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GENERAL INTRODUCTION

In financial markets, the ability to predict the market movements, at least to an acceptable degree
of accuracy, is crucial for investors and financial institutions to make well-informed decisions that
could increase gains or reduce losses. The use of traditional statistical models has proven fruitful
for years in the context of traditional financial assets. However, the introduction of
cryptocurrencies, and the subsequent emergence of cryptocurrency market, proved a great
challenge for these traditional models.

Cryptocurrencies are digital assets that rely on blockchain technology to record and verify
transactions across a network of computers. Unlike fiat currencies, cryptocurrencies are not subject
to the oversight and control of official financial institutions, like central banks, for their issuance
or traffic. This independent, decentralized nature of these novel assets gave them some advantages
that appealed to the public, as well as investors and financial institutions: financial inclusion—
anyone can access them through only simple internet connection, low transaction fees, transaction
speed—they can be settled in a matter of seconds, transparency and security—they are immutable
and publicly verifiable, little to no inflation risk because of market cap, and true ownership—users
hold private keys to their assets with no risk of fund seizure or freezing. But even when they are
called crypto-currencies: “Some scholars consider them just speculative assets rather than to be
called currencies at all. Yermack D (2015)”. [1]

Nevertheless, after the successful release of Bitcoin in 2009, and the subsequent introduction of
several other cryptocurrencies—each with unique use cases and technological characteristics, the
new emerging market, that grew rapidly into a global market despite its novelty, has proven to be
highly erratic and unstable in comparison with the traditional financial market. This became a
concern for traders and investors —the traditional models developed specifically to forecast the
traditional financial assets couldn’t handle the highly volatile nature of the new market with the
same degree of success. However, this also presented an opportunity to achieve great investment
success, because “the riskier the market, the higher the reward”. [1] New, more accurate models
to handle the challenges of this novel market have become crucial for these investors and traders,
and this coincided with the rise of Artificial Intelligence (AI) with more sophistication and
potential.

Machine learning (ML) and deep learning (DL) techniques, which both fall under the umbrella
of (AI), have gained increasing attention in the financial domain due their proven ability to
discover patterns and relationships, especially non-linear and complex ones in financial datasets.
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Given the distinct nature of cryptocurrency market, these abilities hold promise. But, while several
studies have already demonstrated the ability of ML and DL models in predicting the prices, only
few were concerned primarily with forecasting the cryptocurrencies market volatility. Accurate
volatility predictions are critical for informed decision making concerning future investments and
economic ventures by financial actors. This require an intensive demonstration of both ML and
DL tools’ ability to handle cryptocurrencies highly volatile market nature and provide accurate
forecasts, or at least accurate enough: “4 trader does not need to make perfectly accurate forecast
to have a positive expectation when participating in the markets, he/she just needs to make a
forecast that is more correct than the consensus”. [2]

While they are both Al tools, ML and DL models differ in their strategy, architecture,
complexity, and even interpretability. The research undertaken in this thesis addresses a central
question: How do machine learning and deep learning models, specifically tree-based machine
learning and RNN deep learning models, perform in forecasting cryptocurrency volatility and
Which approach—tree-based or RNN—offers superior prediction performance for forecasting
volatility for major cryptocurrencies (Bitcoin and Ethereum) 24-hours ahead? Answering this
question involves the examination of several models, both ML and DL, their accuracy,
generalizability, and hyperparameter optimization impact on their performance, using evaluation
metrics (MAE, MSE, RMSE, R?) and diagnostic checks.

The core hypothesis of this thesis is that deep learning models, particularly Recurrent Neural
Network models such as LSTM and GRU, will outperform the traditional tree-based machine
learning models, represented by Random Forest and XGBoost. The hypothesis is grounded in the
premise that RNN models are structured to capture temporal dependencies and are well-suited to
handle rich, sequential, and vast datasets.

This thesis is organized into five main sections:
e Introduction: Where the research context, problematic, objective, and the plan are
announced.

e Literature Review: Clarifies main concepts and summarizes the previous works on the

subject.

® Methodology: Details the steps and procedures followed in the research from data
collection and preprocessing to model testing and evaluation.

® Results and Discussion: Presenting the results, analysis, interpretation, comparison with
other studies, diagnostic checks, discussion of findings, and limitations of the research.

® Conclusion: Recaps the research objective, summarizes the findings, acknowledges the
limitations, and suggests future research directions.
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CHAPTER 1: LITERATURE REVIEW

1.1. Introduction:

This chapter begins with a succinct definition of cryptocurrencies, characteristics of
cryptocurrency market, and the concept of cryptocurrency volatility. Then, it outlines the
traditional or classical statistical models, reviews some studies about statistical models, delves into
theoretical aspects of the machine/deep learning models of this thesis, then reviews studies that
compares the traditional and the ML models. Finally, it delves into a review of studies that focused

mainly on ML/DL models in forecasting the volatility of cryptocurrencies.
1.2. Definition of Cryptocurrencies:

The term Cryptocurrency refers to a set of digital, virtual coins, that are based on blockchain
technology and secured by cryptography, created as an alternative to fiat currencies (traditional
money). Unlike traditional financial assets that are backed by real companies, governments, and
physical assets, these digital assets “does not have any intrinsic value” [1], except value based on
supply, demand, and peer-to-peer trust. They are “a medium of exchange, created and stored
electronically on the blockchain, using cryptographic techniques to verify the transfer of funds and

an algorithm to control the creation of monetary units”. [53]

As for blockchain, it is a digital ledger that uses consensus mechanisms to verify and secure
transactions, and create new coins. Two most common consensus mechanisms are proof of work
and proof of stake. [54] Proof of work (PoW) relies on the process of solving complex
mathematical problems that require computational intensity, which enforces security and
discourages fraud, while in proof of stake (PoS), validators stake an amount of cryptocurrency as

collateral in order to validate transactions. [55]
1.3. Characteristics of Cryptocurrency Market:

As a novel asset class, cryptocurrencies exhibit unique characteristics that set it apart from
traditional financial assets. Among those distinct features we find:

e High Volatility: Describing cryptocurrencies volatility as ‘high’ is an understatement. This

extreme fluctuation both poses a threat and provides an opportunity to investors. Daily 5-

10% or more price swings are not rare due to several factors like: speculation, lack of



regulation, market novelty and therefore immaturity, and high sensitivity to news and social
media.

e Non-regulation and Decentralization: Unlike traditional financial assets,
cryptocurrencies are not issued by official or governmental institutions like central banks,
which significantly reduces oversight and leads to an unstable and sometimes erratic
market.

¢ Sentiment sensitivity: the cryptocurrency market can be easily acted upon from media,
social media platforms, and public sentiment. News, rumors, and opinions can cause big
price surges and drops in a small timeframe.

e 24/7 Trading: conventional markets have defined trading hours, while cryptocurrency
markets operate 24 hours a day, 7 days a week, potentially affecting volatility patterns. [10]

e Relatively Young Market: The novelty of this market results in a limited historical data.

1.4. Cryptocurrency Volatility:

1.4.1. Definition of Volatility:

“In quantitative finance, volatility refers to the conditional standard deviation (or conditional
variance) of the underlying asset returns (Lahmiri et al., 2018)”. [3] Alternatively, it is the degree
of variation in asset prices over time. It is a central concept in financial risk management and other
aspects of financial markets. High volatility periods indicate significant price fluctuations and
increased market uncertainty, while low volatility suggests more stable and predictable price
movements. [4]

Typically, the volatility of cryptocurrencies is measured using:

e Realized or Historical Volatility: Measures past price movements during a period of time,
which provides an insight into how volatile an asset has been.

e Implied Volatility: Reflects the expectations of volatility in the future.

1.4.2. Why Are Cryptocurrencies So Volatile:

Compared to traditional financial assets, cryptocurrencies are highly volatile, which makes
accurate fluctuation predictions essential for investors and institutions: “Forecasting volatility in
finance is a complex task, and capturing the sensitive nature of cryptocurrencies is hard in both
finance and economics”. [1] “Giudici and Abu-Hashish (2019) confirmed cryptocurrency markets
as more volatile than traditional foreign exchange markets. Chu et al. (2019) also reported
considerable volatility in the price of cryptocurrencies. Likewise, Bouri et al. (2017) validated the
footprints of greater volatility in crypto-currencies than their counterparts, i.e., the traditional

foreign exchange market”. [1]



This high volatility is attributed to the following key factors:

We

Speculation: Buying and selling cryptocurrencies is based on price expectations rather
than the asset’s intrinsic value. This market is reactive to news, hype, and fear which causes
sharp swings driven by sentiment and emotion.

Mliquidity: “Liquidity contributes to a stable market by buffering against extreme price
swings and market manipulation. Because many cryptocurrencies are generally illiquid,
they are also more vulnerable to global news events that impact on risk-on assets”. [56]
Market Novelty: The relatively novel state of cryptocurrency markets means they are
more susceptible to large price swings due to lower liquidity and market depth. [57]
Regulations: No global regulatory body of cryptocurrencies, which means that
regulations, or the lack of thereof, varies from nation to nation. This affects the volatility
when, for example, a large nation decides to restrict or totally ban cryptocurrency trading.
[56][57]

Macroeconomic Events: “such as geopolitical tensions, economic crises, or natural
disasters, can fuel volatility in the cryptocurrency market. Events like these often create
uncertainty and fear, leading investors to re-evaluate their risk appetite and potentially

withdraw capital from cryptocurrencies™. [57]

distinguish two types of approaches to volatility modeling: traditional, such as

ARCH/GARCH, and machine learning techniques.

1.5.

1.5.1.

Traditional Volatility Forecasting Methods:

ARCH and GARCH Models:

Autoregressive Conditional Heteroskedasticity (ARCH) proposed by Robert F. Engle (1982)

and its generalization, namely (GARCH) proposed by Tim Bollerslev (1986), are among the most

popular models for forecasting time series.

Autoregressive means the model looks at past data to predict current data. Conditional means

it adjusts its predictions based on recent information. Heteroskedasticity refers to the fact that the

volatility of data isn’t constant—it changes over time.

1.5.1.1. How ARCH/GARCH Works:

The main concept that needs to be explored is the concept of Shock. It is the difference

between the actual return and the expected return.

Shock = Actual return - Expected return (1.1)
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In other words, Shock is the unexpected part of returns—the surprise component that wasn’t
predicted by the model. It is also called Residual or Error.

Volatility is, in its part, a function of squared shocks.

07 = Qo+ ay. 871 + 0y gf, + -+ a4 87, (1.2)
Where:

e 02 = forecasted variance (volatility) at time t

o &2_, =squared shock from the past

* Qg, Uy,..., Qg = parameters estimated by the model
e g =number of past shocks we look at. [5]

But in order to have a good forecast, q needs to be very large—many past shocks are needed.
This makes the model complicated, and on top of that, it doesn’t account for the effect of volatility
itself. This shortcoming was fixed by introducing GARCH.

GARCH takes past volatility into consideration, which adds a memory component to the model,
making it more efficient and accurate.

02 = oy +0y.82_; + B1.07, (1.3)
Where:

e 02, =last period's variance (volatility)

e [3; = new parameter for how persistent volatility is. [5]

1.5.1.2. GARCH-type Models:

GARCH-type models are a basic class of econometric models used in modeling and forecasting
volatility of financial time series. The strength of GARCH-type models is their ability to capture
volatility clustering—periods of high (or low) volatility tend to be followed by periods of high (or
low) volatility. GARCH-type models are efficient and include structures for conditional variance
that include both past squared shocks and past volatility.

Since the basic GARCH (1,1) model was developed, many different extensions of the GARCH-
type model have since been proposed to help mitigate shortcomings of the original model. The
original GARCH-type model does not consider asymmetric effects from shocks (for example,
leverage effect), so EGARCH (Exponential GARCH) has been introduced. GIRGARCH (Glosten-
Jagannathan-Runkle GARCH) has also been introduced to address the issue of modeling the

different effects of both positive and negative shocks on volatility.
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All of these modifications enhance the suitability of GARCH-type models for containing
features of financial data found in the real-world, for example; asymmetric returns, and volatility

clustering.

1.5.2. Stochastic Volatility Models:

While volatility in ARCH/GARCH models is treated as a deterministic function of past squared
shocks, it is modeled in SV models as a latent stochastic process. This means that while it cannot
be directly measured (hidden and randomly changing value), we can infer its existence from
directly observing its effects. [6]

Because of this, estimating the model parameter is more challenging than that of GARCH
models, demanding the implementation of techniques like Markov Chain Monte Carlo
MCMCQ). [7]

The canonical stochastic volatility model is: [8]
ye = eMt/?g, (1.4)
with the latent log-volatility process defined by:
he = p+ohey + (1.5)
Where:
e vy, =observed return.
e h, =log (c?): latent log-volatility process (et/? = ¢?).
e & = Standard normal shock.
e u = The long-term mean of the log-volatility.
e ¢ = Persistence parameter (|¢| < 1).
e 1= The volatility of the volatility.

e 7, = standard normal random shock, applied to the log-volatility.

SV models’ approach to volatility helps them to be a better match to how real markets work.
Especially in cryptocurrency market, where studies have proven that they excel over GARCH-
type models due to their ability to capture complex volatility dynamics: “The excellence of
forecasting power in our SV model provides implications that it can be used as a better risk
management tool than other GARCH family models. Moreover, the forecasting errors of the SV
model, compared with the GARCH models, tend to be more accurate as forecast time horizons are

longer”. [9]



1.6. The Application of Traditional Volatility Forecasting Models to

Cryptocurrencies:

While traditional models have been proven to be successful in forecasting the volatility of
traditional financial assets, it’s not necessarily true that the same should apply to cryptocurrencies.
Several studies have been conducted in the past several years applying traditional volatility models
to cryptocurrencies.

For example, Chu et al. [11] concluded that traditional volatility models (especially IGARCH
and GJRGARCH) are useful in predicting cryptocurrency volatility. Also, the paper supports
increased regulation, noting growing global oversight, especially by the U.S. SEC, China, and
South Korea.

Kim et al. [9] analyzed 10 cryptocurrencies and found out that the SV model outperformed
GARCH in forecasting accuracy, especially over longer horizons and in highly volatile conditions.

Although these studies and others have concluded that traditional volatility models can capture
some aspects of cryptocurrency’s volatility, the unique features exhibited by this new financial

asset may require the use of enhanced versions or even the introduction of entirely new methods.

1.7. Limitations of Traditional Volatility Forecasting Models:

Maciel [12] assessed that GARCH models do not account for regime shifts that occur due to
external factors like regulatory changes or macroeconomic events, which results in poor forecasts
during such periods.

Sun and Kristoufek [13] found out that GARCH models need high-frequency data for better
volatility prediction. The unavailability of such data may result in these models underperforming
even in comparison with simpler methods like Garman-Klass estimator.  Pruser [14] argues that
SV models perform better than GARCH models, but they require more intensive computation and
may depend on Bayesian estimation methods.

Chen et al. [15] and Khaldi et al. [16] determined that standard GARCH models are not reliable
in capturing the leverage effect, where negative returns lead to higher volatility. Modified versions
like EGARCH and TGARCH can address this, but they require careful parameter selection and
may sometimes underperform when compared to simpler models.

Wang et al. [17] demonstrated that machine learning models, such as LSTM (Long Short-Term
Memory) and Random Forest, often outperform GARCH models in volatility forecasting. This is
attributed to the ability of machine learning models to capture non-linear patterns and complex

interactions in the data. While Derbentsev et al. [18] noted that a primary distinguishing feature



separating machine learning from traditional statistical modelling is the concept of how data is
used. Specifically, machine learning algorithms assume that the algorithms can explore raw (or
seemingly unstructured) data, extract patterns and associations, and produce useful inferences
without the need to be decomposed beforehand or conduct hypothesis testing. This means that
machine learning algorithms assume that they can extract predictive logic directly from the data

itself, which facilitates the modelling process.

“GARCH models, while designed for volatility, in most cases cannot cope with such magnitude

and frequency of the fluctuation in cryptocurrency markets (Sumon et al.,2024)”. [19]

Table 1.1 Summary of Studies on Bitcoin Volatility Forecasting with Their Best Score
Traditional Model

EVALUATION
AUTHOR(S) TARGET DATASET MODELS
METRICS
Realized BTC 2014-2021 RMSPE: 0.2015
Chi Bui [2] TARCH (1,2,0)
Volatility 1-day interval RMSE: 0.0668
TARCH
Horizon =3 MSE: 5.288
BTC 01-2018 to
) Realized days
Kim et al. [9] 01-2019
Volatility SV
1-day interval
Horizon =3 MSE: 1.646
days
BTC 2018 -
Amirshani & Realized GARCH (GED
o . 2022 o RMSE: 0.00458
Lahmiri [3] Volatility ‘ distribution)
1-day interval
ARCH (4) MAE: 0.00155
Realized BTC 2014-2022
Pratas et al. [20] . ‘ Horizon =3 MAPE:
Volatility 1-day interval
days 194.45%
BTC 1-11-2017 RMSE: 0.014
Realized GARCH S
Wang et al. [17] Volatili to 31-07-2022 Hori L
olatilit orizon = | da
Y 30-min interval ¥ | MAPE: 38.02




1.8. Machine Learning/Deep Learning Volatility Forecasting Methods:

Machine learning and deep learning techniques are increasingly being used for financial time
series forecasting. Although these techniques are not yet fully adept at forecasting volatility in time
series where the underlying variables are highly nonlinear, non-stationary, and noisy, they still
hold promise. With machine learning and deep learning, there is an opportunity to utilize a wide
range of models. From classical machine learning algorithms (such as Random Forests, Support
Vector Machines, and Gradient Boosting Machines) to deep learning architectures (including
Recurrent Neural Networks (RNN), Long Short-term Memory (LSTM) Networks, Gated
Recurrent Units (GRU), and Temporal Convolutional Networks (TCN), to name but a few. These
algorithms have the benefit of being flexible, data-driven, can capture the complexities of temporal
dependencies and nonlinear relationships which have been difficult to capture using conventional
econometric approaches (such as GARCH-type approaches).

“Some of the key benefits of integrating machine learning-driven predictions into financial
systems are better accuracy, speed, and scalability. Unlike the traditional models, which are often
adjusted manually, the machine learning models automatically self-adjust with new data. This
ensures that they remain relevant even when market conditions change. Such systems can also
process large volumes of data in real time, including unstructured sources such as social media
sentiment or blockchain transaction data, to provide a far more holistic view of the market”. [19]

We are keen to highlight this rapidly growing area of research into the application of machine
learning and deep learning approaches to volatility forecasting in the following review of the
literature and key methodologies, datasets, evaluation metrics and performance in comparison to

conventional methods.

1.8.1. Traditional Machine Learning Models:

The machine learning paradigm selected for this thesis is Ensemble Leaning. It is the process
of combining multiple base or weak learners to produce a better or more accurate prediction
compared to individual models. It utilizes techniques like bagging, boosting, and stacking.
Multiple studies have confirmed that this paradigm is advantageous in the field of forecasting

cryptocurrency market. [21] [22] [23] Two models are selected: Random Forest and XGBoost.

1.8.1.1. Random Forest:
Random Forest (RF) is a powerful ensemble learning method for time-series forecasting that
works by building multiple decision trees using bagging and random subspace selection in order

to reduce prediction variance and prevent overfitting by increasing model diversity. RF uses block
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bootstrap sampling to account for temporal dependencies. The final output is computed by
averaging the weighted predictions of trees across bootstrap samples. [17]

“Bagging is especially useful in combination with tree models that are sensitive to changes in
training data. In the RF algorithm, bagging is combined with the method of random subspaces:
that is, each tree is built on different randomly selected subsets of features—this process is called
subspace sampling. The random subspaces method reduces the correlation between trees and
avoids retraining because the basic algorithms are trained on different subsets of traits, which are

also randomly selected”. [24]

Test Sa_nj_ple Input

® © (S
| Prediction 600 |
{ Average All Predictions ‘
k2 .
Random Forest
Prediction

Figure 1.1 Ensemble Prediction Process in Random Forest Regression [25]

The equation is like this:

B
1
9 =2 T,() (16)
b=1

Where:
e J is the final predicted value,

o B is the total number of trees in the forest,

e T,(x) is the prediction of the b*" decision tree for input x.

While The formula for T, (x) is:
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1
N, (x)

iELb(x)

Tp(x) = Vi (1.7)

Where:
e Lp(x) is the set of training instances in the leaf node where input x ends up in tree b,

e y; is the target value of training instance i,

e Np(x)=IL,(x)| is the number of training instances in that leaf.

1.8.1.2. XGBoost (Gradient Boosting):

Despite being both Ensemble Learning methods, the difference between Random Forest and
Gradient Boosting lays in the process of prediction. While the output of Random Forest is the
average of all tree models’ predictions, Gradient Boosting gradually and repeatedly trains models
so the next one learns from the errors of the one before. In the end, all the models are combined
into a stronger one with much better predictions.

XGBoost is a version of Gradient Boosting, and was designed to be faster and more accurate

especially when dealing with large datasets, or when overfitting might be a concern.

X,y
_,—o—'—'_'_'_'____ T
_,—o—'—___'_'_'_'_'_'_'____ _\_\_\_\_\_\_\_\_\_—_—_\_\_\_‘_‘—‘——_\_‘_‘_
Tree 1 Tree 2 Tree n
O 1 fi f:
= é} &’;}I
O
O @)
\ ? Eﬂzl k(x} .—F"f
}
Result
Figure 1.2 A general architecture of XGBoost [27]
The output is expressed generally as such: [26]
N
y = felx) (18)
k=1

Where:
e y predicted output,

e f, the score from the k-th regression tree,

e x, the input feature at time t,
12



e N is the total number of trees used in the model.

1.8.2. Deep Learning Models:

RNNs, or Recurrent Neural Networks are a type of artificial neural networks (ANNs) that have
succeeded in domains where temporal context is important, which is the case with forecasting
based on time series data. LSTM and GRU are both advanced RNN variants that are commonly
used and extensively researched and validated in different studies. [28] [29]
1.8.2.1. LSTM (Long Short-Term Memory):

It is a RNN that was designed to work with sequential data and to handle the vanishing gradient
issue described by Bengio et al. (1994). [3] An LSTM consists of a cell state (C), a hidden state
(h), and three gates: input gate that decides what information to keep, forget gate that decides
what information to discard, and output gate that determines the hidden state based on the cell
state. [17]

These gates operate on a sigmoid activation function to manage the flow of information:

1
o(x) = T o= (1.9)
Where the cell candidate state activation function is:
X — o*
tanh(x) = Py (1.10)
LSTM equations per each time step:
Given:
e Xx;: input at time t,
e h;_;: previous hidden state,
e ;_4: previous cell state,
e W, U, b: weights and biases.
The equations are:
1. Forget gate:
fo = o(Wsx, + Ughy_y + by) (1.11)
2. Input gate:
i = o(Wyx; + Uhi_1 + b;) (112)
3. Candidate cell state:
¢; = tanh(W.x; + U hy—q + b.) (1.13)
4. New cell state:

13



¢ =f0O 1 i O G (1.14)
5. Output gate:

0, = c(Wyx; + Uyhi_q + b,) (1.15)
6. Hidden state:
h; = o; © tanh (c¢;) (1.16)

Where (O denotes element-wise multiplication.

Ct-1 X & ---------- < ] C:

‘ tanh
. 8 |
ft L X ' 0; X
v, |
o o tanh o

i I
he_4 g | | | | h,

Forget gate  Input gate Output gate

Figure 1.3 LSTM Unit Structure [3]

1.8.2.2. GRU (Gated Recurrent Unit):

The Gated Recurrent Unit (GRU) is a simplified alternative to LSTM that was introduced by
Cho et al. (2014). While LSTM has three gates: input, forget, and output; GRU has only two:
update and reset, where update merges both input and forget gates in LSTM. It also has one
hidden state and no cell state. This simplification renders GRU computationally faster and less
complex, but often on bar with LSTM in terms of performance. [30]

GRU equations per time step are:
Given:

e Xx;: input at time t,

e h,_4: previous hidden state,

e W, U, b: weights and biases.

The equations are:
1. Update gate:
Zt = O'(VVth + Uth—l + bZ) (1.17)
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2. Reset gate:
re = o(Wyx, + U.he_y + b,)
3. Candidate hidden state:
he = tanh(Wyx, + Uy (ry © he_y) + by)
4. Final hidden state:
he=(1-2) 0O hey + 2. O hy
Where:

e ©: sigmoid activation function
o tanh: hyperbolic tangent activation

e (O: element-wise multiplication

hf 1

€Ty

Figure 1.4 GRU structure [31]

1.8.3. Comparative Studies of Traditional vs Machine Learning Models:

(1.18)

(1.19)

(1.20)

Pratas et al. [20] concluded that generally, deep learning models outperform traditional models,

especially over short time horizons. By comparing classical volatility models (ARCH, GARCH)
with DL models (MLP, RNN, LSTM) for Bitcoin forecasting, the study found that ARCH (4) and

GARCH (4,2) models achieved competitive accuracy when evaluated using MAPE. However, the

MLP and RNN models proved to be superior in capturing nonlinear dynamics, but required greater

computational resources. Interestingly, the LSTM model was the worst performing model of the

DL models in this study.

Wang et al. [17] examined machine learning methods, like Random Forest and LSTM models

optimized with Artificial Bee Colony methods (ABC), employed to forecast cryptocurrency

volatility using both internal (e.g: lagged volatility) and external (e.g: financial, technological, and
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policy uncertainty) determinants. The results lead to the conclusion that ML models outperformed
traditional GARCH models in a notable way, with ABC-optimized LSTM giving the best
accuracy. Also, it is important to note that models incorporating data from multiple
cryptocurrencies performed better than models using a single asset, and internal determinants were
the most influential in driving forecasts.

The study conducted by Dudek et al. [32] comparatively evaluated statistical and ML models for
forecasting both the daily and weekly volatility of a set of coins: Bitcoin, Ethereum, Litecoin, and
Monero. The models performances differed due to the variety of cryptocurrencies, metrics, and
forecasting horizons. Therefore, no universally superior model was apparent. Interestingly,
Random Forest and LSTM did not outperform simpler traditional models in a notable way, while
Linear SVR (Support Vector Regression) ranked among the best for the daily forecast and both
FNM (Fuzzy Neighborhood Model) and ridge regression were the leading models in weekly
forecast. Among the findings of this study is that traditional GARCH models were less effective
than ML models, and that using ensembling and hybridization techniques didn’t provide
significant improvement.

A comparative analysis by Nadarajah et al. [33] of volatility forecasts for Bitcoin, Ethereum and
Litecoin showed that, of the models used: all GARCH-type, tree-based ensemble methods and
ANFIS (Adaptive Neuro-Fuzzy Inference System) model, that XGBoost produced the most
consistently accurate forecasts on both the in-sample and out-of-sample periods. While GARCH
methods are relatively simple and interpretable, they are a relatively strong competitive benchmark
and captured some key aspects of volatility. Also, the hybrid ANFIS model does have potential,
but further refinement and enhancement using advanced neural architecture and enhanced fuzzy
systems is required. Overall, the results of this study reaffirm the effectiveness of ensemble
learning in forecasting cryptocurrency volatility while emphasizing, at the same time, the
continued relevance of classical approaches.

Huang et al. [34] explore the effectiveness of machine learning models in forecasting Bitcoin
volatility by comparing traditional models, such as GARCH and HAR, to neural network-based
models including LSTM and a hybrid CNN-LSTM model. Using high-frequency data (2011
2021), they calculate realized volatility at 10-minute intervals. Their models predict volatility in
different horizons (from 1 day to 60 days). The study finds that despite the good performance of
the HAR model in short-term forecasts, the CNN-LSTM model consistently outperforms GARCH-
type models and simple LSTM model, particularly in 7-day forecasts. The results underline the
potential of hybrid deep learning methods in capturing complex, nonlinear volatility patterns in

cryptocurrency markets.
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“The main difference between ML and classical modeling is that the Machine Learning
algorithms interpret the data themselves, so there is no need to perform their initial decomposition.
Depending on the purpose of the analysis, these algorithms “build” logic modeling based on the
available data. This avoids the complex and lengthy pre-model stage of statistical testing of
various hypotheses”. [24]

1.8.4. Studies of Machine Learning Application to Cryptocurrency Volatility Forecasting:

Zheng [35] used machine learning methods in Python to examine Bitcoin’s volatility and its
economic impact and underlined its potential to disrupt finance as we know it. The study confirmed
that Bitcoin is very volatile, due primarily to its decentralized structure and blockchain basis, and
while it presents opportunities for investment, Bitcoin also represents systemic risks. Bitcoin
created modern ways to transact business, but it also brought with it the capacity to undermine
current regulations in finance and the overall stability of the sector. The study highlighted the need
for further adaptive regulatory measures and research to balance risks and investment rewards in
the evolving cryptocurrency sector.

Khan et al. [1] examined the performance of three machine learning models: the cubic smoothing
spline (CSS), neural network autoregressive (NNETAR), and group method of data handling
neural network (GMDH-NN) for forecasting return volatility on Bitcoin, Ethereum, XRP, and
Tether using daily data from 2017-2020. The overall results show that no single model performed
the best for all cryptocurrencies involved. CSS had the best accuracy when predicting return
volatility for Bitcoin and XRP, while NNETAR and GMDH-NN outperformed others in prediction
of Ethereum and Tether volatility respectively using Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE). This study illustrates that the development of volatility forecasting models
must be tailored to the characteristics of each individual cryptocurrency asset.

The capabilities of deep learning algorithms, particularly DFFNN (Deep Feed Forward Neural
Network) and LSTM, paired with GARCH-type models was the subject of Amirshahi & Lahmiri
[3] study. The objective was to forecast volatility for 27 cryptocurrency assets as well as average
pricing across all cryptocurrencies. By using the forecasted outputs for GARCH, EGARCH, and
APGARCH as input features for the deep learning models, the resulting hybrid model
outperformed purely parametric or deep learning models by themselves.

Brauneis & Sahiner [26] explored the integration of Al based investor sentiment from crypto-
specific news with machine learning models to forecast 6-hour realized volatility for the major
eight cryptocurrencies. While traditional HAR models did not improve with the inclusion of

sentiment, some of the ML models (LightGBM, XGBoost, and LSTM) improved predictive
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performance in 54.17% of cases. This research concluded that combining sentiment analysis and
ML has significant promise for risk management and forecasting performance.

Mjoska et al. [36] investigates the integration of blockchain technology and machine learning by
utilizing the Random Forest algorithm to predict Bitcoin volatility. The model is trained by
utilizing real-time Bitcoin blockchain. The model achieved low mean absolute errors in both
training and testing which indicates a good predictive performance. This study proves that features
derived from blockchain data can improve accuracy when forecasting volatility, outperforming
autoregressive (AR) and vector autoregressive (VAR) models. The authors also notes that
prediction error increases with higher volatility and over longer forecast horizons. They suggest
testing other ML algorithms, tree depths, and forecast windows in the future could help further
enhance model performance.

Tang et al. [37] found that the predictive power of RFSV+QRH (Rough Fractional Stochastic
Volatility + Quantile Regression Hybrid) model using only a few parameters, was equivalent to
that of LSTM models. Additionally, The LSTM model was demonstrated to be robust in capturing

asymmetric volatility patterns.

Table 1.2 Summary of Studies that Applied ML Models to Forecast Cryptocurrencies
Volatility

EVALUATION
AUTHORS DATASET* MODELS**
METRICS***
E-DFFNN +
RMSE: 0.00737
Amirshahi & From 7-2-2018 to EGARCH
Lahmiri [3] 7-2-2022 AP-LSTM +
RMSE: 0.01115
APGARCH
R?:0.202
MLP
MAE: 0.00103
R?:0.111
Dudek et al. [32] 2017-2022 RF
MAE: 0.00106
R?:0.143
LSTM
MAE: 0.00114
1-11-2017 to 31-07- RF RMSE: 0.012
Wang et al. [17] 2022
.. ABC-LSTM RMSE: 0.013
30 min- interval
Chi Bui [2] 9-2014 to 8-2021 Bi-LSTM RMSE: 0.0483

18




MLP MAE: 0.00003
07-09-2014 to 01-
Pratas et al. [20] RNN MAE: 0.0002
05-2022
LSTM MAE: 0.00043
14-04-2017 to 30- MAE: 0.002
Khan et al. [1] NNETAR
10-2020 RMSE: 0.015
01-01-2017 to 31-
Nadarajah et al. [33] XGBM RMSE: 0.000306
01-2024
14-01-2019 to 12-
Mjoska et al. [36] RF MAE: 0.015
01-2022
MAE: 0.0053
21-12-2021 to 22- XGBM
Brauneis & Sahiner RMSE: 0.0072
12-2022
[26] o MAE: 0.0049
5 min- interval LSTM
RMSE: 0.0069

* Datasets may include multiple cryptocurrencies, but only Bitcoin was considered. And unless
specified otherwise, the interval is 1-day.
** Only best performing models and/or models selected for this thesis were included.

*#* Studies may also use other metrics, but only metrics used in this thesis were included.

1.9. Conclusion:

Traditional methods like GARCH are still useful, but machine learning models—particularly
when combined with optimization, hybrid architectures, or enriched data sources—will almost
always outperform traditional models in forecasting cryptocurrencies volatility. The model
performance may vary considerably based on selected cryptocurrency, forecast horizon, and

features, which underlines the importance of customized model specifications.
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CHAPTER 2: METHODOLOGY

2.1. Introduction:

The aim of this research is to predict the volatility of cryptocurrencies, namely Bitcoin (BTC)
and Ethereum (ETH), using machine learning and deep learning models. This chapter presents the
methodological framework employed in the process.

The chapter starts with data collection, the source for the historical market data and timeframes,
as well as the data preprocessing steps taken to clean and prepare the raw data. Then it delves into
the process employed for features engineering, including the lag variables and rolling statistics.
After that, the forecasting models that have been tested in this study; this included established
ensemble modeling methods and recurrent neural networks (RNN). The chapter concludes with
the evaluation metrics and diagnostic checks used for assessing models performance.

The figure below is the Model pipeline or the workflow diagram that summarizes the steps taken:

—

Data Acquisition

Binance API
OHLCV +
Timestamps
P Machine Learning
S
Data
Preprocessing

— ERETNCEE T —— | Model Selection | ==<
(80/20)

Figure 2.1 Model Pipeline (Workflow Diagram)
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2.2,

2.2.1.

Data collection:

Time Series Data:

In financial forecasting context, time series data is a sequence of observations recorded in

chronological order, and at equal time intervals, for example: minute-to-minute, hourly, daily...etc.

Cryptocurrency time series data has unique features that makes it significantly different from

traditional financial time series data:

2.2.2.

Non-stationarity: The statistical characteristics of the data, like the mean, the
variance...etc., change over time. This is a problem for models that assume stationarity.
One important aspect of this is heteroskedasticity, or volatility clustering, which means

that volatility changes over time.

Regime Shifts: They are when the behavior of the underlying feature of the data (in this
case: volatility) suddenly changes. they represent a real challenge for the models to

accurately predict them.

High-Frequency Noise: Rapid and random movements in data that don’t represent a real
trend, especially in high-frequency data. They can lead models to overfitting.
Non-Linearity: Crypto markets behave in a complex, unpredictable ways. In simpler
words: the relationship between inputs and the output is not a simple, straight line.
Extreme Volatility: Self-explanatory and evident in the skewness score that will be seen
later on in this chapter.

24/7 Trading Behavior: No closing time or rest periods. Volatility can change anytime of
the day. This requires the addition of time-based features later on in feature engineering.
Lack of Historical Depth: Compared to traditional assets like bonds, stocks, and
commodities, cryptocurrencies don’t have a long history of trading data. This means that
the data available for model training is limited, which in turn, affects the reliability of the

results.

Selected Cryptocurrencies:

The data that was used in this study consists of two separate datasets. The first one is Bitcoin

dataset, and the other one is Ethereum.

Bitcoin was first introduced by Satoshi Nakamoto (an alias for an unknown individual or

individuals) in 2008 and entered trade in 2009 as a decentralized digital currency used in

transactions on the internet as an alternative to traditional money that flow through banks. “Bitcoin
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is a dominant figure and the most famous digital currency which is traded in more than 16,000
markets around the globe. Narayanan A, Clark J (2017)”. [1] As for Ethereum, it differs from
Bitcoin in that it is actually a platform for building apps that run on a blockchain. It has its own

cryptocurrency called Ether, which is used to pay for the use of the network. [38]

The reasons those two cryptocurrencies were selected are:
1- Market dominance: The two largest cryptocurrencies by market cap [39], which makes
their volatility patterns more interesting for research.
2- Long trading history (BTC since 2009 ETH since 2015), which means rich, reliable, and
high frequency data.

3- The most preferred “new” financial assets among financial institutions. [40]

2.2.3. Data Provider:

The provider of the data is Binance API client. Binance is the largest cryptocurrency exchange
in the world [41], which makes it more reliable and immune to manipulation. Binance API is
public, free, and actively maintained. It offers both historical and live streaming data, and it is
widely used in academic research.

The data span around 7 years, from 01-01-2018 at 00:00 to 27-01-2025 at 08:00. In this period,
the cryptocurrencies in question reached high liquidity and institutional participation, and Binance
started providing high quality, high frequency data via its API. Also, this period knew multiple
market cycles, like post 2017 crush, crypto winter of 2022, and increased regulations and market
recovery of 2023-2024. Not to mention major global events such as COVID-19. This all helps
model generalization and robustness.

Both cryptocurrencies were paired against Tether (USDT), which is a stablecoin representing
the US Dollar (USD), where 1 USDT = 1 USD. So, we have two pairs: (BTCUSDT) and
(ETHUSDT), both represent the symbol used to fetch the data of the specific coin through the
Binance API.

The data frequency is hourly, which makes it well suited and sufficient for forecasting daily
volatility with machine learning models. This also helps capturing the volatility more effectively
than the daily data, giving the 24/7 open market nature, and avoids the noise and computational
intensiveness of the high frequent, minute-by-minute data.

However, Binance API provides only up to 1000 hours for each request (less than 42 days). To
bypass this, a function (get fully hourly) was implemented in python that relied on pagination in

order to fetch the whole hourly data of the datasets’ period (Figure 2.2 below).
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The OHLCYV structure (‘open', 'high', low', 'close', 'volume') is the standard practice in
cryptocurrency datasets intended for financial research. [42] And as such, it was adopted for these
datasets. “The central entities of the dataset are the historic prices of cryptocurrencies, including
attributes like opening and closing prices, daily highs and lows, and trading volumes that give a
fine-grained view of market trends and enable the identification of patterns and their correlation

in time”. [19]

from binance.client import Client
impert time
client = Client()

def get_full_hourly data(symbol, start_date, end_date):
Fetch full hourly data from Binance using pagination.

interval = Client.KLIME_INTERVAL_1HOUR
limit = 1080

start = pd.to_datetime(start_date)

end = pd.to_datetime(end_date)

data = []

while start < end:
print(f“Fetching: {start} to {start + timedelta(hours=limit)}")
temp = client.get historical klines(symbol, interval, start.strftime("%d %b, XY XH:%M:%5"),
(start + timedelta(hours=limit)).strftime("%d %b, %Y %H:%M:%5"))
if not temp:
break
data += temp
start += timedelta(hours=limit)
time.sleep(@.5) # to agvoid rate Limits

df = pd.DataFrame(data, columns=[
"timestamp’, 'open’, “"high’', 'low’, 'close’, ‘wvolume', ‘close_time’,
"quote_asset_wolume', 'num_trades®, 'taker_buy base_wvolume’,
"taker_buy_quote_volume', 'ignore’

1)

df[ 'timestamp'] = pd.to_datetime(df[ 'timestamp'], unit="ms"')
df.set_index('timestamp’, inplace=True)

df = df[['open’, "high", "low’', ‘close’, “volume']].astype(float)
return df

Figure 2.2 get fully hourly data Python function

Each of the two datasets are comprised of 61898 observations, which is exactly the number of
hours between the start and end dates and times (timestamps) of the datasets. All data was complete
with no null entries, which validates the selection of the data provider.

We notice in both Table 2.1 and Table 2.2 below that the minimum volume is 0 of both BTC
and ETH, which is not normal. After query, we notice that the entries in both datasets that

correspond to the volume of value 0 have the same timestamps.
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Table 2.1 Statistical Description of The BTC Dataset

open high low close volume
count 6189%8.000000 61898.000000 ©1895.000000 6©1898.000000 6£1895.000000
mean 28799930164  28930.994572  28661.857041  28801.313277 2967.584087
std  23158.331864  23254.195540 23058.839604 23159.979238 4152.140014
min 3172620000 3184.750000 3156.260000 3172.050000 0.000000
25% 9071517500 9108.4582500 9023.917500 9071572500 968490852
50% 22622 465000 22756.790000 22495340000 22622750000 1646.683100
75% 43269417500  43484.242500  43080.007500  43272.405000 3145.004153
max 108320.000000 109585.000000 107780.510000 108320.010000 137207.185600
Table 2.2 Statistical Description of The ETH Dataset
open high low close volume
count &1898.000000 6©1898.000000 &1895.000000 &1898.000000 61898.000000
mean 1529.898012 1538.474826 1520.6779%56 1529933712 23002617004
std  1238.874432 1245421312 1231.804043 1238.885177  26660.370660
min 82.160000 82.950000 &1.790000 82170000 0.000000
25% 264.912500 266.912500 262.582500 264.880000 7967.438122
50% 1525230000 1535330000 1514.860000 1525340000 14868.732825
75% 2475140000 2488.550000 2461.982500 2475132500 27980.733598
max  4846.940000 4868.000000 4833.190000  4846.710000 493227882520

Table 2.3 Output That Shows the Entries That Correspond with Volume = (

open high low close wolume
timestamp
2819-86-07 21:00:00 7930.85 7938.85 7938.85 7938.85 @.e
2821-82-11 63:00:00 44582.687 44582.67 44582.687 44582.87 @.a
2823-83-24 12:00:00 25080.80 28080.00 28080.80 25080.00 @.a
[Humber of entries with zero wvolume in BTC dataset: 3
open high low close wvolume
timestamp
2819-686-87 21:00:80 247.78 247 .78 247 .78 247 .78 a.a
2821-82-11 83:00:80 1721.86 1721.86 1721.86 1721.86 @.e
2823-83-24 12:06:80 1789.52 1789.52 1789.52 1789.52 @.e
Number of entries with zero volume in ETH dataset: 3
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The timestamps that Table 2.3 shows correspond to the following events:
1- 2019-06-07 21:00:00 UTC: No known public record of an event that might cause the
anomaly. But it is likely a downtime or a record issue.
2- 2021-02-11 03:00:00 UTC: Technical issues that caused delay and API problems. [43]
3- 2023-03-24 12:00:00 UTC: An outage due to a software bug. [44]

There are three possible approaches to deal with such anomaly:

e Remove them. Although a common practice, this would disrupt the continuity of the
datasets and possibly negatively affect the models’ performance, especially LSTM and
GRU.

e Impute them, by interpolation or forward-fill for missing values. But this can distort or
misrepresent market behavior.

¢ Flag them. Might be the best conduct, since they represent real-world events that affected
the market flow. This would also be a chance for models to learn special market conditions

that might affect volatility.

So, the approach selected for these datasets anomalies is flagging. This is done by creating a new
column (zero volume flag), where the rows with (volume == 0) will take the value 1, and the

others will take the value 0.

Table 2.4 Summary of The BTC and ETH Datasets

BTC dataset summary: ETH dataset summary:

Fommmmmmm oo oo oo + Fommmmmmm oo Fommmmm oo Fommmmo- +
| Column | Mon-Null Count | Dtype | | Column | Mon-Null Count | Dtype
Fommmmmmm e Hmmmmmm e Fommmmmm - + Fommmmmmm oo Hommmmmmmmmme o Fommmmmm - +
| open | 61898 | floated | | open | 61898 | floated |
[ high | 61898 | floatéd | [ high | 61898 | floatéd |
| low | 61898 | floate4d | | low | 61898 | floate4 |
| close | 61898 | floate4d | | close | 61898 | floate4 |
| volume | 61898 | floate4d | | volume | 61898 | floate4 |
| zero volume flag | 61898 | int32 | | zero volume flag | 61898 | int32
Fommmmmmm oo oo oo + Fommmmmmm oo Fommmmm oo Fommmmo- +
Start Timestamp: 2018-01-81 20:00:00 Start Timestamp: 2018-01-81 @0:00:00

End Timestamp: 2825-81-27 @7:00:00 End Timestamp: 2025-01-27 @7:00:00

Total Rows: 61898 Total Rows: 61898

Total Columns: 6 Total Columns: 6

Memory Usage (MB): 3.87 Memory Usage (MB): 3.87

From Table 2.4 we can see that both of the datasets are in a well-structured and consistent state,

with each comprised of 61898 rows that represent the hourly entries in the period from January 1,
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2018, to January 27, 2025. The “Non-Null Count” of the columns is equal to the total number of
the entries (Total Rows), which ensures completeness and reliability. The data types are

appropriate and the memory usage of 3.07 MB each assures efficient machine learning workflow.

BTC Close Prices Over Time
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Figure 2.3 BTC Hourly Close Prices Over Time

Examining the figure above, we notice that starting from 2021, the close price exhibit sharp surges
followed by somewhat steep decline in short time spans. Bitcoin’s price doubles and halves in a

matter of months, which indicates a highly volatile market.

ETH Close Prices Over Time
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Figure 2.4 ETH Hourly Close Prices Over Time

The same is noticeable for Ethereum, with even more sharp swings in short time periods. But
the difference between them is in the magnitude; while ETH capped at almost 5k $, BTC reached
an all-time high surpassing 100k $.
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2.3. Volatility Calculation:

In this research, volatility is represented by the standard deviation of log returns. It is

calculated through the following formula: [45]

0 = |+ 2 (e — ) @.1)
Where:
e 0, is the estimated volatility at time t,
e N is the window size (24 hourly log returns = 1 day),

e 1,_; is the log return at hour t-1,

7= %Z?’:‘Ol 7¢_; the mean of the N log returns.

But before this, we need to calculate the simple returns and log returns:

a. Simple Return:
Ri= ——=—-1 (2.2)

Where:
e R, is the simple return at time t,
e P, is the closing price at time t,

e P,_; is the closing price at time t-1.

b. Log Return:

re=In(-5) (2.3)
Where 13, P, P;_; are as defined above.

#return and log return

df[ "return'] = df['close’].pct_change()
df[ "log return’'] = np.log(df['close’] / df['close’'].shift(1))

Figure 2.5 return and log_return features addition
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Two additional columns are introduced to the datasets (Figure 2.5):

The first is (return), which represents the calculated simple return for each observation. It is
computed through ‘percentage change’ method of the Pandas python library (pct change())
using the (close) column.

The second one is (log_return), which represents the calculated log return for each observation.

It is computed through the (np.log()) function of the NumPy library, also using the (close) column.

#Volatility (Rolling Standard Deviation of Returns)

df[ 'volatility 12h'] df[ "log return'].rolling(window=12).std()
df[ "volatility 24h'] = df['log _return'].rolling(window=24).std()
df[ "volatility 7d'] = df['log_return'].rolling(window=24%*7).std()
df[ "volatility 30d'] = df['log return’].rolling(window=24%30).std()

Figure 2.6 Volatility features addition

Now, as Figure 2.6 shows, we add the volatility column(s). The choice of this thesis is to forecast
the 24 hours volatility. This is the standard practice in risk management and Value-at-Risk
computation, and daily volatility forecast is more useful than shorter (hourly) or longer (weekly)
horizons for financial institutions’ decision making. [46] Also, daily volatility forecasting is in
compliance with reporting standards that require daily metrics. [47]

The volatility is computed using ‘standard deviation’ function of the Pandas python library
(std()), and (rolling()) tool that helps calculate in a particular predefined window.

The datasets will also include the 12 hours, 7 days, and 30 days volatility calculations. The
inclusion of these values is to help the models capture short-term and long-term volatility trends

and patterns. So overall, we will have 4 new columns.

2.4. Feature Engineering:

To ensure that the machine learning models perform at their optimum, the data provided must
contain enough features that represent the underlaying patterns and relationships to be learned by
the algorithms. These features can be derived from the raw data, and are very crucial in the process
of implementing the model pipeline.

The datasets have already been enriched through the addition of few engineered features: return,
log return, and different volatility measures.

Other features added are as follow:

¢ Time-based Features: This includes the hour (0 to 23), the day of the week (0 = Monday
to 6 = Sunday), day of the month (1 to 28 or 29 or 30 or 31), month (1 to 12), week of the

year (1 to 52), and weekend (0 if no, 1 if yes (Saturday/Sunday)). Also, cyclic feature of
28



the hour of the day, which helps identify 23:00 hours as close to 00:00 rather than far away
in a linear representation. These features are especially important for LSTM and GRU to
learn temporal dependencies.

¢ Rolling Statistics: This includes the mean, the standard deviation, the lowest, the highest,
the skew, and the kurtosis of the close prices in a window of 24 hours to align with the
target (24-hour volatility). These features capture important market dynamics like volatility
clustering and regime shifts.

e Lag Features of both return and 24-hour volatility. The lags are in this range [1, 6, 12, 24]
hours. “Lagging means going some steps back in time. To predict the future, the past is our
best resource — it is not surprising that lagged values of the target variable are quite often
used as inputs for forecasting.” [48] They are important for tree models to remember past
values since they lack the memory component of RNN models.

e Technical Indicators: Moving averages (MA), Exponential moving averages (EMA), the
momentum, Relative Strength Index (RSI), Moving Average Convergence Divergence
(MACD), and Bollinger Bands. All in the window of 24 hours. They indicate trends,

overbought/oversold signals, and measure volatility itself.

The Null entries need to be dropped because the new features created a lot of (NaNs) as the
Table 2.5 shows:

Table 2.5 Number of Null Rows in Each Column Containing
Them in The Datasets After Adding the New Features

Column  Non-null Count MNaN Count

a return 61897 1
1 log_return 61897 1
2 volatility_12h 61886 12
3 volatility_24h 61874 24
4 volatility 7d 61738 168
5 volatility_3@d 611738 720
6 close_roll_std_24 61897 1
7 close_roll skew 24 61896 2
8 close_roll kurt_ 24 61895 3
9 return_lag_1 61896 2
16 volatility lag 1 61873 25
11 return_lag_b 61891 7
12 volatility lag 6 61868 3@
13 return_lag 12 61885 13
14 wolatility lag 12 61862 36
15 return_lag 24 61873 25
16 wolatility lag 24 61858 48
17 ma_24h 61875 23
13 momentum_24h 61874 24
19 rsi 61875 23
20 macd 61873 25
21 macd_signal 61865 33
22 bb_upper 61875 23
23 bb_lower 61875 23
24 bb_width 61875 23
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This will leave the datasets with 61178 rows each.

24.1.

Target Variable:

#target variable:

horizon = 24 # Predicting next 24-hour volatility
df[ " future volatility'] = df['volatility 24h'].shift(-horizon)

df.

dropna(inplace=True)

Figure 2.7 future_volatility Feature Creation

Since the goal is forecasting the next 24-hour volatility, a feature (future volatility) that reflects

the real calculated volatility after 24 hours is created by shifting the values of the (volatility 24h)

column up by 24 rows. This will leave us with 24 rows with null entries that must be dropped. The

final number of rows in both of the datasets is 61154, where the start date is shifted to 31-01-2018

01:00, and the end date is 26-01-2025 08:00.
The plot of the distribution of the (future volatility) column of the BTC dataset is shown in

figure 2.8 below:

Frequency

Distribution of Future Volatility
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Future Volatility

Figure 2.8 The Distribution of Future Volatility of BTC

The distribution is highly right-skewed: a long tail stretches to the right toward higher values

while the majority of data points are on the left (lower values). This means that most volatility is
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on the lower side, but few large ones pull the tail to the right. This is important because this can
make it harder for models to learn patterns and relationships.

Using the (skew()) function in Pandas, we calculate the skewness. The result is 3.384 which is
way greater than 0 and is compatible with the right-skewed plot. Then, it is recommended to apply
log transformation on (future volatility). As Figure 2.9 below indicates, using the (np.loglp())

function, the results are put in a new feature: (target).
#ithe histogram is heavily right-skewed -> a log-transform is often beneficial.
df[ "target'] = np.loglp(df[ future volatility'])

Figure 2.9 Log transforming Target Feature

After computing the skewness of the new target feature, we find a slight improvement at 3.271,
albeit still right-skewed.

The same goes for the ETH dataset with a slight difference in skewness results (2.9 before log
transformation and 2.813 after), but with the same implications.

2.4.2 Train Test Split:

df = df.sort_index()

# Define features and target

X = df.drop([ ' future volatility', ‘volatility 24h", ‘'target'], axis=1)
y = df[ 'target’]

# Split into training and test sets (no shuffling for time series)
X train, X test, y train, y test = train_test split(X, y, test size=0.2, shuffle=False)

Figure 2.10 Train Test Split Code

The first step in getting the data properly set for model training and evaluation is chronologically
sorting the datasets by the datetime index to preserve and ensure the temporal order soundness,
which is critical for time series forecasting.

After that, the feature matrix (X) and the target variable (y) are both created from the datasets,
were (X) is assigned all the independent features except the target and the features corresponding
to the target (volatility 24h and future volatility in this case) to prevent data leakage during
training, and (y) is assigned only the target feature. The resulting (X) matrix is comprised of 42

columns and 61154 rows, where (y) is just one column with the same number of rows.
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Train-Test Split of Target Variable for BTC dataset
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Figure 2.11 Temporal Train-Test Split of Log-Transformed Volatility (BTC, 2018-2025)

Then, they were split into training and testing data at an 80/20 ratio, by keeping the last 20% of
observations for test data. Furthermore, shuffling was disabled to preserve the temporal order of
the split and retain the most recent data for testing and evaluating which is only valid on future

unseen data in time series forecasting.

Train-Test Split of Target Variable for ETH dataset
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Figure 2.12 Temporal Train-Test Split of Log-Transformed Volatility (ETH, 2018-2025)

The break point between the train and test data is at 04-09-2023 17:00, which makes the train
data consisting of 48923 rows and the test data of 12231 rows.
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2.5. Machine Learning Models:
2.5.1. Traditional Machine Learning Models:

2.5.1.1. Random Forest:
The Random Forest Regressor employed in this study was tuned with particular attention to the

sequential nature of the time series data:

from sklear‘n.modeliselection import TimeSeriesSplit
tscv = TimeSeriesSplit(n_splits=3) #avoid data leakage in time series.

Figure 2.13 Cross Validation for Time Series

1. Cross-Validation: As Figure 2.13 above shows, TimeSeriesSplit from sklearn was
utilized to ensure that the train and test sets respect chronological order, with 3 splits to
preserve temporal integrity.

2. Both Random search and Grid search techniques were used for comparative purposes.
The key difference between the two is that while the grid search technique is deterministic
that exhaustively searches all the possible combinations of the specified hyperparameters
to select only the best scoring one, random search is probabilistic that randomly samples a

fixed number of combinations to evaluate.

rf = RandomForestRegressor(random_state=42)
param_dist_rf = {
‘n_estimators': [16@, 200, 300],
‘max_depth': [3, 5, 10, None],
‘min_samples_split': [2, 5, 18],
‘min_samples_leaf': [1, 2, 4],
‘bootstrap’: [True, False]

¥

search rf = RandomizedSearchCV(rf, param distributions=param dist rf,
n_iter=20, cv=tscv, scoring='neg mean squared error', random_state=42, n_jobs=-1, verbose=1)

Figure 2.14 RF Random Search Hyperparameters
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# Use a smaller, more focused parameter grid for fine-tuning
param_grid rf = {

'n_estimators’': [10@, 200],

‘max_depth': [5, 18],

‘min_samples split': [2, 5],

‘'min_samples leaf': [1, 2],

"bootstrap’: [True]

# GridSearchCV instead of RandomizedSearchCV
grid search rf = GridSearchCV(

rf,

param_grid=param_grid rf,

cv=tscv,

scoring="neg mean_squared error’,

n_jobs=-1,

verbose=1

Figure 2.15 RF Grid Search Hyperparameters

3. Hyperparameters: Summarized in Table 2.6 below as shown in Figure 2.14 and Figure

2.15:

“Hyperparameter tuning in machine learning is the process of making a model perform
optimally by selecting the best parameters. Unlike model parameters, which are equipped
during training, hyperparameters must be set before the model training begins and control

aspects such as model complexity and learning efficiency”. [19]

Table 2.6 Hyperparameters of Random Forest Model

Component Hyperparameter Value Explanation

Ensemble Size Random search: [100, 200, | Increasing the number of

(Number of trees) 300] trees is generally beneficial

for the performance, but it is

Grid search: [100, 200] ‘
computationally costly.

Max Tree Depth Random search: [3, 5, 10, | Maximum depth is basically

None] the number of levels of each
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Grid search: [5, 10]

tree. It is intended to control

model  complexity  and

prevent overfitting.

Node Splitting (Min samples
to split)

Random search: [2, 5, 10]

Grid search: [2, 5]

Minimum sample number
required to split an internal
tree

node (during

construction). This is
important to prevent both

overfitting and underfitting.

Leaf Size (Min samples at

leaf)

Random search: [1, 2, 4]

Grid search: [1, 2]

Larger values reduce tree

complexity.

Bootstrap Sampling

Random  search:

False]

[True,

Grid search: [True]

Controls the wvariance and

diversity of the trees.

Model Evaluation

Scoring = Negative MSE

To evaluate each model

during cross-validation.

# Fit the grid search
grid search rf.fit(X train, y train)

# Best model
grid search rf.best estimator

best rf =

Figure 2.16 Best Performing Grid Search RF Model Selection

Then, the best model we retrieve after training (for Random and Grid search in both RF and

XGBoost) is the one used to make the prediction using the test sample, as shown in Figure 2.16 in

the case of RF grid search.

2.5.1.2.

The model used in this study was tuned with the same values for both grid and random search:

XGBoost (Gradient Boosting):

1. Cross-Validation: Same as RF model.
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2. Also, Both Random search and Grid search techniques were used.

#Gradient boosting

#using RandomizedSearchCV

from xgboost import XGBRegressor

xgb = XGBRegressor(objective='reg:squarederror’, random state=42)

param_dist_xgb = {
'n_estimators': [1@0, 200, 300],
‘max_depth': [3, 5, 7],
‘learning_rate': [@.01, ©.05, ©.1],
‘subsample’: [@.6, 0.8, 1.0],
‘colsample bytree': [0.6, 0.8, 1.0]

}

search xgb = RandomizedSearchCV(xgb, param distributions=param dist xgb,
n_iter=20, cv=tscv, scoring='neg_mean_squared_error’, random_state=42, n_jobs=-1)

Figure 2.17 XGBoost Random Search Hyperparameters

# Define grid of parameters (same as before)
param grid xgb = {
'n_estimators’: [1l00, 200, 300],
"max_depth™: [3, 5, 7],
"learning rate': [0.01, ©.05, 0.1],
‘subsample’: [0.6, 0.8, 1.0],
‘colsample bytree': [0.6, 0.8, 1.0]

# Set up GridSearchCV

grid search_xgb = GridSearchCV(
estimator=xgb,
param grid=param grid xgb,
scoring="neg mean_squared error’,
cv=tscv,
n_jobs=-1,
verbose=1

Figure 2.18 XGBoost Grid Search Hyperparameters

4. Hyperparameters: Summarized in the table below as shown in Figure 2.17 and Figure

2.18:

e The Objective Function: The model was initialized with the objective function
set to 'reg:squarederror' to minimize the mean squared.

e The rest of hyperparameters are summarized in table 2.7:
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Table 2.7 Hyperparameters of XGBoost Model

Component

Hyperparameter Value

Explanation

Boosting Rounds

[100, 200, 300] (Random &
Grid)

Each round trains a tree that
tries to correct the errors of
the previous trees. Too many
rounds might lead to
overfitting. Too few may

cause underfitting.

Max Tree Depth

[3,5, 7]

Maximum depth is basically
the number of levels of each
tree. It 1s intended to control
model  complexity  and

prevent overfitting.

Shrinkage Factor

learning_rate = [0.01, 0.05,
0.1]

Controlled with
learning_rate. It prevents the
model from quickly
overfitting and improves

generalization.

Subsample Ratio

subsample = [0.6, 0.8, 1.0]

Controls how much of the
train data is used per boosting

round.

Feature Sampling

colsample bytree =[0.6, 0.8,
1.0]

Features are  randomly
selected to train each tree.
More features might cause
overfitting;  fewer  may

reduce the risk of overfitting.

Model Evaluation

Scoring = Negative MSE

To evaluate each model

during cross-validation.

After fitting the models to the training data, the best model is selected to make the forecast on the

test data, ensuring the best performance.
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2.5.2. Deep Learning Models:

2.5.2.1. LSTM (Long Short-Term Memory):

# Scale X
scaler X = MinMaxScaler()
X scaled = scaler X.fit transform(X)

# Scale y
scaler_y = MinMaxScaler()
y_scaled = scaler_y.fit transform(y.to_numpy().reshape(-1, 1)).flatten()

# Sequence generation
def create sequences(X, y, time steps=3@):
Xs, ys =[], []
for i in range(len(X) - time steps):
Xs.append(X[i:(i + time_ steps)])
ys.append(y[i + time steps])
return np.array(Xs), np.array(ys)

X seq, y_seq = create sequences(X scaled, y scaled, time steps=30)

# Train-test split

split = int(@.8 * len(X_ seq))

X train seq, X test seq = X seq[:split], X seq[split:]
y_train_seq, y _test seq = y seq[:split], vy _seq[split:]

# Manual time-aware validation split (last 10% of training data)
val size = int(®.1 * len(X train_seq))

X val seq = X train _seq[-val size:]
y val seq = y train_seq[-val size:|]

X _train_final
y _train_final

X _train_seq[:-val size]
y_train _seq[:-val size]

Figure 2.19 LSTM (and GRU) Data Preparation

As Figure 2.19 indicates, before running the model, extra data preparation is required:
e Feature scaling: Both (X) and (y) are scaled to the range of [0,1] using MinMaxScaler of
sklearn. This is required for better neural networks performance.
e Sequence generation: Using a function that creates sequences from the data. This is
important because LSTM requires 3D input, and this function structures the data as such.

e Train test split: sequences from the step before are split 80/20 for training and testing.
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e Manual validation split: By default, the selection of validation sample is random and

based on shuffling, and this is not ideal for time series data. In order to preserve temporal

soundness, a manual split that respects the temporal order is required.

from keras.layers import Dropout

model lstm = Sequential([

LSTM(64, return_sequences=True, input_shape=(X_train_seq.shape[1l], X _train_seq.shape[2])),

Dropout(©.2),
LSTM(32),
Dropout(®.2),
Dense(1)

1

from keras.callbacks import EarlyStopping

early_stop = EarlyStopping(monitor='val loss', patience=10, restore_best weights=True)

model_lstm.compile(loss="mse', optimizer="adam')

model lstm.fit(X train final, y train final, epochs=100, batch size=32, validation data=(X val seq, y val seq),
kallbacks:[earlyistop])

Figure 2.20 LSTM Model Hyperparameters

Table 2.8 below summarizes the hyperparameters of the LSTM model used in this study as

shown in Figure 2.20:

Table 2.8 LSTM model hyperparameters:

Component

Hyperparameter

Explanation

LSTM layer 1

Units = 64

Memory cells needed to

learn patterns

Return sequence = true

Return the sequence to layer

2 to further process

Compilation

Optimizer = adam

Randomly drop 20% of
Dropout 1 Rate=0.2 neurons to prevent
overfitting
Units = 32 No more layers after this, so
LSTM layer 2
Return sequence = false no need to return sequence.
Randomly drop 20% of
Dropout 2 Rate=0.2 neurons to prevent
overfitting
Dense layer Units = 1 For output
Loss function = mse Default LSTM settings,

common for regression

forecasting. Model
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validation is based on MSE

Score.

Train iterations, high to
Epochs = 100
learn complex patterns

o Batch size = 32 Smaller helps generalization
Training

10% of training data to
Validation data = 0.1 validate (manually split in

respect of temporal order)

Model stops when no

_ o improvement on validation.
Monitor = validation loss )
Protects from overfitting and

unnecessary training time.

Early stoppin
Y SIOPPIg Avoids stopping too early

Patience = 10 epochs just because of an MSE

score drop.

Restore best weight = true Rolls back to the best model.

2.5.2.2. GRU (Gated Recurrent Unit):
The same extra data preparation for LSTM shown in Figure 2.19 is also required for GRU

(Feature scaling, sequence generation, train test split, manual validation split).

#GRU

model gru = Sequential([
GRU(64, return_sequences=True, input_shape=(X_train_seq.shape[1], X_train_seq.shape[2])),
Dropout(@.2),
GRU(32),
Dropout(@.2),
Dense(1)
1

model _gru.compile(loss='mse', optimizer='adam")
early stop = EarlyStopping(monitor="val loss', patience=10, restore_best_weights=True)

model gru.fit(X_train_final, y train_final, epochs=100, batch_size=32, validation_data=(X_val_seq, y_val seq),
kallbacks:[early_stop])

Figure 2.21 GRU Model Hyperparameters

Table 2.9 summarizes the hyperparameters of the GRU model used in this study as shown in
Figure 2.21:
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Table 2.9 GRU model hyperparameters:

Component Hyperparameter Explanation
) Memory cells needed to learn
Units = 64
patterns
GRU layer 1
Return the sequence to layer 2
Return sequence = true
to further process
Randomly drop 20% of
Dropout 1 Rate =0.2 )
neurons to prevent overfitting
_ Final layer before dense
GRU layer 2 Units = 32
output.
Randomly drop 20% of
Dropout 2 Rate =0.2 )
neurons to prevent overfitting
Dense layer Units = 1 For output

Compilation

Loss function = mse

Optimizer = adam

Default LSTM settings,
common for regression
forecasting. Model validation

is based on MSE score.

Training

Epochs =100

Train iterations, high to learn

complex patterns

Batch size = 32

Smaller helps generalization

Validation data = 0.1

10% of training data to
validate (manually split in

respect of temporal order)

Early stopping

Monitor = validation loss

Model stops when no
improvement on validation.
Protects from overfitting and

unnecessary training time.

Patience = 10 epochs

Avoids stopping too early just
because of an MSE score

drop.

Restore best weight = true

Rolls back to the best model.
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2.6. Evaluation Metrics:

The following evaluation metrics were applied in this study to evaluate the models in both error
measuring and performance. The selection of more than one metric was intentional in order to
calibrate between advantages and disadvantages of each metric:

2.6.1. Mean Absolute Error (MAE):
Mean Absolute Error (MAE) is the average of the absolute differences between predicted and

actual values: [49]

N
1
MAE == 19, - i 24)
i=1

Where N is the total number of data points, y is the actual value and ¥ is the predicted value.
It is less sensitive to outliers and easy to interpret. However, it does not penalize wrong predictions

as much as other metrics. [50]

2.6.2. Mean squared Error (MSE):

It is the average of the squared differences between predicted and actual values: [49]
1 N
MSE = NZ()AG' - ¥:)? (2.5)
i=1

It penalizes large errors due to the squaring. But this can be disadvantageous if outliers are

present, and it makes it less interpretable than MAE. [50]

2.6.3. Root Mean squared Error (RMSE):

It is the squared root of the mean squared error (MSE):

RMSE = VMSE (2.6)

It penalizes large errors due to the squaring, and it is easily interpretable. However, it is

sensitive to outliers. [50]

2.6.4. R Squared (R?):
It is the coefficient of determination, or the proportion of variance in the target variable explained

by the model: [51]

N ~
> i —9)?

R? = —
§V=1(3’i —y)?

(2.7)

Where y is the mean of actual values.
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R? is more of a performance metric than an error metric. It indicates goodness of fit, where the
closer the value is to 1 the better. However, it is recommended to use it with caution in the context

of time series forecasting. [52]

2.7.  Diagnostic Checks:

In order to validate the results of the evaluation metrics and make sure of their reliability,
diagnostic checks are important to perform. These are a collection of plots that help better
understand the model’s performance: where it succeeds and where it fails, not just the overall score

that might not provide a detailed insight into the model’s behavior across different contexts.

2.7.1. Actual vs. Predicted Volatility Plot:
It 1s a line plot of actual against predicted volatility overlay across time, or time-sorted rows

index. It reveals how well a model tracks volatility, especially spikes and regime shifts.

2.7.2. Histogram of Residuals:
It displays the distribution of residuals:
Residual = Actual Value — Predicted Value (2.8)
Good characteristics of this histogram are typically: center around zero, symmetric bell shape,

narrow spread, and absent or light tail.

2.7.3. Residuals vs Predicted Values Scatter Plot:
Residual points should be scattered near (x = 0) axis with no recognizable pattern or shape.

Points above this axis indicate underestimation, and below they indicate overestimation.

2.7.4. Error vs Actual Volatility Scatter Plot:
Here:
Error = |Residual| (2.9)
Points should cluster in the lower part of the plane, which indicates low error through all regimes
(Low, Medium, and High Volatility). U shape indicates a model that fails to model low and high

volatility, and only works in medium (mean).

2.7.5. Predictions vs Actual Volatility Scatter plot:
The closer the points are to the 45° line (y = x) the better the model is. Above this line indicates

overestimation, and below it underestimation.
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2.7.6. Residual Heatmap Overtime:
Neutral colors indicate stability and consistency. Red indicates high residuals (positive), which

means underestimations. Blue means overestimation because it indicates low residuals (negative).

2.8.  Software and Tools:
2.8.1. Programming Language:

The table below contain information about the software used in this study:

Table 2.10 Software Used in This Thesis

PC Language Version IDE IDE Version
PC 1 (Laptop) | Python 3.9.13 Jupyter 6.4.12
Notebook
PC 2 (Desktop) | Python 3.12.7 Jupyter 7.2.2
Notebook

2.8.2. Libraries:
Table 2.11 Libraries of Python and Their Content/Functionality Used in This Thesis

Library Content/Functionality

pandas DataFrames, series, time series

handling, data cleaning

numpy N-dimensional arrays, numerical
operations

Matplotlib Static 2D plotting: line charts, bar
plots, histograms

seaborn Statistical data visualization

ta technical analysis

sklearn GradientBoostingRegressor,

RandomForestRegressor,
mean_squared_error,
mean_absolute _error, MinMaxScaler,

train_test_split, r2_score,
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RandomizedSearchCV, TimeSeriesSplit,
GridSearchCV

tensorflow Sequential, LSTM, GRU, Dense,
EarlyStopping, Dropout

xgboost Gradient boosting model

datetime date, datetime, timedelta

binance Client

tabulate tabulate

2.8.3. Computing Environment:

Two machines were used in the making of this thesis. The specs of each are shown in the table

below:

Table 2.12 Summary of Computing Environment

Machine | Type CPU GPU RAM | STORAGE oS
PC1 Laptop 17-6500U Intel(R) HD | 32 GB | 512 GB Windows
4CPUs 2.6 520 2133 SSD + 1 10 Pro 64
GHz MHz TB HDD bit
DDR4
PC2 Desktop | 15-12400f RTX 3070ti | 16 GB | 500 GB Windows
12CPUs 2.5 8 GB 3200 SSD 11 Pro 64
GHz MHz bit
DDR4

PC1 was used mainly in thesis drafting, notebook files viewing, web research, review of related
literature, and preliminary code testing. PC2, having the most powerful hardware among the two
machines—especially the powerful GPU that was especially important for DL models that require
high computational resources, served as the main computing environment where the core code of

the project was executed and from which the results were obtained.
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2.9. Conclusion:

This thesis is about forecasting the 24-hour future volatility of Bitcoin and Ethereum. The data
was collected from Binance API covering the period 2018-2025 with hourly frequence. Data
cleaning involved handling anomalies like zero-volume entries and feature engineering such as
returns, log returns, volatility in different windows, time variables, technical indicators, and lagged
features. The target variable is log transformed 24-hour volatility due to heavy right-skewed
distribution. The datasets were split into 80% training and 20% testing respecting the chronological
order that is critical in time series forecasting. Four models were tested: Random Forest and
XGBoost (Ensemble learning) with hyperparameters selection to use both random and grid search.
The other two are LSTM and GRU (RNN) with manual validation split and early sopping.
Evaluation metrics used included: MAE, MSE, RMSE, and R? in addition to several plots that

represent diagnostic checks. the chapter ends with software, tools, and machine details.
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CHAPTER 3: RESULTS AND DISCUSSION

3.1. Introduction:

In this chapter, the results from the forecasting models built to forecast 24-hour cryptocurrency
volatility are presented. Forecasting results from traditional machine learning models (Random
Forest, XGBoost), and deep learning models (LSTM, GRU) will be shown using error metrics,
plots, and charts. Alongside presenting the results, a comparative analysis is conducted with the
aim of highlighting the advantages and disadvantages of each model, followed by diagnostic
checks to evaluate the validity and reliability of the results. Then, the discussion delves into
interpreting the findings in context with the existing literature and the nature of financial time

series data. Finally, it ends with the acknowledging the limitations of this work.

3.2. Evaluation Metrics Summary:

3.2.1. Prediction on Train Sample Analysis:

Table 3.1 Summary of evaluation metrics scores on BTC and ETH (train sample)

BTC ETH
Model | Train Train
raM 1 VMAE | MSE* | RMSE | R? Fall ' MAE | MSE* | RMSE | R?
time time
RF 840 s 865 s
(14 0.0021 | 1.1148 0.0033 | 0.4321 | (144 min) | 0.0027 | 1.628 0.0040 | 0.4148
(random) .
min)
RF 458 s 464 s
. (7.6 0.0019 | 0.9261 0.0030 | 0.5282 | (7.7min) | 0.0024 | 1.286 0.0035 | 0.5377
(grid) .
min)
XGB 16 s 0.0022 | 1.2273 0.0035 | 0.3748 17 s 0.0027 | 1.681 0.0041 | 0.3957
(random)
XGB 149 s 153 s
. (2.5 0.0022 | 1.2266 | 0.0035 | 0.3752 | (2.5min) | 0.0025 | 1.415 0.0037 | 0.4914
(grid) .
min)
254 s 264 s
LSTM (4.2 0.0018 | 0.9649 | 0.0031 | 0.4942 | (4.4min) | 0.0022 | 1.248 0.0035 | 0.5368
min)
208 s 167 s
GRU (3.5 0.0019 | 1.0457 | 0.0032 | 0.4518 | (2.8 min) | 0.0023 1.251 0.0035 | 0.5357
min)

(*) Indicates MSE value to 107°.

As the table 3.1 above shows, Random Forest (Grid Search) gave the best performance overall
in R?, and the best in MSE and RMSE on the BTC dataset. While the best performer overall in
MAE was LSTM, which also exceeded the other models in MSE and RMSE on the ETH dataset.

The worst on every metric and dataset was XGBoost.
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3.2.2. Prediction on Test Sample Analysis:

Table 3.2 Summary of evaluation metrics scores on BTC and ETH (test sample)

BTC ETH
Model MAE | MSE* | RMSE | R? | MAE | MSE* | RMSE | R?

RF (random) 0.00169 0.5019 0.00224 0.1202 0.00204 | 0.7966 0.00282 0.0698
RF (grid) 0.00160 0.4572 0.00213 0.1986 0.00187 | 0.6992 0.00264 0.1836
XGB (random) 0.00180 0.5205 0.00228 0.0876 0.00226 | 0.8065 0.00284 0.0582
XGB (grid) 0.00180 0.5182 0.00227 0.0917 0.00194 | 0.6810 0.00260 0.2048
LSTM 0.00147 0.4157 0.00203 0.2614 0.00167 | 0.5950 0.00243 0.2928
GRU 0.00149 0.4171 0.00204 0.2590 0.00164 | 0.6250 0.00250 0.2572

(*) Indicates MSE value to 1075,

Figure 3.1 and Figure 3.2 present a comparative analysis of model performance across four

machine learning approaches—Random Forest, XGBoost, LSTM, and GRU on both datasets.
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Figure 3.1 Model Evaluation Comparison for BTC dataset
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Figure 3.2 Model Evaluation Comparison for ETH dataset

On the test sample, LSTM outperformed every other model on both datasets and on every metric,

except MAE of the ETH dataset where GRU was the lead. In general, deep learning models

excelled over machine learning models on unseen data, which indicates better generalization.

3.2.3. General Insights and Inferences from The Results:

From the two tables above, we find noteworthy observations and what they could mean:

RF (Grid) performed strongly on the training data, but was outperformed by deep learning
models on the test data. This indicates that deep learning models (LSTM, GRU) exhibit
superior generalization to unseen data and are better equipped to capture the non-linear

patterns in cryptocurrency data.

Both RF and XGBoost exhibit an improvement in grid search in comparison with random
search across all contexts. Finding the best combination of hyperparameters is inevitable

in deterministic exhaustive grid search while it is not in random search.

For RF, Training time is shorter for grid search than for random search, which is unusual
and counter-intuitive for the first glance. Also, RF has the significantly slowest training
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3.2.4.

time compared to all other models, while XGBoost is much faster than RF and neural
networks, taking only seconds for training.

GRU trains faster than LSTM, but performs slightly behind.

All models exhibited an improvement in their error metrics scores on the test data when
compared to the training data. This can be attributed to the fact that the test data is less
volatile than the train data. But at the same time, they all got worse R? scores, which might
be an indication of overfitting to train data. Though, as stated in the previous chapter, R?

score, in the context of forecasting time series data, is not an absolutely reliable metric.

All models have worse scores on the ETH dataset when compared to the BTC dataset, both
on train and test. It appears that ETH is more volatile and harder to forecast than BTC. This
is supported by the Close price overtime graphs of the two assets presented in chapter 2.

(Figure 2.3 and Figure 2.4)

The best performing model across all metrics and contexts is LSTM. This is due to the fact
that LSTM structure is designed for sequential data, which is the case for time series. While
the worst model is XGBoost: The reason is that it is a tree-based model, which are prone
to noise and overfitting to train data. Also, it doesn’t have the “memory” component like
LSTM, and it uses boosting instead of bagging like RF, which makes it more sensitive to

noise and overfitting.

Comparison with Results from Other Studies:

Table 3.3 Comparing Results with Other Studies

This study’s
Study Model | Currency Metric Score
score
Dudek et al. RF BTC MAE 0.00106 0.00169
[32] (Random
2
Search) R 0.111 0.1202
ETH MAE 0.00152 0.00204
R? 0.160 0.0698
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LSTM BTC MAE 0.00114 0.00147

R? 0.143 0.2614

ETH MAE 0.00178 0.00167

R? 0.165 0.2928

Wang et al. [17] | RF (Grid | BTC RMSE 0.012 0.00213
Search)

ETH RMSE 0.015 0.00264

LSTM BTC RMSE 0.014 0.00203

ETH RMSE 0.017 0.00243

Pratas et al. [20] | LSTM BTC MAE 0.00043 0.00147

Nadarajah et al. | XGB BTC RMSE 0.000306 0.00228
[33] (Assumed
Random

ETH RMSE 0.000306 0.00284
Search)

The comparison with other studies shows that the models of this study exhibit a competitive
performance, particularly in R? scores. For example, LSTM model outperforms Dudek et al. for
ETH (MAE: 0.00167 vs. 0.00178, R?: 0.2928 vs. 0.165), and achieves notably higher R? for BTC
(0.2614 vs. 0.143). Compared to Wang et al., the models show significantly lower RMSE values.
However, XGBoost results from Nadarajah et al. are better than those of XGBoost of this study in
terms of RMSE, and LSTM of Pratas et al. exceedingly outperformed the LSTM of this study in

MAE score, which implies that some improvements are needed in tuning or feature engineering.

3.3. Diagnostic Checks:

Here, we show plots that are related to the performance of the models across both datasets and

we analyze them:
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3.3.1. Actual vs Predicted Volatility:

As Figure 3.3 and Figure 3.4 shows, LSTM and GRU tracks volatility well on both BTC and
ETH datasets, especially when compared to RF and XGB. This goes hand in hand with the results

from the evaluation metrics in Table 3.2.
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Figure 3.3 Actual vs Predicted Volatility (ETH)
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3.3.2. Histograms of Residuals:

Figure 3.5 and Figure 3.6 depicts the histogram of residuals for both datasets. According to
them, LSTM exhibits the best characteristics: center near zero, symmetric bell shape, and narrow
spread, though with a tail that suggests large errors during volatility surges, which is expected in
time series. Followed by GRU with a slightly heavier tail. While FR and XGB don’t show the

same good attributes.
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Figure 3.5 Histograms of Residuals (BTC)

53



Histogram of Residuals random forest random search (ETH) Histogram of Residuals RF grid ETH
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Figure 3.6 Histograms of Residuals (ETH)

3.3.3. Residuals vs Predicted Values:

Figure 3.7 and Figure 3.8 validate as well the evaluation metrics results: LSTM is the best
performing model with most residuals centered around zero with no pattern or shape. At higher
predicted volatility (x axis) there is higher scattered residuals in BTC dataset, which indicates
underestimation, and the opposite with ETH (overestimation). It is also followed tightly with GRU,
with more errors at high volatility on both datasets (both underestimation and overestimation). On
the other hand, RF shows less randomness in the scatter shape, especially random search of ETH

dataset, and more outliers. XGB is overall better than RF but still not as good as DL models.
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3.3.4. Error vs Actual Volatility:

Figure 3.9 and Figure 3.10 represents error vs actual volatility scatter plot. LSTM shows tight
error clusters in low to mid-range actual volatility values with no strong U shape and some error
increase in value at high volatility which is not uncommon in data series forecasting. GRU exhibits

the same, but with slightly higher errors as usual. RF/XGB only perform well at mid-range (stable
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3.3.5. Predictions vs Actual Volatility Scatter plot:

Figure 3.11 and Figure 3.12 show that across the two datasets of BTC and ETH, LSTM comes
out as the best performing model followed tightly by GRU. Both models points are tightly
clustered around the 45° red line with slight underestimation from LSTM in BTC data and both
underestimation and overestimation in ETH data at high actual volatility. XGB performs
moderately but still noticeably worse than DL models. Random search RF is the worst with wider

scattering points, but with noticeable improvement with grid search.
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3.3.6. Residual Heatmap

In Figure 3.13 and Figure 3.14, LSTM and GRU show more neutral coloring than RF and XGB

which indicates more stability and consistency, except for error spikes during high volatility

periods. On the other hand, RF and XGB are more “colorful” with red and blueish spots, suggesting

worse handling of volatility shifts. This, again, validates the results of the evaluation metrics, and

ity.
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Figure 3.13 Residual Heatmap Overtime (BTC)
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This is absent in tree-based models, where they rely heavily on lagged volatility features, i.e.:

direct past numerical values.
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These features allow the deep learning models to capture volatility behavior tied to human

activities and market dynamics, which are often cyclic. In contrast, tree-based models rely heavily

on lagged volatility and some rolling stats, while almost entirely ignore the time-based features or

give them only minor importance. This also explains the more consistent and robust performance

of LSTM and GRU across time periods and volatility regimes in all visualized plots compared to

RF and XGB that meanwhile suffer from noticeable error increase.
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While both LSTM and GRU perform well, LSTM slightly outperform GRU in both datasets and
across almost all metrics. This is due to the more complex architecture of LSTM, which allows it
to treat data more thoroughly due to higher parameters count, but on the expense of computational

cost.

There is also the difference of models’ performance between the BTC and ETH datasets. Almost
all models perform worse on the ETH dataset across all metrics. This is likely due to the fact that

the ETH dataset is more volatile and thus harder to forecast than the BTC dataset.

Finally, the reason why RF training time is shorter in grid search than it is in random search is
that there are fewer parameters in grid search than random search as Table 2.6 shows. Additionally,
RF is significantly slower than other models because it only uses the CPU—it doesn’t have access
to GPU acceleration like LSTM and GRU, and lacks the computational efficiency and optimization
of XGBoost. The latter despite being the fastest model in training, it was also the worst performing

on all metrics and datasets.

3.4.2. Limitations of Work:

There are certain limitations to this work that should be acknowledged:

e Data Limitations: The first limitation is the datasets themselves. The models of this study
where trained on data of just two cryptocurrencies: Bitcoin and Ethereum, and for a specific
period of time. This might not make them useful in forecasting other cryptocurrencies,
especially smaller ones with totally different market behavior. Additionally, the datasets
are not exactly of a High-frequency nature: data with minute-to-minute or even second-to-
second time intervals or ticks would have been better at providing more patterns and
relations that might help the models performance of forecasting the volatility, despite the
more noise it would exhibit and higher computational cost that it would certainly require.
Also, it might help the traders who are interested in forecasting over shorter horizons, like
1-hour horizon. Finally, market sentiment was not included in the data. Several studies
have concluded that sentiment has a direct impact on volatility, and by that, on models’
performance: “Market sentiment, informed by the news, social media, and influential
voices, often drives price movements. In the case of highly influential people, like Elon
Mousk, one tweet can have high effects on virtual currencies such as Dogecoin and Bitcoin™.
[19]

e Model Limitations: Despite deep learning models outperforming other models in this
study, they have their own shortcomings: an important one is their Black Box nature. This

means that while they may produce good predictions, it’s often very hard to understand
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why they made those predictions. This is because deep learning models involve complex
layered build with complex mathematical operations that make it a challenging task to
understand the reasoning behind those outputs. This might be described as a lack of
transparency, and it might be a problem for risk managers and financiers to make
decisions based on the output of such models: “Advanced algorithms, such as deep
learning models, often behave like "black boxes" in which end-users do not understand
how decisions are made. This lack of transparency deters investors and regulators from
fully embracing or trusting such tools”. [19] Another problem is the computational cost
required by these models to be trained. They often need more resources and time, especially
with high frequency data. They also require retraining on a regular basis due to the ever-
changing nature of the market; this is an aspect of what is called Alpha Decay: “...since
financial time series data are constantly evolving, no model would be able to consistently
forecast with high accuracy level forever. The average lifetime of a model is between 6
months to 5 years, and there's a phenomenon in quant trading that is called **alpha
decay**, which is the loss in predictive power of an alpha model over time”. [2] Finally,
the study did not test hybrid models; whether they were a combination of statistical models
such as GARCH-type models and machine learning/deep learning models, or a
combination of machine learning models themselves. Some studies suggested the
superiority of such models over single models, and it would have been interesting and
informative to compare a model of this type with the models of this study: “Nowadays
combined classical econometric methods as well as methods of machine learning
(Albuquerque et al. 2018; Wang et al. 2018) and those which take into consideration the
spirit of social networks regarding the state and tendency of cryptocurrency dynamics
(Kennis 2018) are becoming more popular”. [24]

Generalizability: The findings of this study may not apply to different cryptocurrencies,
or different forecasting horizons. The models were not tested over longer or shorter time
horizons than 1 day or 24-hours. Also, they were not tested on datasets of other

cryptocurrencies.

Conclusion:

This chapter provided a thorough assessment of multiple volatility forecasting models using BTC

and ETH datasets. Overall, LSTM was the standout model, showing the best predictive

performance, accuracy, and robustness as the evaluation measures and diagnostic checks indicated.

GRU was a close second, having scored less, but just with a small margin. Random Forest and
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XGBoost, though improved on some metrics with grid search as a strategy in comparison with
random search, they were unable to keep up with deep learning models in modeling expected
sequential dependencies and volatility regime shifts. All the diagnostic plots provided strong
evidence in support of the evaluation metrics results: LSTM and GRU were shown to have the
capacity to generalize and remain stable over time, and manage high volatility regime shifts much
more effectively than the tree-based models. But these results remain limited to their source

datasets, models selected to be utilized, and forecast horizon.

64



GENERAL CONCLUSION

In this study, LSTM was shown to be the best performing model out of the models tested, on
every metric and dataset, followed closely by GRU. In general, deep learning models, specifically
RNN models, outperformed machine learning tree-based models (Random Forest and XGBoost)
in forecasting BTC and ETH volatility 24-hours ahead. This is attributed to the design of RNN
models which is well-suited to capture temporal dependencies in sequential time series data, and
which possesses a memory component that allows these models to retain useful information and
discard other information. In contrast, Random Forest and XGBoost that couldn’t keep up with
DL models, especially on unseen test data, are not structured to recognize the sequential nature of
data naturally, and rely heavily on engineered features, mainly the ones derived from the target
variable. Overall, while the current results are promising, there is room for improvement through
parameter tuning, feature engineering, and optimization techniques.

However, it is important to acknowledge the limitations of this study. First, the datasets include
only two cryptocurrencies, lack a higher frequency, and do not contain sentiment information.
Second, the best performing DL models have a black-box nature that affects the transparency of
the results and poses challenges to financial actors that might rely on them. They also have a high
computational cost and are susceptible to alpha decay—they need regular retraining. Third, hybrid
models that combine traditional and ML approaches were not explored. Lastly, the findings may
not generalize to other cryptocurrencies or forecasting horizons longer the 24-hour.

Research in the future should involve datasets of a higher frequency nature, enriched with
sentiment data, and contain more cryptocurrencies. Also, it should explore hybrid models, assess
performance in different timeframes, both shorter and longer, and address the issue of

computational efficiency.
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This thesis investigates the application of machine learning and deep learning methods into
forecasting cryptocurrencies volatility. Using Bitcoin and Ethereum datasets, the performance of
the following models was analyzed: Random Forest, XGBoost, LSTM, and GRU. The results
show that deep learning models, specifically LSTM, outperforms machine learning models on
every metric. These findings suggest that RNN models are better equipped to handle temporal
dependencies in time series data that have sequential nature.

Keywords: Machine learning, Deep learning, cryptocurrency, volatility, Bitcoin, Ethereum,

Random Forest, XGBoost, LSTM, GRU.
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Résumé

Cette These explore I'application des méthodes d'apprentissage automatique et d'apprentissage
profond 4 la prévision de la volatilité des cryptomonnaies. A l'aide de datasets sur le Bitcoin et
I'Ethereum, la performance des mod¢les suivants a été analysée : Random Forest, XGBoost, LSTM
et GRU. Les résultats montrent que les modeles d'apprentissage profond, en particulier le LSTM,
surpassent les modeles d'apprentissage automatique selon toutes les métriques. Ces résultats
suggerent que les réseaux de neurones récurrents (RNN) sont mieux adaptés pour gérer les
dépendances temporelles dans les données de série temporelle de nature séquentielle.

Mots-clés : Apprentissage automatique, Apprentissage profond, Cryptomonnaie, Volatilité,

Bitcoin, Ethereum, Random Forest, XGBoost, LSTM, GRU.
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