highlighted because it is the only feature that has
been used in the study as a univariate time series forecasting problem.
Therefore, only this column was retained, and all other columns were

dropped.
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Table 4.1 Bitcoin Close Price Descriptive Statistics

Close
count 1,614
mean 15,313.206
std 15,689.802
min 1,929.820
25% 6,454.435
50% 8,896.524
75% 13,628.286
max 65,992.836

Bitcoin Close Price Distribution
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Figure 4.2 Bitcoin Close Price Frequency Distribution
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Figure 4.3 Bitcoin Close Price Time Series
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Ether

Ether dataset consisted of 1,452 data points and one attribute described

in Table 4.2. This attribute is:

Frequency

* Close: the last price at which the Ether traded during the regular

trading day.

Table 4.2 shows a statistical summary of the Ether close price, and
Figure 4.4 shows a bar chart presentation of this attribute. Figure 4.5
depicts the close price over time for the selected period. Like the Bitcoin

dataset, only the close price attribute was retained.

Table 4.2 Ether Close Price Descriptive Statistics

Close
count 1,452
mean 781.672
std 976.287
min 84.308
25% 186.545
50% 332.876
75% 816.328
max 4414747
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Figure 4.4 Ether Close Price Frequency Distribution

41



Ethereum Close Price Over Time

Close
60000 h
50000 J

& 40000
&
& 3000
20000
10000 M
[:.

2017-05-31 0171217 2018-07-05 2018-01-21 2019-08-09 2020-02-25 2020-09-12 2021-03-31 20211017
Date

Ci

Figure 4.5 Ether Close Price Time Series

4.3 Base Model FCNN Performance

FCNN was selected to be the baseline model because fully
connected feedforward networks can be easily constructed and optimized
for the best performance. Therefore, it was imperative to optimize this

model performance until it became a hard target to outperform.

FCNN Model Fitting and Testing Results

Figures 4.6(a) and (b) show the results of training and fitting the
FCNN models on both Bitcoin and Ether, respectively, using a forecasting
window of 7 days. This model is learning from the training datasets, as
shown by the blue line in the graph. The validation, or test, the orange line
shows the model generalization capacity. This gap is referred to as the
"generalization gap" (Brownlee, 2018). Figures 4.7(a) and (b) show the
best model deployment performance. It compares forecasted values with
the actual values for Bitcoin and Ether, respectively. The last 350 data
points of the close price time series were shown for graph clarity and
straightforward interpretation. A complete list of graphs for this model's

performance on other sliding windows can be found in Appendix A.
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. BTC-USD Best _Model Training & Validation Loss versus No. of epochs using: FCNN and a lag Window of: 7 (a)
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Figure 4.6 FCNN Model Fitting and Validation Results

BTC-USD Actual versus Best_Model Predicted Values using: FCNN and a lag Window of: 7 (a)
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Figure 4.7 FCNN Model Prediction Performance

Table 4.3 displays the model forecasting performance metrics for
each cryptocurrency and forecasting windows. Figure 4.8 (a) and (b) show
the forecasting results for seven days forecasting windows against the
actual close price, which are downloaded as soon they are published on the
Yahoo Finance site for Bitcoin and Ether, respectively. The actual close
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prices are being used to compare the model's accuracy when deployed in a

real-life environment.

Table 4.3 FCNN Model Forecasting Performance

Ticker Forfecasting Forecasting mae Forecasting mape Forecasting rmse Forecasting accuracy
Windows %
7 1034.86 1.99 1230.99 98.01
14 2175.30 4.06 2644.16 95.94
21 2895.15 591 3648.56 94.09
@ 28 3812.29 8.58 4517.06 91.42
E 35 5762.85 12.58 7437.53 87.42
@ 42 6098.32 14.98 7569.70 85.02
49 5306.14 15.55 7051.97 84.45
56 4923.56 15.63 6616.87 84.37
7 325.91 7.22 342.04 92.78
14 557.23 12.07 602.68 87.93
21 647.84 14.26 689.44 85.74
@ 28 659.16 14.65 705.03 85.35
E 35 792.36 17.78 879.17 82.22
w 4 850.62 19.47 951.30 80.53
49 820.99 18.88 911.49 81.12
56 749.83 17.53 853.08 82.47
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Figure 4.8 FCNN Model Forecasting Performance
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FCNN Model Forecasting Performance

Figure 4.9 depicts the FCNN model forecasting performance metrics
MAPE, RMSE, and Accuracy for both cryptocurrencies against the
forecasting window size. As mentioned above, the model performance for
each forecasting window is the average forecasting performance of the ten
times that the experiment was conducted. This was applied to all other

models' results.

Botcoin & Ethereum Forecasting MAPE versus Forecasting Window
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Figure 4.9 FCNN Model Forecasting Performance Metrics
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4.4 LSTM Model Performance

LSTM Model Fitting and Testing Results

Figure 4.10 (a) and (b) depict the LSTM model training and
validation results on Bitcoin and Ether close price. The results shown in
these figures are for a forecasting window of 7 days. Appendix A shows

the rest of the forecasting windows used.

BTC-USD Best_Model Training & Validation Loss versus No. of epochs using: LSTM and a lag Window of: 7 (a)
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Figure 4.10 LSTM Model Fitting and Validation Results

Figures 4.11(a) and (b) show the best LSTM model prediction
performance versus the actual values for Bitcoin and Ether, respectively.
A complete list of graphs for this model performance on other forecasting

windows are provided in Appendix A.
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Figure 4.11 LSTM Model Prediction Performance

Table 4.4 displays the LSTM model forecasting performance
metrics for each cryptocurrency and forecasting window compared to the
base FCNN model.

Table 4.4 LSTM Model Forecasting Performance

Forecasting MAE Forecasting MAPE Forecasting RMSE Forecastir;iAccuracy
Ticker Fon?caSting FCNN LSTM FCNN LSTM FCNN LSTM FCNN LSTM
Window

7 1034.86 1197.11 1.99 2.03 1230.99 1316.08 98.01 97.97

14 2175.30 2270.74 4.06 3.86 2644.16 2789.11 95.94 96.14

21 2895.15 2822.10 591 5.56 3648.56 3697.49 94.09 94.44

@ 28 3812.29 3837.81 8.58 8.19 4517.06 4441.06 91.42 91.81
I('—) 35 5762.85 5831.41 12.58 12.04 7437.53 7245.29 87.42 87.96
- 42 6098.32 6339.55 14.98 14.81 7569.70 7784.86 85.02 85.19
49 5306.14 5561.13 15.55 15.35 7051.97 7186.71 84.45 84.65

56 4923.56 5028.58 15.63 15.36 6616.87 6631.13 84.37 84.64

7 325.91 434.11 7.22 9.63 342.04 447.00 92.78 90.37

14 557.23 685.97 12.07 14.87 602.68 716.89 87.93 85.13

21 647.84 695.24 14.26 15.28 689.44 733.71 85.74 84.72

% 28 659.16 722.17 14.65 16.10 705.03 759.12 85.35 83.90
E 35 792.36 853.48 17.78 19.11 879.17 918.85 82.22 80.89
. 42 859.62 887.60 19.47 20.06 951.30 960.00 80.53 79.94
49 820.99 847.37 18.88 19.44 911.49 928.58 81.12 80.56

56 749.83 806.90 17.53 18.63 853.08 890.78 82.47 81.37
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Figure 4.12 shows the forecasting results for seven days forecasting
window against the actual close price of both currencies. The actual close
prices are being used to compare the model's accuracy in forecasting future

prices.

BTC-USD Close Price Forecast using: LSTM and Forecasting Window is: 7 (a)
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Figure 4.12 LSTM Model Forecasting Performance

LSTM Forecasting Performance

Figure 4.13 shows the LSTM model forecasting performance
compared to the FCNN base model. As mentioned above, the model
performance for each forecasting window is the average forecasting
performance of the ten times that the experiment was conducted. This
applies to all other models' results. For Bitcoin, the average scores across
all forecasting windows for MAPE, RMSE, and Accuracy are 9.65,
5136.47, 90.35%, respectively. For Ether, LSTM scored 17.66, 794.37,
83.36% for MAPE, RMSE, and Accuracy, respectively.
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LSTM Forecasting MAPE versus FCNN Forecasting MAPE
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Figure 4.13 LSTM Model Forecasting Metrics Compared to FCNN
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4.5 BLSTM Model Performance
Figure 4.14 (a) and (b) depict the BLSTM model training and

validation results on Bitcoin and Ether close price dataset. The results
shown in these figures are for a forecasting window of 7 days. Appendix

A provides more information on the rest of the forecasting windows used.

BTC-USD Best Model Training & Validation Loss versus No. of epochs using: BLSTM and a lag Window of. 7 (a)
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Figure 4.14 BLSTM Model Fitting and Validation Performance

Figures 4.15(a) and (b) show the best BLSTM model prediction
performance versus the actual values for Bitcoin and Ether, respectively.
A complete list of graphs for this model's performance on other forecasting

windows are provided in Appendix A.
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Figure 4.15 BLSTM Model Prediction Performance

Table 4.5 displays the BLSTM model forecasting performance

metrics for each cryptocurrency and forecasting window compared to the

base FCNN model.
Table 4.5 BLSTM Model Forecasting Performance

Forecasting MAE Forecasting MAPE Forecasting RMSE Forecasting
Accuracy %
Ticker For(?casting FCNN BLSTM FCNN BLSTM FCNN BLSTM FCNN BLSTM
Window
7 1034.86 | 1744.03 1.99 2.88 1230.99 | 1800.02 98.01 97.12
14 217530 | 2333.58 4.06 4.29 2644.16 | 2739.98 95.94 95.71
21 2895.15 | 2633.73 5.91 5.65 3648.56 3287.77 94.09 94.35
% 28 3812.29 | 3587.49 8.58 8.28 4517.06 4316.28 91.42 91.72
f_’ 35 5762.85 | 5683.72 12.58 12.08 7437.53 7084.23 87.42 87.92
[}
42 6098.32 | 5710.70 14.98 14.63 7569.70 7199.81 85.02 85.37
49 5306.14 | 5238.35 15.55 15.24 7051.97 | 6813.63 84.45 84.76
56 492356 | 4583.28 15.63 15.22 6616.87 | 6344.06 84.37 84.78
7 325.91 510.39 7.22 11.34 342.04 520.18 92.78 88.66
14 557.23 611.75 12.07 13.25 602.68 653.11 87.93 86.75
21 647.84 661.50 14.26 14.55 689.44 695.98 85.74 85.45
% 28 659.16 702.04 14.65 15.65 705.03 742.57 85.35 84.35
E 35 792.36 818.64 17.78 18.35 879.17 899.68 82.22 81.65
W 42 859.62 868.03 19.47 19.63 951.30 944.84 80.53 80.37
49 820.99 832.04 18.88 19.07 911.49 911.74 81.12 80.93
56 749.83 795.54 17.53 18.41 853.08 885.18 82.47 81.59
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Figure 4.16 shows the forecasting results for seven days forecasting
window against the actual close price of both currencies. The actual close
prices are being used to compare the model's accuracy in forecasting future

prices.

BTC-USD Close Price Forecast using: BLSTM and Forecasting Window is: 7 (a)
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Figure 4.16 BLSTM Model Forecasting Performance

BLSTM Model Forecasting Performance

Figure 4.17 shows that for Bitcoin, the BLSTM model performed
slightly better than the base model, FCNN, with a MAPE of 9.87, RMSE
of 4948.22, and Accuracy of 90.22. However, these metrics declined as the
forecasting windows increased. For Ether, BLSTM scored a MAPE of
17.03, RMSE of 781.66, and Accuracy of 83.72%. Although the model
forecasting accuracy for Ether is lower than the base model score of
84.77%, it is insignificant.
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4.6 CNN Model Performance
Figure 4.18 (a) and (b) depict the CNN model training and validation

results on Bitcoin and Ether close price dataset. The results shown in these
figures are for a forecasting window of 7 days. Appendix A shows the rest

of the forecasting windows used.

BTC-USD Best_Model Training & Validation Loss versus No. of epochs using: CNN and a lag Window of: 7 (a)
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Figure 4.18 CNN Model Fitting and Validation Performance

Figures 4.19(a) and (b) show the best CNN model prediction
performance versus the actual values for Bitcoin and Ether, respectively.
A complete list of graphs for this model's performance on other forecasting

windows can be found in Appendix A.
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BTC-USD Actual versus Best_Model Predicted Values using: CNN and a lag Window of: 7
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Figure 4.19 CNN Model Prediction Performance

Table 4.6 displays the CNN model forecasting performance metrics

for each cryptocurrency, compared to the base FCNN model.

Table 4.6 CNN Model Forecasting Performance

Forecasting MAE Forecasting MAPE Forecasting RMSE Forecasting
Accuracy %
Ticker Forecasting FCNN CNN FCNN CNN FCNN CNN FCNN CNN
Window

7 1034.86 | 1085.03 1.99 2.01 1230.99 | 1265.32 98.01 97.99

14 2175.30 1940.68 4.06 3.67 2644.16 240341 95.94 96.33

21 2895.15 2573.15 5.91 5.48 3648.56 3217.47 94.09 94.52

% 28 3812.29 3781.15 8.58 8.52 4517.06 | 4479.12 91.42 91.48
(|-_> 35 5762.85 5712.15 12.58 12.50 7437.53 7386.31 87.42 87.50
@ 42 6098.32 | 5949.97 14.98 15.09 7569.70 | 7561.78 85.02 84.91
49 5306.14 | 5200.60 15.55 15.52 7051.97 | 6957.50 84.45 84.48

56 492356 | 4870.96 15.63 15.53 6616.87 | 6601.35 84.37 84.47

7 325.91 342.16 7.22 7.60 342.04 360.79 92.78 92.40

14 557.23 564.33 12.07 12.22 602.68 610.68 87.93 87.78

21 647.84 612.06 14.26 1351 689.44 649.80 85.74 86.49

% 28 659.16 670.11 14.65 14.84 705.03 711.02 85.35 85.16
E 35 792.36 803.00 17.78 18.01 879.17 888.83 82.22 81.99
W 42 859.62 836.84 19.47 18.94 951.30 928.36 80.53 81.06
49 820.99 800.46 18.88 18.41 911.49 889.68 81.12 81.59

56 749.83 760.47 17.53 17.76 853.08 862.84 82.47 82.24
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Figure 4.20 shows the forecasting results for seven days forecasting
windows against the actual close price of both currencies. The actual close
prices are being used to compare the model's accuracy in forecasting future

prices.

BTC-USD Close Price Forecast using: CNN and Forecasting Window is: 7 (a)
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Figure 4.20 CNN Model Forecasting Performance

CNN Model Forecasting Performance

Figure 4.21 depicts the CNN model forecasting performance metrics
compared to the FCNN base model performance. For Bitcoin, with an
average MAPE of 9.79 across all forecasting windows, the CNN slightly
exceeded the FCNN model average MAPE of 9.91. CNN achieved an
Accuracy of 90.21% compared to FCNN Accuracy of 90.09%. For Ether,
CNN produced the best results with MAPE of 15.11 and Accuracy of

84.84% compared to all models and not just the base model.
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CNN Forecasting MAPE versus FCNN Forecasting MAPE
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Figure 4.21 CNN Model Performance Metrics Compared to FCNN
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4.7 Combined Model 1 (CNN_LSTM_FCNN)
Figure 4.22 (a) and (b) depict the combined model one training and

validation results on Bitcoin and Ether close price dataset. The results
shown in these figures are for a forecasting window of 7 days. Appendix

A provides more information on the rest of the sliding windows used.

~ BTC-USD Best_Mode/ Training & Validation Loss versus No. of epochs using: CNN_LSTM_FCNN and a lag Window of: 7 (a)
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ETH-USD Best_Model Training & Validation Loss versus No. of epochs using: CNN_LSTM_FCNN and a lag Window of: 7 (b)
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Figure 4.22 Combined Model 1 Fitting and Validation Performance

Figures 4.23(a) and (b) show the best combined model one
prediction performance versus the actual values for Bitcoin and Ether,
respectively. A complete list of graphs for this model's performance on

other forecasting windows are provided in Appendix A.
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Figure 4.23 Combined Model 1 Prediction Performance

Table 4.7 displays the CNN model forecasting performance metrics

for each cryptocurrency and forecasting window compared to the base
FCNN model.
Table 4.7 Combined Model 1 (CNN_LSTM_FCNN) Performance

Forecasting MAE

Forecasting MAPE

Forecasting RMSE

Forecasting

Accuracy
- Forecasting CNN CNN CNN CNN
Ticker Window FCNN LSTM FCNN LSTM FCNN LSTM FCNN LSTM
FCNN FCNN FCNN FCNN
7 1034.86 | 1331.11 1.99 2.51 1230.99 | 1666.07 98.01 97.49
14 2175.30 { 2139.68 4.06 4.10 2644.16 | 2476.33 95.94 95.90
21 2895.15 | 2888.28 5.91 5.90 3648.56 | 3512.84 94.09 94.10
§ 28 3812.29 | 3682.99 8.58 8.27 4517.06 { 4276.92 91.42 91.73
g 35 5762.85 | 5582.68 12.58 11.75 7437.53 | 6812.13 87.42 88.25
42 6098.32 | 5755.57 14.98 14.34 7569.70 | 7213.93 85.02 85.66
49 5306.14 | 5452.61 15.55 15.21 7051.97 | 7116.69 84.45 84.79
56 4923.56 | 4724.49 15.63 14.97 6616.87 | 6407.44 84.37 85.03
7 325.91 431.56 7.22 9.58 342.04 450.61 92.78 90.42
14 557.23 628.54 12.07 13.62 602.68 670.23 87.93 86.38
21 647.84 668.39 14.26 14.73 689.44 705.67 85.74 85.27
g 28 659.16 699.09 14.65 15.57 705.03 734.70 85.35 84.43
L:'_:: 35 792.36 812.17 17.78 18.17 879.17 877.31 82.22 81.83
42 859.62 889.30 19.47 20.09 951.30 964.41 80.53 79.91
49 820.99 828.01 18.88 18.97 911.49 916.64 81.12 81.03
56 749.83 779.05 17.53 18.10 853.08 872.66 82.47 81.90
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Figure 4.24 shows the forecasting results for seven-day sliding
windows against both currencies' actual close prices. The actual close
prices are being used to compare the model's accuracy in forecasting future

prices.
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Figure 4.24 Combined Model 1 Forecasting Performance
Figure 4.25 depicts the combined model one forecasting
performance metrics results compared to FCNN base model performance.
For Bitcoin, this model achieved the best results among all other models
with an average MAPE of 9.63 and Accuracy of 90.37%. However, the
MAPE score started to increase as the forecasting window increased. The
best results were achieved when the forecasting window was equal to 7
days. For Ether, this model underperformed when compared to the base
model. It achieved an average MAPE of 16.59, which is higher than the
base model score of 15.22 for MAPE, and an Accuracy of 83.90%, which
is lower than the base model score of 84.77%.
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Figure 4.25 Combined Model 1 Performance Compared to FCNN
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4.8 Combined Model 2 (CNN_BLSTM_FCNN)
Figure 4.26 (a) and (b) depict the combined model two training and

validation results on Bitcoin Ether close price dataset. The results shown
in these figures are for a forecasting window of 7 days. Appendix A

provides more information on the rest of the forecasting windows used.
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Figure 4.26 Combined Model 2 Fitting and Validation Performance

Figures 4.27(a) and (b) show the best combined model one
prediction performance versus the actual values for Bitcoin and Ether,
respectively. A complete list of graphs for this model's performance on

other forecasting windows are provided in Appendix A.
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Figure 4.27 Combined Model 2 Prediction Performance
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metrics for each cryptocurrency and forecasting window compared to the

Table 4.8 displays the combined model two forecasting performance

base FCNN model.

Table 4.8 Combined Model 2 (CNN_BLSTM_FCNN) Performance

Forecasting MAE Forecasting MAPE Forecasting RMSE Forecastir:iAccuracy
. CNN CNN CNN CNN
Ticker Forécastlng FCNN BLSTM FCNN BLSTM FCNN BLSTM FCNN BLSTM

Window FCNN FCNN FCNN FCNN

7 1034.86 1210.91 1.99 2.33 1230.99 1519.93 98.01 97.67

14 2175.30 2101.01 4.06 4.13 2644.16 2455.50 95.94 95.87

21 2895.15 2760.12 591 5.85 3648.56 3324.56 94.09 94.15

% 28 3812.29 3637.54 8.58 8.51 4517.06 4428.63 91.42 91.49

8 35 5762.85 5670.07 12.58 12.33 7437.53 7293.50 87.42 87.67

- 42 6098.32 5733.97 14.98 14.81 7569.70 7308.62 85.02 85.19

49 5306.14 5218.69 15.55 15.30 7051.97 6884.34 84.45 84.70

56 4923.56 4645.26 15.63 15.32 6616.87 6399.15 84.37 84.68

7 32591 39291 7.22 8.71 342.04 417.14 92.78 91.29

14 557.23 601.83 12.07 13.04 602.68 649.99 87.93 86.96

21 647.84 640.47 14.26 14.15 689.44 681.13 85.74 85.85

§ 28 659.16 689.43 14.65 15.28 705.03 727.49 85.35 84.72

;':— 35 792.36 817.21 17.78 18.24 879.17 903.89 82.22 81.76
[

42 859.62 871.27 19.47 19.65 951.30 951.67 80.53 80.35

49 820.99 833.60 18.88 19.07 911.49 915.47 81.12 80.93

56 749.83 783.31 17.53 18.19 853.08 878.32 82.47 81.81

Figure 4.28 shows the forecasting results for seven days sliding
windows against the actual close price of both currencies, which were
downloaded as soon they were published on the Yahoo Finance site. The
actual close prices are being used to compare how accurately the model

forecasts future prices.
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BTC-USD Close Price Forecast using: CNN_BLSTM_FCNN and Forecasting Window is: 7 (a)
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Figure 4.28 Combined Model 2 Forecasting Performance

The Combined Model 2 results compared to the FCNN base model
performance are shown in Figure 4.29. The results show that this model
scored a MAPE of 9.82 and an Accuracy of 90.18% for Bitcoin. Moreover,
it scored a MAPE of 16.82 and an Accuracy of 84.21% for Ether. For both
cryptocurrencies, the model accuracy declined as the forecasting window
increased. The best Accuracy of 91.29% was achieved when the

forecasting window was seven days.
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CNN_BLSTM_FCNN Forecasting MAPE versus FCNN Forecasting MAPE

e Bitcoin_FCNN_MAPE
75 Ethereum_FCNN_MAPE
: —+—  Bitcoin_CNN_BLSTM_FCNN_MAPE
50 =#—= Ethereum_CMN_BLSTM_FCNN_MAPE
o e
%
= 125
o
i=
E 10,0
(s
1
g 75
50
25

10 20 ] 40 20
Forecasting Window

CNN_BLSTM_FCNNForecasting RMSE versus FCNN Forecasting RMSE

—*— Bitcoin_RMSE
000 Ethereum_RMSE
Bitcoin_CNN_BLSTM_FCNN_RMSE
Ethersum_CMNN_BLSTM_FCNM_RMSE

t 4

Forecasting RMSE
=
(=)
(=]

3000

2000

1000 &

—
(1]
10 20 n 40 30
Forecasting Window
Combined CNN_BLSTM_FCNN Model Forecasting Accuracy versus FCNN Model
a5 —&— Bitcoin_FCNN
—*— Bitcoin_CNMN_BLSTM_FCNN
%0 —®— Ethereum_FCHNN
’ “*—  Ethereurn_CNN_BLSTM_FCNMN

£
- 25
o
m
3
9 %0.0
=
g
S 875
el
[+
®
g 850

825

a0.0

s P » ® &

Forecasting Window

Figure 4.29 Combined Model 2 Performance Compared to FCNN
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4.9 Overall Models Performance Results

This section presents the results obtained from the experiments in
terms of the measures MAE, MAPE, RMSE, and Accuracy for all of the
six models for the Bitcoin and Ether datasets compared with the FCNN
baseline model. Table 4.9 summarizes the average performance results for
applying the six models on the Bitcoin dataset using different forecasting
horizons. Figure 4.30 presents a graphical comparison between the six
models using the model's performance evaluation metrics. Comparing all
models, Combined Model 1 scored the lowest at 9.63 for MAPE. Table
4.10 presents the model's performance results for the Bitcoin dataset for all

forecasting horizons.

Table 4.9 Models’ Average Performance for Bitcoin

Model Name MAE MAPE RMSE Forecastir;ZAccuracy
BLSTM 3939.36 9.78 4948.22 90.22
CNN 3889.21 9.79 4984.03 90.21
CNN_BLSTM_FCNN 3872.20 9.82 4951.78 90.18
CNN_LSTM_FCNN 3944.68 9.63 4935.29 90.37
FCNN 4001.06 9.91 5089.61 90.09
LSTM 4111.05 9.65 5136.47 90.35
(a) Bitcoin: Over All Models MAE and RMSE (b) Bitcoin: Over All Models MAPE
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Figure 4.30 Models’ Average Performance for Bitcoin
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Table 4.10 Detailed Models’ Performance for Bitcoin

ticker for.ecasting model name mae mape rmse Forecasting accuracy %
windows

BLSTM 1744.03 2.88 1800.02 97.12

CNN 1085.03 2.01 1265.32 97.99

CNN_BLSTM_FCNN 1210.91 2.33 1519.93 97.67

! CNN_LSTM_FCNN 1331.11 251 1666.07 97.49

FCNN 1034.86 1.99 1230.99 98.01

LSTM 1197.11 2.03 1316.08 97.97

BLSTM 2333.58 4.29 2739.98 95.71

CNN 1940.68 3.67 2403.41 96.33

CNN_BLSTM_FCNN 2101.01 4.13 2455.50 95.87

H CNN_LSTM_FCNN 2139.68 4.10 2476.33 95.90

FCNN 2175.30 4.06 2644.16 95.94

LSTM 2270.74 3.86 2789.11 96.14

BLSTM 2633.73 5.65 3287.77 94.35

CNN 2573.15 5.48 3217.47 94.52

CNN_BLSTM_FCNN 2760.12 5.85 3324.56 94.15

2 CNN_LSTM_FCNN 2888.28 5.90 3512.84 94.10

FCNN 2895.15 591 3648.56 94.09

LSTM 2822.10 5.56 3697.49 94.44

BLSTM 3587.49 8.28 4316.28 91.72

CNN 3781.15 8.52 4479.12 91.48

CNN_BLSTM_FCNN 3637.54 8.51 4428.63 91.49

28 CNN_LSTM_FCNN 3682.99 8.27 4276.92 91.73

FCNN 3812.29 8.58 4517.06 91.42

3 LST™ 3837.81 8.19 4441.06 9181

8 BLSTM 5683.72 12.08 7084.23 87.92
om

CNN 5712.15 12.50 7386.31 87.50

CNN_BLSTM_FCNN 5670.07 12.33 7293.50 87.67

% CNN_LSTM_FCNN 5582.68 11.75 6812.13 88.25

FCNN 5762.85 12.58 7437.53 87.42

LSTM 5831.41 12.04 7245.29 87.96

BLSTM 5710.70 14.63 7199.81 85.37

CNN 5949.97 15.09 7561.78 84.91

CNN_BLSTM_FCNN 5733.97 14.81 7308.62 85.19

“ CNN_LSTM_FCNN 5755.57 14.34 7213.93 85.66

FCNN 6098.32 14.98 7569.70 85.02

LSTM 6339.55 14.81 7784.86 85.19

BLSTM 5238.35 15.24 6813.63 84.76

CNN 5200.60 15.52 6957.50 84.48

CNN_BLSTM_FCNN 5218.69 15.30 6884.34 84.70

9 CNN_LSTM_FCNN 5452.61 15.21 7116.69 84.79

FCNN 5306.14 15.55 7051.97 84.45

LSTM 5561.13 15.35 7186.71 84.65

BLSTM 4583.28 15.22 6344.06 84.78

CNN 4870.96 15.53 6601.35 84.47

CNN_BLSTM_FCNN 4645.26 15.32 6399.15 84.68

% CNN_LSTM_FCNN 4724.49 14.97 6407.44 85.03

FCNN 4923.56 15.63 6616.87 84.37

LSTM 5028.58 15.36 6631.13 84.64
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Table 4.11 summarizes the average performance results for applying

the six models on the Ether dataset using different forecasting windows.

Figure 4.31 presents a graphical comparison between the six models using

the model's performance evaluation metrics. The CNN model scored 15.16
for MAPE, and the FCNN scored a MAPE of 15.23. These scores are the

lowest compared to all models for the Ether cryptocurrency.

Table 4.11 Models’ Average Performance for Ether

Model Name MAE MAPE RMSE ForecaStir:;Accuracy
BLSTM 724.99 16.28 781.66 83.72
CNN 673.68 15.16 737.75 84.84
CNN_BLSTM_FCNN 703.75 15.79 765.64 84.21
CNN_LSTM_FCNN 717.02 16.10 774.03 83.90
FCNN 676.62 15.23 741.78 84.77
LSTM 741.61 16.64 794.37 83.36
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Figure 4.31 Models’ Average Performance for Ether

Table 4.13 presents models performance results for the Ether dataset

for all forecasting horizons.
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Table 4.12 Detailed Models’ Performance for Ether

ticker forecasting model name mae mape rmse forecasting
windows accuracy

BLSTM 510.39 11.34 520.18 88.66

CNN 342.16 7.60 360.79 92.40

7 CNN_BLSTM_FCNN 392.91 8.71 417.14 91.29
CNN_LSTM_FCNN 431.56 9.58 450.61 90.42

FCNN 325.91 7.22 342.04 92.78

LSTM 434.11 9.63 447.00 90.37

BLSTM 611.75 13.25 653.11 86.75

CNN 564.33 12.22 610.68 87.78
CNN_BLSTM_FCNN 601.83 13.04 649.99 86.96

1 CNN_LSTM_FCNN 628.54 13.62 670.23 86.38
FCNN 557.23 12.07 602.68 87.93

LSTM 685.97 14.87 716.89 85.13

BLSTM 661.50 14.55 695.98 85.45

CNN 612.06 13.51 649.80 86.49
CNN_BLSTM_FCNN 640.47 14.15 681.13 85.85

2 CNN_LSTM_FCNN 668.39 14.73 705.67 85.27
FCNN 647.84 14.26 689.44 85.74

LSTM 695.24 15.28 733.71 84.72

BLSTM 702.04 15.65 742.57 84.35

CNN 670.11 14.84 711.02 85.16
CNN_BLSTM_FCNN 689.43 15.28 727.49 84.72

8 CNN_LSTM_FCNN 699.09 15.57 734.70 84.43
FCNN 659.16 14.65 705.03 85.35

5 LSTM 722.17 16.10 759.12 83.90
ﬁ BLSTM 818.64 18.35 899.68 81.65
CNN 803.00 18.01 888.83 81.99
CNN_BLSTM_FCNN 817.21 18.24 903.89 81.76

» CNN_LSTM_FCNN 812.17 18.17 877.31 81.83
FCNN 792.36 17.78 879.17 82.22

LSTM 853.48 19.11 918.85 80.89

BLSTM 868.03 19.63 944.84 80.37

CNN 836.84 18.94 928.36 81.06
CNN_BLSTM_FCNN 871.27 19.65 951.67 80.35

“ CNN_LSTM_FCNN 889.30 20.09 964.41 79.91
FCNN 859.62 19.47 951.30 80.53

LSTM 887.60 20.06 960.00 79.94

BLSTM 832.04 19.07 911.74 80.93

CNN 800.46 18.41 889.68 81.59
CNN_BLSTM_FCNN 833.60 19.07 915.47 80.93

“ CNN_LSTM_FCNN 828.01 18.97 916.64 81.03
FCNN 820.99 18.88 911.49 81.12

LSTM 847.37 19.44 928.58 80.56

BLSTM 795.54 18.41 885.18 81.59

CNN 760.47 17.76 862.84 82.24
CNN_BLSTM_FCNN 783.31 18.19 878.32 81.81

% CNN_LSTM_FCNN 779.05 18.10 872.66 81.90
FCNN 749.83 17.53 853.08 82.47

LSTM 806.90 18.63 890.78 81.37
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Error terms have the same unit of measurement as data units, so the

Mean Absolute Error will depend on scale. Thus, this metric cannot be used

for comparing times series of different scale units. Figure 4.32 presents a

graphical comparison for the MAE of the six models.
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A forecast model's accuracy is measured by the mean absolute
percentage error (MAPE). This Accuracy is measured as a percentage and
can be calculated as the average absolute percent error for each predicted
value minus the corresponding actual value divided by the actual value.
The most widely used method for assessing forecast accuracy is the MAPE.
Moreover, it is a percentage error that is scale-independent, and it can be
applied to compare series that have different scales. In Figure 4.33, six
models are compared graphically for their MAPE.
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The RMSE is scale-dependent, which means it cannot be compared
across series measured at different scales. Additionally, it is measured in
the same unit as the data. A graphical representation of the RMSE of the

six models is presented in Figure 4.34.
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Figure 4.35 presents a graphical comparison for the MAE of the six
models. This section provides more information to help answer the
question: which DL model is most effective at forecasting cryptocurrency
prices, Bitcoin and Ether? When there are no extremes in the data (and no
zeros), the mean absolute percentage error (MAPE) is the most commonly
used measure to forecast error. In the case of the datasets used for this
study, the actual close prices did not include any zero values, so MAPE is
safe to be used to measure forecasting accuracy. MAPE was used to
calculate the model forecasting accuracy percentage. This calculated
metric was used to compare the different models forecasting percentage

errors to derive the model accuracy percentage.
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Chapter Five:

Discussion, Conclusion and Recommendations

To fill a gap in the state of knowledge regarding the use of deep
learning for predicting cryptocurrency prices, a comprehensive experiment
was conducted to evaluate and compare the performance of six DL
techniques. The forecasting performance of six types of DL techniques was
evaluated and compared to a DL base model. These models are FCNN,
LSTM, BLSTM, CNN, a combination of CNN, LSTM, followed by
FCNN, and one model combined architecture consisted of CNN, BLSTM,
and FCNN. The current top two cryptocurrencies, Bitcoin and Ether,

datasets were used to evaluate these models.

Combining different DL techniques in an optimized architecture can
be an effective and efficient technique for predicting cryptocurrencies'
prices. This study investigated a univariate time series forecasting problem
with a single-step iterative forecasting method over eight forecasting
windows 7, 14, 21, 28, 35, 42, 49, and 56. The results indicate that deep
learning techniques are effective in predicting Bitcoin price with an overall
average MAPE of 9.76, RMSE of 5007.75, and Accuracy of 90.24% and
less effective for Ether, over long-term forecast windows, with an overall
average MAPE of 15.85, RMSE of 765.87 and an average accuracy of
84.13%.

Combining CNN, LSTM, and FCNN, model one outperforms the
base model and all other models for Bitcoin. Compared to the FCNN base
model, the Combined Model 1 scored 2.83% lower MAPE and 3.03%
lower RMSE. However, Ether CNN stood up to the base model and
outperformed all other models by 0.47% lower MAPE and 0.54% lower
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RMSE compared to the base model. Using the FCNN as a base model,
especially after optimizing it, to compare DL techniques, rather than
against ML or traditional statical methods, is suggested to be more realistic

for such studies.

5.1 Study Principles Findings

Cryptocurrency prediction

All models scored satisfactory results for both currencies datasets
over a small forecasting horizons such as seven days, but their forecasting
accuracy deteriorated over broader forecasting horizons. This is due to the
single-step forecasting method's limited capacity than the multi-step
method or its variation. MAPE started to increase, and model accuracy
decreased when the forecasting windows increased. These findings agree
with Taieb and Hyndman (2012), who concluded that the residual error

becomes significant with the recursive method.

Using the latest real cryptocurrencies prices to evaluate the accuracy
of the forecasted prices was an effective and less costly model deployment
simulation technique. The results suggest that DL techniques produced the
best forecasting accuracy for cryptocurrency prices over short-term
forecast windows if used with the recursive single step forecasting strategy;
this is in line with (Khedr et al., 2021).

FCNN as a base model
The FCNN model's results for both cryptocurrencies across different
forecast horizons suggest that it achieved satisfactory performance for

predicting both cryptocurrencies' close prices for all forecasting windows
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using the single-step model. For Bitcoin, the optimized model scored the
best value of MAPE 1.99 and RMSE 1230.00 over seven days forecasting
window. For Ether, it scored a MAPE of 7.22 and RMSE of 340.04 over
the same forecast horizon. In this work, it was noticed that as the
forecasting horizons increased in size, the model performance deteriorated.
This result was expected due to the residual error accumulation when using
the recursive model for forecasting. The results suggest that this model can

be used as a baseline to benchmark the other five models' performance.

LSTM model

Table 4.4 shows the results for the LSTM model. The LSTM model
outperformed the base model with MAPE 9.65, RMSE 5136.47, and 90.09
Accuracy for Bitcoin. However, it scored lower than the base model for
Ether. This model scored an overall average for MAPE 17.66, RMSE
794.37, and 83.36% accurate for Ether. These scores are lower than the
base model by 9.24% for MAPE and 7.09% RMSE. The results indicate
that LSTM is not the optimal model for Ether and the Ether dataset
characteristics and size need to be investigated further. However, LSTM
scored the sconed best model Bitcoin with 0.19% lower than the Combined
Model 1. Using Keras Gridsearch library to find the optimal architecture
was dropped from this study due to time and processing power constraints
on running this model. It took more than 36 hours to run the Gridsearch
process for only a single hyperparameters configuration. Instead, the trials

and errors technique was used to find the optimal model.
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BLSTM model

Table 4.5 shows the results for the BLSTM model. The BLSTM
model outperformed the base model with MAPE 9.78, RMSE 4848.22, and
90.22% accuracy for Bitcoin. However, it scored lower than the base model
for Ether. This model scored an overall average for MAPE 16.28, 6.89%
higher than the base model, and an RMSE of 781.66, 5.3% higher than the
base model. Although the results indicate that BLSM is a good DL
technique to predict Bitcoin, it underperformed for Ether compared to the
base and CNN models. (Singh et al., 2021)

CNN model

With CNN, features can be automatically extracted from raw data
without requiring prior knowledge or engineering. The results for the CNN
One-dimensional model are shown in Table 4.6. The CNN model
outperformed the base model scoring a MAPE 15.16, RMSE 737.75, and
84.84% accurate for Ether. These results indicate that CNN was the optimal
technique for Ether and a highly competitive technique for Bitcoin, scoring
a MAPE of 9.79 and RMSE of 4984.03 and 90.21% for Accuracy. The
results support what is reported by (Koprinska et al., 2018). Based on their
analysis of the energy consumption data, they discovered that CNN

outperforms MLP at time series forecasting.

Combined Model One (CNN, LSTM and FCNN)

Table 4.7 presents the results for the Combined model 1 (CNN,
LSTM, and FCNN). This model was constructed in a novel architecture to
investigate the idea that combining different DL techniques can be more
effective in predicting cryptocurrencies prices when compared to vanilla
DL techniques. The overall average score for MAPE was 9.63, RMSE
4935.29, and 90.37% Accuracy for Bitcoin. However, compared to the
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base model, this model underperformed for Ether and with a score for
MAPE of 5.72% higher than the based model. The RMSE score was
774.03, again 4.35% higher than the base model. Starting from 35 to 56
days forecasting windows, the combined model one outperformed all other
models. CNN, LSTM, and DNNs were cooperative in their modeling
capabilities. CNNs reduce frequency variations effectively, LSTMs do
well with temporal modelling, and DNNs perform well at mapping features
into a more separable domain. This finding supports the results produced
by Lu et al. (2020) and Sainath et al. (2015). The results suggest that
combing different DL techniques in a carefully designed model while
leveraging on the strengths of each technique and at the same time taking
care of the known weaknesses of these techniques is indeed a highly
effective hybrid architecture to improve the forecasting accuracy. The
nearest contender to the combined model one was the LSTM model,

especially for larger forecasting horizons.

Combined model Two (CNN, BLSTM and FCNN)

In this model architecture, Bi-directional LSTM replaced the LSTM.
Table 4.8 shows that for Bitcoin, this model scored 9.78 for MAPE,
4948.22 for RMSE, and 90.22% for an accurate forecast. Although it
outperformed the baseline model for Bitcoin, it underperformed for Ether
with results of 16.28 MAPE, 781.66 RMSE, and 83.72% accurate
forecasting. This model did not make any significant difference for both

currencies.
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Comparing to other studies

Finding similar studies to compare the current study results with was
quite difficult because the topic is broad and provides infinite options to
experiment with. This study evaluated some of the most successful and
widely used DL algorithms forecasting cryptocurrency prices in spite of
the general misconception that they are inefficient when used for time
series forecasting (P. Pintelas et al., 2020). In contradiction to these views,
this study results indicate that the evaluated DL techniques produced 85%
- 90% for Bitcoin and 80%-85% for Ether accurate forecast, respectively.
Although the research methodology had known limitations, such as using
the iterative single-step method, skipping the time series analysis stage,
and feature engineering, the results obtained provide considerable evidence
that DL models are efficient and effective for handling cryptocurrency time
series problems. In addition, DL models have proven that they are capable

of learning representations out of raw input data.

FCNN was found to be a reasonable and straightforward technique
for benchmarking the performance of DL models. This finding supports
the suggestions made by Bandara et al. (2020) and Nado et al. (2021). More
innovative techniques to improve FCNN architecture to make it a sound
baseline model and more empirical comparative studies are still required.
It is recommended that for long-term forecasting windows to use the direct,
multi-step forecasting approach instead of the iterative single-step
approach (Ben Taieb, 2010). However, the results of this study indicate
that this could be more practical than a single-step method for expansive
forecasting windows but not for short-term forecasting widows, which is
the case of unstable cryptocurrencies prices. Therefore, empirical studies
are needed to determine if this multi-forecast approach will be more

accurate than the iterative one.
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An approach developed by Patel et al. (2020) focuses on Litecoin
and Monero to predict cryptocurrency prices. The proposed hybrid model
outperformed conventional LSTM networks, they concluded. A number of
studies have shown that combining DL techniques into hybrid models can
Improve time series forecasting (Kim & Cho, 2019; Sainath et al., 2015; Li
& Dai, 2020). In this regard, the current study tends to agree with that
statement because CNN, LSTM, and FCNN (Combine Model 1) provide
the most accurate predictions for Bitcoin compared to wider forecasting

windows.
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5.2 Research Limitations and Weaknesses

The current study focused on the well-known and successful DL
techniques such as FCNN, LSTM, and CNN and excluded the latest
emerging techniques that are just recently been used for cryptocurrency
forecasting problems such as Temporal Convolutional Networks (TCN)
and Transformers. This work covered only the time series forecasting
process and excluded the time series analysis process. Univariate time
series problem was considered, while a multivariate time series problem
was excluded. Single-step, recursive forecasting strategy was used
instead of a multi-step forecasting strategy. Finally, only the top two
cryptocurrencies, Bitcoin and Ether, were considered, while more

cryptocurrencies could have been considered to enrich the study.

5.3 Conclusion

Cryptocurrency policymakers, regulators, and investors need accurate
prediction tools to support them in making their strategic decisions for
assessing cryptocurrency market behavior. Time-series modeling, analysis,
and forecasting have historically been critical areas of academic research.
In time series analysis and forecasting cryptocurrencies, datasets constitute
a challenging task because they are influenced by many uncontrollable
factors, volatility, and significant fluctuations. Comparative and empirical
studies are becoming essential to better understand the scientific advances
in this field to provide a comprehensive and practical comparisons
framework for cryptocurrencies forecasting using DL techniques.
Identifying the most straightforward, fastest, and best DL technique for
each cryptocurrency time series problem is imperative. The current study
has argued that deep learning techniques are practical and efficient for

predicting cryptocurrencies' prices. With deep learning algorithms
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becoming more mature and accurate, forecasting the future is always on

the list of uses for them.

The main contribution of the current study to the state of knowledge
on this topic was to provide evidence that DL techniques are becoming a
preferred tool for different time series problems and, more specifically, for
addressing cryptocurrencies' time series forecasting problems due to their
advanced capability in learning from raw data. Furthermore, this study
suggests that combining DL techniques for cryptocurrency price
forecasting will produce the best results for Bitcoin and less optimal results
for Ether. In line with the directions and findings of other studies on this
topic, the current study provided a comprehensive comparison between
different DL categories such as MLP, RNN, CNN, and their combinations.

In conclusion, it was found that the combined, i.e., hybrid,
architectures are efficient and provide a more accurate forecast for
cryptocurrencies’ price when compared to plain vanilla architectures.
However, these results cannot be generalized because different
cryptocurrency datasets may need carefully designed hybrid models to
achieve optimal results. To model a time series forecast, one must consider
both the trends and seasonal variations, as well as the correlation between

values near each other in DL.

5.4 Practical Recommendations

A variety of machine learning tasks have been successfully addressed
with deep learning techniques in recent years, outperforming traditional
and machines learning models. In addition to combining powerful DL

techniques, it is also essential to develop highly sophisticated and robust
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DL baseline architectures that can serve as the benchmark for innovative
hybrid techniques in the future. Cryptocurrency time series data
preparation is another critical area that requires further exploration. Some
researchers recommended skipping the time series analysis and data
preparation stages and focus on directly on the time series forecasting stage
while capitalizing on the DL skills to learn from raw data. The current
study recommends conducting more studies on using DL techniques for
time series analysis, data preparation, and forecasting in a single model

instead of skipping critical stages in specific time series problems.

In addition to exploring more cryptocurrencies, the methodology used
in this study could be easily enhanced to include more cryptocurrency
features to deal with multivariate time series problems. It would be
beneficial to explore the potential use of cryptocurrency blockchain
information and other features such as the daily volume of trades or even
economics and technical trading indicators in future research. Additionally,
more empirical comparison studies are suggested to uncover the
effectiveness of the state-of-the-art DL techniques for time series analysis
and forecasting in a different field. Moreover, improving forecast strategies
for short and long-term forecast windows could be another interesting
direction for future research. Combining iterative single steps with direct
multi-step forecasting methods is fundamental to successfully applying DL
for time series. For example, DL techniques can be used to find the optimal
function that links the forecast horizon, forecast method, and residual error

optimization for different cryptocurrencies' time series problems.
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Appendix A: Tools and Libraries

Python

There is tremendous potential for Python to be the most dominant
platform for applied machine learning. Python is a flexible general-purpose
programming language that can be used for data science projects due to its

versatility as a programming language.

Scikit-learn

For practicing and developing machine learning using Python, the
scikit-learn library was used. The library is focused on machine learning
algorithms for classification, regression, clustering, etc. As well as
providing tools for evaluating models, tuning parameters, and

preprocessing data, it also features a broad set of related tasks

SciPy

The SciPy library for Python offers an extensive collection of math,
science, and engineering tools. For data science projects that are based on
Python, there are two SciPy libraries essential. In addition to NumPy,
which offers efficient array operations, Matplotlib provides data

visualization options.

Pandas

Pandas is a Python library that contains high-performance tools that
load and handle data efficiently. For representing data, it provides
convenient data structures like DataFrame and Series, which are built upon
and require the SciPy ecosystem under the hood. With Pandas library, time

series data is especially well supported.
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TensorFlow and Keras

The TensorFlow platform is an open-source machine learning
platform that provides end-to-end support. Open-source tools and libraries
are integrated with this repository. It provides advanced tools for
researchers to create and deploy deep learning-powered applications. On
the other hand, the Keras framework allows for fast experimenting and
integrates seamlessly with TensorFlow. An important benefit is its ability

to transform ideas into results quickly.



Appendix B: Experiments’ Results

The following plots represent the results obtained from the implemented
models.
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FCNN Results for Ether

ETHHUSD Best Model Traiing § Vaicetion Loss versus No. of epochs usig: FONN anda lag Window of: 7
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LSTM Results for Bitcoin
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LSTM Results for Ether

ETHAUSD Best_Mocdel Training & Valdation Loss versus Mo. of epochs using: LSTh and a ag Window of. 7
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BLSTM Results on Bitcoin

BIC-USD Best oo Tring & Ve Loss verss .o epcch g BLSTHf anda b Widowf: BTCUSD Al vers Best e Pried Vatesusg:BLSTH and g Wi f 7

BTC-USD Actialversus Bes! Mode! Precicted Viabes using: BLSTW and a ag Winow o 35

b pof
gL A
Ay
7 t

TS0 st Hod Tig S Vo o st . of s sy BLSTH and g it 35
-

T —=
—=

-

| N,
Yo dh i
Ty “;.,u,w.‘

BIC-UUSD Actua verus Best Mode Pedcte Vabes using. BLSTM and 2 g indow of 49

= | - i
| —u -

a« el m

e — ! LB 8
Had |

o}

o ;

“ T —_— e

a

" » ' © 9 s ] a ] L] w
- o
BIC-U/SD Beaf_Mode Trainng & Vakdafion Loss versus No. of epochs using BLSTW and & fag Window of 56 ATC-SD Bes!_Hods!, ST, 5

o | C=

- ,
o v
o Yph W ¥
. AT,

o — P

— — | . . gt
a0 = 7
® » N < f . s u s w = w

BIC-USD Close Prie Frecast using: BLSTM and Forecasing Winowis 7

- i 1 HECVE
- e Ao oE
‘ AV !
= A M
H [ 1 W 5]
SO i/ “M .
\1 . P4 m”w
i /
. M m /ﬂ/"\f’ :::m
1] ] 2 k] b i 1] i 1 8 b 1] 2 b L] 1 Ll #
o il ol
BTSD82 M gl s s . oot v ST Wit 1 TS0l st Mo PV AT i i 4 BIC80 e Pty BLSTH Py W 14
w—t —b I — e )
| -u bt e Y
- T =~ *
‘ ¥
T '\"r‘v"a )
I W
| ANAN # :
o /d - o
. 1 | 1 4 i ] i L ] k4 o B a | 1 H 4 i 1] L a u L
] o e dlag
BT S0 Bt Mo g Vi oo ot g LT g i 1 BT S0 Al et o e Ve s BLSTH by Wi 2 STGUSD s e et ELSTHend ey Moo I
p——— A
| s n o I
- 1 cr f\?ﬁ:"i‘ﬂ'L d ¥
v — A ATl
j’w ¥
- 1 fr 1
-— ;u‘ﬁhf
- ”\’M / §
= w m r [ =
‘ faland s it w
- I 3 1 ) 1 ' E u 5 n 5 a = I ] ] ] w B B ®
wh oddm e dles
BIC-U/SD Beat_ Model Training & Vakdation Loss versus No. of epochs usig: BLSTH and a fag Windaw of 28 BITC-USD Actuef versus Best Model Predicied Vs using: BLSTH and a g Window of 28 BTC-USD Close Price Forecastusing: BLSTM and Fuvecasting Window i: 28
il ie] - .
| WM
3 ) "l
feom 1} a,
. ! /
s = — —— [ —
- —

tadlm
BTC-USD Close Prics Foreasf usng: BLSTM and Forecasting Hindow i 48
|- e "
e o
- e
(Al
—
e

et




BLSTM Results on Ether

ETHUSD Best Mode! Traning & Validation Loss versus No.of epochs using: BLSTH and a ag Windowof: 7
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CNN Results on Bitcoin

BICUSD Best Modsl Taning & Vaeon Ho.of pochsusng: b Windowof 7
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Combined Model One: CNN_LSTM_FCNN Results on Ether

ETHHUSD Best. Model Traiing & Valdation Loss versus No. o epochs using: CNN LSTM_FONN and  fag Window of 7
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Combined Model Two: CNN_BLSTM_FCNN Results on Bitcoin
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Combined Model Two: CNN_BLSTM_FCNN Results on Ether
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