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Abstract

This thesis explores interconnected advanced machine learning (ML) and data science (DS)
methodologies for improved predictive accuracy in financial markets and resilient portfolio
optimization through a series of studies.

Studying the literature on ML /DS methodologies extensively led us to observe a significant
lack of application of these advances, such as autoencoder (AE), recurrent neural networks
(RNN), etc. in the finance industry. The novelty of this thesis is to study the price predic-
tion and portfolio optimization applications with the RNN and AE algorithms. Furthermore,
unsupervised ML strategies were studied to introduce robustness in the portfolio optimiza-
tion methods. For this purpose, two innovative encoder-decoder-based RNN architectures
autoencoder-based gated recurrent unit (AE-GRU) and autoencoder-based long short-term
memory (AE-LSTM) were proposed, which were shown to be effective in predictive efficacy
across diverse asset types and market conditions, showcasing enhanced predictive accuracy for
financial assets. Various DS concepts, such as statistical data exploration, data visualization,
Bollinger bands, data-driven volatility estimates, unsupervised ML etc. were integrated while
implementing and experimenting with new architectures for price prediction and portfolio op-
timization.

The proposed models in this thesis showed effectiveness in price prediction and portfolio
optimization under varying market conditions. The study also highlights the benefits of diversi-
fied portfolios by proposing a novel DL-based model for portfolio construction, especially when
coupled with affinity propagation (AP) clustering and appropriate data-driven risk measures

based on volatility estimates - with sign correlation (VES) and volatility correlation (VEV).
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Abstract iii

Traditional models like mean-variance optimization (MVO), Sharpe ratio optimization (SRO),
and constrained portfolio optimization (CPO) optimize portfolio weights using objective func-
tions, while recent innovations emphasize data-driven risk measures for minimum risk weights
from random samples. Despite challenges with short-term data featuring negative mean re-
turns, the proposed ML-based diversification approaches (for both traditional and data-driven
PO) identified portfolios with positive returns by clustering assets with high mean returns.

In summary, this thesis introduces novel hybridized ML /DL models for price prediction and
approaches to enhance diversification within specific types of portfolio optimization through ad-
vanced clustering methods like affinity propagation and DBSCAN. Diversified stock selection
with clustering techniques significantly enhances profitability in data-driven portfolio optimiza-
tion. These studies underscore its critical role in portfolio resilience, showing that optimal asset
selection across different clusters is pivotal for portfolio performance under challenging market

conditions.
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Chapter 1

Introduction

This chapter provides an overview of the nancial market and its components, discusses

traditional and advanced investment strategies, and outlines the objectives of this thesis.

1.1 Financial Market: Stock and Cryptocurrency

The stock market allows individuals to buy and sell shares or ownership stakes in publicly
traded companies. Moreover, it enables businesses to raise funds for expansions, research, and
development by selling shares to interested investors. This market provides an avenue for in-
dividuals and businesses to potentially grow their wealth and plan for their nancial future
through smart investments. Market dynamics are in uenced by diverse elements, including
economic indicators, company performance, geopolitical events, and public sentiment. In sim-
ple terms, the stock market is like a giant puzzle with many pieces. Various stock products
encompass a wide array of nancial instruments available in the market. These products can
include stocks of individual companies, exchange-traded funds (ETFs) that bundle multiple
stocks, mutual funds comprising a diversi ed portfolio of stocks managed by professionals, and
index funds tracking speci ¢ market indices. Additionally, there are options and futures con-
tracts based on stocks, providing alternative investment and hedging opportunities. Each of
these products has distinct characteristics and risks, catering to di erent investor preferences

and strategies.
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Digital assets such as cryptocurrencies are also gaining popularity nowadays opening a new
avenue in the realm of nance. Cryptocurrencies are digital or virtual forms of currency that use
cryptography for security. They operate on a decentralized network called blockchain, which
records all transactions securely and transparently. This technology ensures the integrity and
traceability of transactions without the need for a central authority, like a bank or govern-
ment. Some popular cryptocurrencies include Bitcoin, Ethereum, and Ripple. Bitcoin, the rst
and most well-known cryptocurrency, focuses on peer-to-peer transactions and decentralized
nancial systems. Ethereum allows the creation of smart contracts and decentralized applica-
tions, broadening its use cases. Ripple, on the other hand, targets cross-border payments and
transactions between nancial institutions, aiming for faster and more cost-e ective transfers.
Each cryptocurrency has its unique features and intended applications in the digital economy.
Each one works a bit di erently and has its own job in the digital money world. In the realm
of cryptocurrency trading, various products cater to traders' needs. These encompass trading
platforms, wallets, and analytical tools. Trading platforms facilitate buying, selling, and ex-
changing cryptocurrencies, o ering features like order execution and market analysis. Wallets,
on the other hand, provide a secure space to store digital assets. Additionally, analytical tools
assist traders in making informed decisions by o ering insights into market trends and price
movements. Overall, the cryptocurrency trading landscape is augmented by these essential
products. Cryptocurrencies are highly volatile. The dynamic nature of cryptocurrency stems
from its constantly changing values, market conditions, and technological advancements. Cryp-
tocurrencies experience volatile price uctuations in uenced by factors like investor sentiment,
regulatory developments, and overall market demand. Additionally, technological innovations
and upgrades in blockchain technology can impact how cryptocurrencies operate and are per-
ceived. These shifts and changes make the cryptocurrency landscape highly dynamic, requiring
a proactive approach for e ective engagement and adaptation.

Investments in nancial assets are achieved through portfolio construction as well. A port-
folio is a collection of nancial assets held by an individual or institution. These assets can

include stocks, cryptocurrencies, bonds, mutual funds, real estate, commodities, and other in-
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vestments. The purpose of a portfolio is to achieve a balanced and diversi ed mix of investments
that aligns with the investor's nancial goals, risk tolerance, and investment horizon. Portfo-
lio optimization (PO) is a nancial strategy that aims to select the best mix of investments to
achieve a speci c objective, such as maximizing return or minimizing risk. This process involves
allocating resources among di erent nancial assets like stocks, bonds, and other securities to
construct an investment portfolio that aligns with an investor's risk tolerance, investment goals,
and time horizon.

The success of investments is heavily dependent on managing risks. The global nancial
crisis of 2008 necessitated nancial markets to develop sustainable forecasting models that
consider market risks [1]. Financial institutions are now required to use more advanced credit
scoring models to enhance capital allocation and to improve risk management, according to the
Basel Committee on Banking Supervision's Basel |l monitoring report [2] in 2021. Resilient
portfolio construction by involving the possible risk factors is very important in averting drastic
market events. Diversity is an important factor for consideration while constructing a risk-
averse portfolio. Choueifaty and Coignard [3] put forward the concept of diversi cation in PO.
They introduced a term called 'diversi cation ratio' for measuring the diversity in a portfolio.

In essence, the nancial market consists of various asset types with intricate data dis-
tributions. The task of selecting appropriate nancial assets, forecasting future trends, and
diversifying investment strategies is challenging due to these complexities. This research aims

to address these challenges and propose e ective strategies to tackle them.

1.2 Traditional Techniques in Price Prediction and Port-
folio Optimization

Various nancial instruments and cryptocurrencies introduce complexities due to their
volatile nature for buying and selling ownership of shares. The dynamics of the stock and
cryptocurrency markets are in uenced by a multitude of factors such as political, geographi-

cal, and socio-economic considerations. The pronounced variability across these diverse factors
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contributes to uctuations in stock market trends.

Predicting stock prices for informed investment decisions involves traditional methods like
analyzing historical data and patterns. These commonly involve examining past stock price
data through statistical techniques like the use of moving averages (see [4]), autoregressive
integrated moving average (ARIMA) modeling (see [5]), exponential smoothing (see [6]), and
so forth. These techniques often overlook the temporal dependencies present in stock data, a
crucial factor for accurate stock market prediction.

The most traditional technique for portfolio optimization (PO) is mean-variance optimiza-
tion (MVO), an idea proposed by Harry Markowitz [7] in 1952. It's objective is to either
maximize anticipated returns for a speci ed risk level or minimize risk for a targeted return.
The resultant e cient frontier illustrates optimal trade-o s between risk and return. Expand-
ing upon the foundations laid by Markowitz, modern portfolio theory (MPT)[8] underscores
the importance of diversi cation in attaining an ideal equilibrium between risk and return,
taking into account the interrelation among diverse assets. Another traditional technique, the
capital asset pricing model (CAPM) incorporates the risk-free rate, market risk premium, and
the beta ! associated with the individual asset for computing the expected yield of an asset
[9; 10; 11; 12]. This facilitates the construction of portfolios by assessing the equilibrium be-
tween risk and anticipated returns. The CAPM revolutionized asset pricing theory; although
widely taught and applied, its simplicity and intuitive appeal are marred by empirical chal-
lenges, notably poor performance in real-world applications, possibly stemming from inherent
model limitations or inadequacies in market proxies used for testing and application. The ar-
bitrage pricing theory (APT) [13] extends the horizon of PO by incorporating diverse factors
in uencing asset valuations. This allows for a thorough exploration of the interrelationship be-
tween risk and return within nancial contexts. The Black-Litterman model [14], in the realm

of dynamic management of portfolio emphasizing information utilization, operates within a

1The beta measure of volatility, commonly referred to as beta (), quanti es the sensitivity of an asset's
returns relative to the returns of a benchmark index. Speci cally, it indicates how much an asset's price is
expected to move in response to changes in the overall market. A beta of 1 suggests that the asset's price will
move in tandem with the market, a beta greater than 1 indicates higher volatility than the market, and a beta
less than 1 implies lower volatility. Negative beta values suggest an inverse relationship with the market.
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Bayesian analytic framework, allowing the portfolio manager to express views, subsequently
translated into security return forecasts, o ering a theoretically and practically appealing tool
for portfolio construction despite persisting challenges.

The conventional method of estimating asset weights includes creating portfolios with equal
weights and inverse volatility weights [15]. Various alternative approaches, such as the en-
hancement of the Sharpe ratio optimization (SRO), optimization of mean-variance (MVO),
and portfolio construction through user constraints (CPO) have been explored in this context
[15]. Sharpe [16] introduced a mathematical measure to assess portfolio performance, providing
a framework for evaluating di erent PO techniques.

These traditional PO methods explained above have a myriad of weaknesses in practical
scenarios. One signi cant limitation of MVO and MPT lies in their sensitivity to input data,
as reliance on historical information for expected returns and risk parameters can lead to
suboptimal portfolios when market conditions deviate from historical patterns. Additionally,
the assumption of normality in asset returns and the focus on mean and variance may not
accurately capture the non-normal and complex distributions observed in real nancial markets,
leading to incorrect estimates of risk. These methods often underestimate tail riskseglecting
the potential impact of extreme events on portfolio performance. Furthermore, their single-
period analysis overlooks the dynamic nature of nancial markets, and the static approach

may not adapt well to changing economic environments over time.

1.3 Machine Learning and Deep Learning

Various studies indicate that machine learning (ML) and deep learning (D) methodologies
exhibit superior performance in stock price forecasting when contrasted with conventional sta-

tistical methods. This superiority arises from their adeptness in managing intricate, non-linear

2Tail risks are the risks associated with rare and extreme events that lie at the far ends of a distribution of
investment returns. These events, although infrequent, can have a substantial impact on portfolio performance
and can lead to signi cant losses.

3Deep learning is a subset of the eld of machine learning. In this thesis, unless stated otherwise, we
will use the term machine learning to refer to traditional (such as shallow or non-deep learning alternatives)
machine learning methods, and deep learning to refer to more recent models with many layers, large number of
parameters, or both.
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patterns and handling extensive datasets [17],[18].

ML algorithms are now being heavily explored in stock price prediction [19]. Traditional ML-
based regression techniques such as linear regression (see [20]), support vector regression (SVR)
[21], decision tree regression [22], random forest (RF) regression [23¢. are used in stock
prediction. Moreover, these traditional techniques have also been pursued in cryptocurrency
prediction [24]. DL algorithms such as arti cial neural networks (ANN), convolutional neural
networks (CNN), recurrent neural networks (RNN),etc. are also used in stock market prediction
[25]. ANN and CNN do not consider temporal dependencies, and hence RNN algorithms,
for example, long short-term memory (LSTM) and gated recurrent unit (GRU) are heavily
used in stock market prediction [26]. These DL techniques are also used for highly volatile
cryptocurrency price prediction [27]. They are good at nding subtle patterns and trends
in nancial data that other methods might miss. These RNN algorithms comprise gating
mechanisms that regulate information ow within the network, allowing for better capturing of
long-term dependencies in the input data. LSTM, addressing vanishing and exploding gradient
issues in traditional RNNSs, is designed to model intricate patterns in sequential data e ciently
[28]. Similarly, GRU is also a popular RNN algorithm used in stock price prediction. A GRU
is a type of RNN architecture designed to model sequential data. In terms of computational
speed, the GRU typically demonstrates smaller training times than LSTM [29]. This can be
attributed to GRU's simpler architecture, involving only two gates compared to LSTM's three
gates. The reduced complexity leads to fewer parameters to compute and consequently faster
convergence during training.

ML and DL techniques are also heavily applied in PO. ML-based PO is garnering attention
because of its potential for capturing intricate, non-linear information and vast datasets in nan-
cial markets, outperforming traditional methods. Designed to tackle challenges in PO related to
both mean-variance and mean conditional value at risk (CVaR), ML-based performance-based
regularization (PBR) has been developed [30]. Other than that, ML techniques are fused with
MVO for designing portfolio investment strategies [31; 32]. DL models are utilized to directly

optimize the Sharpe ratio [33]. In addition to the models mentioned above, the autoencoder is



Chapter 1: Introduction 7

also used as a popular DL model in computational linguistics and representation learning [34].
Autoencoders (discussed later in this thesis) are also used for constructing asset pricing models

[35].

In summary, ML and DL algorithms are being relentlessly researched in various elds.
computational nance (CF) and nancial technology (FinTech) research areas are adapting
these algorithms and designing trading technologies. Clustering, classi cation, predicticgtc.,
rely on the ML and DL algorithms.

Nowadays, ML and DL algorithms are being hybridized in order to achieve di erent goals set
by market pundits. Recent research on applying these hybridized models in the nance market
focuses on smart pro table PO and nancial asset management. From stock prediction to PO,
ML algorithms are being explored rigorously to nd useful models in varying risk scenarios.

Hybridization of ML and DL algorithms with each other and with other statistical methods
can result in powerful algorithmic strategies in CF. These algorithms can be e ectively utilized
in enhancing predictive accuracies and developing pro table PO techniques. Hybridization of
established or traditional ML methods with newer DL architectures broadens the spectrum of
applications and can improve performance across several domains. LSTM-GRU hybridization
is being heavily explored in the nancial time series forecasting problem domains. Besides that,
LSTM-CNN and GRU-CNN also have been explored for di erent problem domains including
nance [36]. Other than these models, LSTM-GRU-ARIMA [37] is also a popular hybridized
model that can be used in di erent problem domains. Rubell et al. [38] conducted experiments
employing a multivariate sequential LSTM autoencoder on various stocks, including AAPL,
GOOGLE, JPM, JNJ, etc., demonstrating its superiority over univariate sequential LSTM
autoencoder, GRU, and generative adversarial networks (GAN).

Recent advances in hybridized ML and DL models have led researchers to explore the
e ciency of various hybridized DL models for PO [39]. The integration of ML and DL models

could potentially lead to a prominent advancement across diverse domains.
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1.4 Objective

Financial forecasting, diversi cation in PO, and selecting nancial assets amid complex data
distributions and unpredictable crisis periods present signi cant challenges. This research aims
to address these challenges by designing e ective models and diversifying asset selection for
risk-averse investments. Speci cally, in this research, we propose a hybridized approach and do
thorough experimentation that enhances predictive accuracy for forecasting trends of various
nancial assets under di erent market conditions. Additionally, a hybrid DL-based approach
for e cient PO is proposed. To further enhance portfolio construction techniques and increase
the resiliency of existing methods, clustering algorithms are experimented with to introduce
diversi cation.

The remainder of this thesis is structured as follows: Chapter 2 reviews the related works on
using ML and DL techniques in nancial asset forecasting and PO, discussing the motivation
behind this study. Chapter 3 discusses the models and methodologies. Chapter 4 details
the experimental setup and implementation of the models. Chapter 5 presents the results
obtained from the experiments and their evaluations. Finally, Chapter 6 concludes the thesis

and discusses the published contributions from this research.



Chapter 2

Literature Review

Stock market data is notably intricate, characterized by complex interconnections among
its components. The dynamics of the stock market are in uenced by a multitude of factors
such as political, geographical, and socio-economic considerations. The pronounced variability
across these diverse factors contributes to uctuations in stock market trends. Particularly
during critical events, accurately predicting stock market performance becomes notably chal-
lenging and of utmost importance. Dierent researchers have used ML and DL algorithms
to explore stock market prediction and PO. ML techniques are being heavily explored in the
arena of nance and these algorithms are superior to traditional techniques of forecasting such
as ARIMA, as the traditional approaches cannot identify internal dependencies of the data [40].

This chapter discusses many important ML and DL techniques applied to nance problems

that naturally lead to the motivation of this current study.

2.1 Algorithmic Strategies in Financial Market

In this section, di erent algorithmic procedures for nancial forecasting and PO are dis-
cussed. This section is further subdivided into several subsections to discuss the published

literature on ML, DL, RNN, and hybridized approaches in the nancial market.
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2.1.1 Application of ML

ML has grown tremendously in many areas of research and applications. It would be a
daunting task to comprehensively cover all work from literature from multiple areas and hence
our focus in this section is limited to nancial applications.

Dimensionality reduction techniques can reduce the redundancy in the stock market data
and can result in e cient price prediction. Zhong and Enke [41] have used dimensionality reduc-
tion techniques along with ANN for daily stock market return. However, their dimensionality
reduction techniques utilized di erent variations of principle component analysis (PCA) which
only capture linear/planar intricacies among the data. The stock market is mainly a ected
by non-linear complexities. Kohli et al. [42] forecasted the movements of the Bombay Stock
Exchange (BSE) by considering various factors such as market history, commodity prices, and
foreign exchange rates. They have found gold prices to a ect BSE the most. Their analysis
revealed the superiority of the AdaBoost algorithm among others explored. Awoye [43] in-
vestigated the use of ML techniques to enhance portfolio returns by applying the minimum
variance model of Markowitz. Du [44] has employed a comparable methodology, utilizing ML
algorithms like support vector machine (SVM) and LSTM for stock price prediction, followed
by the application of MVO to construct portfolios. Tola et al. [45] utilized cluster analysis
for PO, showcasing its ability to enhance the predicted portfolio's reliability. With current ad-
vances in ML techniques, Behera et al. [46] recommended an ML-based technique for selecting
assets, which was followed by mean-VaR portfolio optimization. The study found the approach
of the mean-VaR model with AdaBoost prediction to be more e cient than other models that
were tested.

Ibanez [47] proposed a portfolio construction technique that emphasizes diversi cation. This
approach employs singular value decomposition to identify underlying factors and utilizes hi-
erarchical agglomerative clustering to address implementation challenges associated with the
method. Clustering algorithms can be used in diversifying nancial assets and constructing risk-
averse portfolios. Li [48] applied k-means clustering to enhance the performance of the global

minimum variance (GMV) portfolio. The approach also incorporates regularization within the
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autoregressive shrinkage model. Aslam et al. [49] have incorporated a three-factor analysis to
cluster stocks and identi ed clusters comprising the best-performing stocks for portfolio con-
struction. Pranata et al. [50] employed clustering techniques such as the k-means and DBSCAN
clustering algorithms to cluster the IDX (Indonesia Stock Exchange) companies. These clus-
tering techniques are commonly employed in stock forecasting and recommendation systems
[51] as well as to optimize portfolio construction and risk management [52]. Wang and Aste
[53] proposed a PO approach based on inverse covariance clustering, which involves identifying

market states and incorporating them into a dynamic PO process.

2.1.2 Application of DL

Application of DL models is rising phenomenally in the arena of stock prediction [54]. Jiang
[55] has summarized the recent progress in stock market prediction using di erent DL models
and provided a general work ow for the stock prediction domain using DL. Nikou et al. [56]
have considered the non-linearity and non-stationarity of stock market data when they analyzed
di erent ML and DL algorithms in predicting the daily close price data. Their ndings suggest
DL models surpass traditional ML algorithms. They also noted that SVR and RF perform
well next to the DL models. Nabipour et al. [57] have studied nine prominent ML models and
two powerful DL models in stock prediction and binary classi cation. Their research similarly
suggests the supremacy of deep learning models. Jang and Seong [58] introduced a PO method
that combines modern portfolio theory with DL based on deep reinforcement learning (DRL).

DL algorithms are generally seen to be outperforming ML algorithms due to having neuron-
based learning capabilities. Ferrandez and Gome [59] have explored a particular network, the
Hop eld network in PO. Uysal et al. [60] used a risk budgeting model as a layer in the deep
neural network which overperformed the traditional techniques. Yu et al. [61] used radial basis
function (RBF) neural network and have observed su cient e ciency. Jang and Seong [58]
explored the combination of DRL and MPT and observed substantial improvement in pro t
maximization. Yang [62] further explored DRL in PO and reported the superior performance

of representation learning-based DRL in PO. Ngo et al. [63] did a comparative study on
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the performance of DRL with other DL and traditional PO techniques on the emerging and
developed stock markets. Their study con rms the better responsiveness of DRL to the market

dynamics compared to other algorithms.

2.1.3 Application of Recurrent Neural Network (RNN)

The above-mentioned ML and DL algorithms do not consider temporal dependencies and
hence RNN variants such as LSTM and GRU are being explored in stock market behavior
prediction, which considers past temporal values of the stock market. Ma et al. [64] suggested
the application of Autoencoder and LSTM in PO, utilizing these DL methods to enhance the
worst-case omega model. LSTM overperforms ML algorithms like SVR in several markets [65].
However, the architecture of LSTM can be speci ¢ market-dependent. Jiang et al. [66] have
explored the functionality of LSTM in di erent markets such as Chinese, European, and Amer-
ican markets. Their ndings suggest the superiority of LSTM in the European and American
markets compared to the Chinese market. Furthermore, LSTM is found to be ine cient when
working with smaller datasets, which is often considered a drawback by certain researchers such
as by Sheth and Shah [67]. Apart from LSTM, GRU has also been explored in stock predic-
tion quite extensively [68]. Gupta et al. [69] have performed stock prediction based on LSTM
and GRU along with incorporating PCA and least absolute shrinkage and selection operator
(LASSO) techniques. Their research also suggests a similarity in the functionalities between
LSTM and GRU in the case of prediction. However, the training time of GRU is much smaller
than the LSTM because of one fewer gate. Seabe et al. [70] experimented with LSTM, GRU
and Bi-LSTM and found the superiority of Bi-LSTM on cryptocurrency prediction. Kim et
al. [71] did a comparative study on the performance of LSTM and GRU on cryptocurrency
price prediction, Their study shows that GRU performs better than LSTM in certain scenarios.
Phan-Thi et al. [72] demonstrated the e ectiveness of the bidirectional GRU model combined
with the attention mechanism, yielding favorable results for longer-term PO.

Retaining long-term context in nancial time series data is very important since predicting

future values of nancial assets depends heavily on important past events. Hence, the context
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of those events should be remembered by the model including important non-linear features of

time-series data.

2.1.4 Application of hybridized models in nancial market

Hybridization of ML and DL algorithms in price prediction and PO involves combining the
strengths of the considered approaches to improve predictive accuracy and investment perfor-
mance. ML algorithms, known for their e ciency in handling structured data and traditional
statistical techniques, are integrated with DL models, which excel in capturing complex patterns
and dependencies in large datasets. This synergy enhances the robustness of price-prediction
models and optimizes asset allocation strategies in PO, leading to better risk management
and higher returns. By leveraging both ML and DL, investors can develop more adaptive and
resilient investment strategies in dynamic market conditions.

Popular RNN models such as the LSTM model have been also hybridized in the predic-
tion of the non-stationary and non-linear stock market [73]. Fang et al. [74] have proposed
a hybrid forecasting framework using LSTM, batch normalization layer, dropout layer, and
binary classi er for trend forecasting of nancial time series. Their study used the S&P500,
Shanghai Stock Exchange 180, and China Securities Index 300 for experimentation. From their
experimentation, it is evident that the performance of hybridized DL models is generalized to
di erent datasets.

For proper prediction, consideration of multiple features is also very important thus hy-
bridization helps in this scenario. Through hybridizing several ML/DL models, multiple fea-
tures of dierent algorithms can be incorporated into a single model. It helps to capture
previously unnoticed complexities behind the scenes. LSTM has been combined with adap-
tive boosting (AdaBoost) and k-nearest neighbor (KNN) [75]. Compared to traditional ML
models, the performance of this combined approach was signi cant. Kwak and Lim [76] ex-
perimented on the AdaBoost and GRU ensemble model and noticed increased e ciency than
the LSTM, GRU, and ARIMA models on the Korean (KOSPII) market. Previously, Shen et

al. [77] have experimented with GRU by replacing the last layer with SVM for trading signal
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prediction. Their study shows signi cant performance enhancement when ML and DL models
are hybridized. Song and Choi [78] have explored various hybridizations of DL models and ob-
served a signi cant rise in e ciency compared to other traditional models. They have mainly
hybridized LSTM and GRU with CNN to observe the e ciency of the hybridized models in
forecasting the nancial market. John and Latha [79] have used BILSTM on GRU and stacked
LSTM units to develop a hybrid RNN model and observed enhancement in the e ciency of the
hybrid model in stock prediction. Fang et al. [74] have proposed a hybrid forecasting frame-
work using LSTM, batch normalization layer, dropout layer, and binary classi er to forecast
the movement of nancial time series. Their study used the S&P500, China Securities Index
300, and Shanghai Stock Exchange 180 for their experimentation. From their experimentation,
it is clearly evident that the performance of hybridized DL models is generalized to di erent
datasets. Also, in the realm of cryptocurrency prediction, hybridization is a prominent tech-
nique. Petrovic et al. [80] used a hybridized LSTM-GRU model along with swarm intelligence
for cryptocurrency prediction.

Hybridized DL algorithms are a prominent eld of research in PO and the development of
investment strategies. Modi ed deep belief networks (DBN) and RNNs are heavily utilized in
PO [81]. Di erent models such as CNN and RNN are being fused for stock selection and opti-
mization for the formation of pro table risk-averse portfolios [82]. Moreover, various heuristics

are also being explored by the amalgamation of these with various DL algorithms for PO [83].

2.2 Motivation

In computational nance, hybridization primarily aims to integrate a range of ML and DL
models across diverse market contexts. However, their e cacy varies across distinct market
conditions. Presently, there is an absence of well-established models that comprehensively
account for market dynamics and exhibit performance across diverse market scenarios. Ad-
ditionally, the nancial dataset encompasses a multitude of underlying features necessitating

meticulous consideration through diverse statistical measures. This research involves design
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and experimentation for novel hybridization approaches for retaining long-term context and
non-linear important features from past observation. The main objective is to augment and
accelarate predictive accuracy, particularly in the context of forecasting stock prices, stock in-
dices, and cryptocurrency values. Retaining long-term context in nancial time series data is
very important since predicting future values of nancial assets depends heavily on important
past events. Hence, the context of those events should be remembered by the model including
important non-linear features of time-series data.

LSTM and GRU are commonly employed in the prediction of stocks and cryptocurrencies.
However, these basic LSTM and GRU structures do not take into account the signi cance of
non-linear features. In natural language processing (NLP), both LSTM and GRU encounter
di culties in predicting words when the sentence length increases signi cantly. Consequently,
these algorithms struggle to remember the context over a very long term. To address this
issue, the Transformer Network (TN) was introduced, which uses an attention mechanism in
an encoder-decoder architecture to remember the long-term context [84]. TN architectures
are computationally resource-heavy and take a long time to process information. For e ective
nancial price prediction and PO, resource-friendly architectures are needed. One of the major
concerns of this research is to enhance predictive accuracy using LSTM/GRU units hybridized
in an encoder-decoder fashion, to increase the information retention capacity of these RNN
algorithms.

Traditional PO techniques do not consider the non-linearity in the underlying nancial
data. Building upon prior work, Bowala and Singh [85] proposed a data-driven method for
composing a portfolio comprising conventional stocks and cryptocurrencies (cryptos). They
explored statistical risk measures and put forward a range of statistical correlations for assessing
portfolio composition utilizing these metrics. In this research, experimentations have been done
with various clustering techniques alongside both traditional and data-driven PO methods to
enhance investment strategies by introducing diversi cation. Such experimenting improved the
resiliency of the portfolios and enhanced pro tability. Moreover, this research also explored the

amalgamation of the DL algorithm with the data-driven approach to propose a novel hybridized
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portfolio construction technique.



Chapter 3

Machine Learning Approaches in
Financial Predictions and Portfolio

Optimization

ML and DL models play a crucial role in nancial price prediction research. Market ex-
perts employ a variety of these models for PO to achieve better accuracy and resilience in their
investment strategies. This chapter provides an in-depth discussion of ML, DL, and DS mod-
els used in this thesis, highlighting their application and e ectiveness in forecasting nancial
asset prices and optimizing portfolios. Additionally, it examines traditional (mean-variance
optimization, Sharpe ratio optimization, etc.) and data-driven approaches for portfolio opti-
mization in current nancial market conditions and compares the portfolio optimization with

recently proposed risk measures based on sign and volatility correlations.

3.1 Machine Learning Approaches in Price Prediction

Bidirectional RNNs (LSTM and GRU) harness the power of simultaneous forward and back-
ward information ow, enhancing their ability to capture context from both past and future
sequences. This dual-directional processing enables more robust modeling of temporal depen-

dencies in sequential data, making them e ective for tasks requiring comprehensive context

17



Chapter 3: Machine Learning Approaches in Financial Predictions and Portfolio
18 Optimization

understanding. The basic LSTM and GRU architectures, though they are well-known and

well-studied, are described in the Appendix A for the sake of completeness.

3.1.1 Bidirectional Long Short-Term Memory (BILSTM)

BILSTM is an advancement of the conventional LSTM architecture, speci cally crafted to
consider dependencies in both forward and backward directions within sequential data. LSTM,
a variant of RNN is speci cally e cient in considering dependencies of long-term time series.
BILSTM enhances the capabilities of traditional LSTMs by processing input sequences in both
forward and backward directions simultaneously.

Figure 3.1 shows a basic chain architecture of LSTMThis chain architecture of LSTM

represents how sequential data is processed, where the information passes in a single direction.

Figure 3.1: A basic LSTM chain architecture

In the Figure 3.1, the forget gate, determines the information to be excluded from the
cell state. The input gate decides which values to update in the cell state. The cell state is
responsible for storing long-term information. The output gate controls the information to be
output from the cell state. h, represents the hidden state, encompassing short-term information
for output.

Figure 3.2 demonstrates a BiLSTM architecturé Within an LSTM unit, key components
encompass a cell, an input gate, a forget gate, and an output gate. These components work
together to selectively retain and update information over sequential steps. The key innovation
in BILSTM is its bidirectional architecture. Instead of processing the input sequence only from

left to right (as in traditional LSTMs), BILSTM processes it in both directions simultaneously.

https://colah.github.io/posts/2015-08-Understanding-LSTMs/ (Date accessed: January 2024)
2https://8f430952.rocketcdn.me/wp-content/uploads/2021/07/image-5.jpeg (Date accessed: January 2024)



Chapter 3: Machine Learning Approaches in Financial Predictions and Portfolio
Optimization 19

Figure 3.2: A BILSTM architecture

In the forward pass, the input sequence is handled from the start to the nish. The hidden
states at each step capture the information up to that point, considering the context from the
past. Simultaneously, in the backward pass, the input sequence is processed from the end to
the beginning. The hidden states in this direction capture information considering the context
of the future. At each time step, the concatenation of hidden states from both the forward
and backward passes takes place. This results in a representation that encodes information
from both the past and the future, providing a more comprehensive context for each element
in the sequence. By considering bidirectional dependencies, BILSTM has an enhanced ability
to capture long-range dependencies and understand the context in which each element appears
within the sequence. BILSTM is trained usingbackpropagation through timgBPTT) 2 and
optimized using techniques likegradient clipping* to address vanishing or exploding gradient
issues. Algorithm 1 captures the steps in the BILSTM model used in this research. The term
backward pass here refers to processing the input sequence from right to left, which di ers from

backpropagation.

3.1.2 Bidirectional Gated Recurrent Unit (BiIGRU)

BiGRU is an advancement of the traditional GRU neural network architecture designed to

capture bidirectional dependencies in sequential data. GRU is a variant of RNN, like LSTM,

3Backpropagation through time (BPTT) is an algorithm used to train recurrent neural networks by unfolding
them through time and applying backpropagation.

4Gradient clipping is a technique used to prevent exploding gradients by capping the gradients during
backpropagation to a maximum value.
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Algorithm 1: Bidirectional Long Short-Term Memory (BiLSTM)
Input: Input sequenceX of length T

Output:  Output sequenceh

Initialize forward and backward LSTM networks;

Initialize parameters, weights, and biases;

fort 1to T do

Forward pass through the forward LSTM network:h{  LSTMomag (X;h! 15¢ 1);

Backward pass through the backward LSTM network:

htb LSTM packward (Xt; h?+1 , clb+1 );

Concatenate forward and backward hidden states,  [h{; h?;

Perform further processing or use the concatenated states for downstream tasks;

return h

that handles sequential time series. BiGRU enhances the capabilities of GRU by processing

input sequences in both forward and backward directions simultaneously.

Figure 3.3: A GRU architecture

Figure 3.3 illustrates a basic GRU architecture It consists of a reset gate and an update
gate, allowing it to selectively retain and update information over sequential steps. The reset
gate forgets speci ¢ past information based on weighted calculation, similarly, the storage of

relevant information is decided by weighted calculation by the update gate. This mechanism

Shttps://www.researchgate.net/publication/355705028/figure/fig2/AS:1083870812340231@
1635426347531/GRU-structure-diagram_W640.jpg (Date accessed: January 2024)
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helps GRU capture long-term dependencies in sequential data while maintaining computational
e ciency. In the GRU model framework as mentioned in the Figure 3.3r; acts as the reset
gate, andz; operates as the update gate. The vectdt; signi es a candidate activation vector.

The functions and tanh denote the sigmoid and hyperbolic tangent functions, respectively.

Figure 3.4: BiGRU architecture

Algorithm 2:  Bidirectional GRU
Data: Input sequenceX = (Xg;Xp; i XT)

I |
Result: Bidirectional GRU output H =( h1; ho;:5 ht; hy;i hy)

Initialize GRU forward and backward hidden states!: ho= ht4y = 0;
fort=1to T do

Perform forward GRU step;
| h, = GRU ,Steﬁ(ht 1 %)

Perform backward GRU step;

hy = GRU _Step(h 41 Xt);

Concatenate forward and backward hidden states;

HItT =T he ho;

return H ;

Figure 3.4 illustrates the architecture of BiGRU. BiGRU is employed for tasks involving

Shttps://www.researchgate.net/publication/366162819/ gure/ g1/AS:11431281106354346@1670632077172/BiGRU-
model-structure-diagram.jpg (Date accessed: January 2024)
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sequential data analysis, where understanding the context of information requires considering
both preceding and succeeding information. The key innovation in BiGRU is its bidirectional
architecture. Instead of processing the input sequence only from left to right, as in traditional
GRUSs, BiGRU processes it in both directions simultaneously similar to the process explained
for BILSTM model earlier. By considering bidirectional dependencies, BiGRU has an enhanced
ability to capture long-range dependencies and understand the context in which each element
appears within the sequence. Algorithm 2 captures the steps in BIGRU model used in this
research. As mentioned earlier, the term backward pass here refers to processing the input

sequence from right to left, which di ers from backpropagation.

3.1.3 Activation functions

Three popular activation functions are used commonly in the DL models: (1) ReLU, (2)
ELU, and (3) tanh. The choice of activation function depends on the dataset and model

architectures. Improper choice might result in sub-optimal performance.

Figure 3.5: Activation functions.

A. RelLU

The Recti ed Linear Unit (ReLU) activation function is extensively utilized in neural net-
works, providing non-linearity by outputting the input directly for positive values and zero for
negative ones. Its popularity stems from its simplicity, computational e ciency, and e ective-
ness in dealing with the vanishing gradient problem during DNN training. ReLU addresses the

issue of vanishing gradients that arise due to the saturation of neurons when sigmoid functions
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are used. Improper weight initialization can lead to the "dying ReLU" problem causing neurons
to die, especially due to the negative saturation.
The formula for ReLU isf ge (hix) = max(0; hix).

Figure 3.5(a) presents a graphical representation of ReLU.

B. ELU

The Exponential Linear Unit (ELU) is an activation function commonly used in arti cial
neural networks. It brings non-linearity to the network by permitting the inclusion of nega-
tive values, unlike traditional activation functions such as ReLU. ELU has a smooth curve for
negative inputs, avoiding the issue of dead neurons and enabling better convergence during
training. It exhibits the ability to capture information from both positive and negative input
ranges, contributing to improved learning in DNN. ELU addresses the issue of the dying ReLU
problem that occurs due to negative saturation but bad initialization still can cause underper-
formance. The ELU activation function is de ned as:

8
% k if k>0
f (k)= :
2 (e« 1) ifk O
Here, is a positive hyperparameter controlling the slope of the function for negative inputs.

Figure 3.5(b) presents a graphical representation of ELU.

C. Tanh

The hyperbolic tangent function, denoted as tanh(), is a common activation function in
neural networks. It squashes input values to the range of (;1), making it zero-centered
and aiding in mitigating vanishing gradient problems during training. The tanh activation is
particularly useful in scenarios where zero-centered outputs are desired and has applications
in various layers of neural network architectures. The tanh activation function delivers output

centered around zero, but it can lead to the vanishing gradient problem due to neuron saturation
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caused by improper weight initialization. The formula for the tanh activation function:

e ek

tanh(k) = W

Figure 3.5(c) presents a graphical representation of tanh.

3.1.4 Autoencoder

An autoencoder is like a smart data compressor and decompressor. Itis a DL algorithm that
learns to shrink down complex information into a compact representation (encoding) and then
expand it back to its original form (decoding). This helps in capturing the essential features
of the data while reducing unnecessary details, making it easier to analyze and use. Figure 3.6

provides a basic visualization of the autoencoder architecture

Figure 3.6: Autoencoder architecture

A generalized data ow of an autoencoder experimented in this research is as follows:

X Ericoder h= e(x) D?coder R = d(h):
Here, an encoder is a function that takes inpux and is de ned as
h = e(x):

The architecture of an autoencoder is designed to extract the hidden representation of input

data through its encoder component. This representation, which exists in a reduced dimensional

"https:/itowardsdatascience.com/applied-deep-learning-part-3-autoencoders-1c083af4d798 (Date accessed:
January 2024)
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space, allows the model to discern non-linear characteristics of the input feature vector. In
forecasting time series, these non-linear characteristics can o er valuable insights into the non-
linear relationships among data points, which are crucial for forecasting future values. In the
given equation, h signi es the hidden representation of the input data as obtained by the
encoder component. The decoder component then reconstructs the data, denotedxhyby
minimizing the reconstruction error. This process of reconstruction eliminates noise or outliers
that are not correlated with the dataset, leaving behind only the signi cant features that are

relevant to the context of the dataset.

3.2 Portfolio Optimization Techniques

The construction of pro table portfolios has long been a vibrant area of research. While
investment strategies developed from this research have their limitations, identifying these
limitations has led to the proposal of new models tailored to current market needs. Given
the constantly evolving nancial market, this thesis aims to address market dynamics and
enhance investment strategy resilience by identifying e cient PO algorithms and advancing
research through the modi cation and extension of existing approaches. This section discusses
the traditional and contemporary data-driven approaches, as well as the ML-based clustering

techniques proposed and utilized in this thesis to enhance diversi cation in PO.

3.2.1 Traditional Portfolio Optimization
A. Equal Weighted Portfolio Optimization (EW)

In a portfolio utilizing the equal-weighted portfolio optimization technique, every stock is
accorded uniform treatment, and an identical proportion of weight is allocated to each individual

stock. Speci cally, the weight of each stock is calculated a4/, = Ni (see [15]).
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B. Inverse Volatility Weighted Portfolio Optimization (IVW)

The inverse volatility-weighted portfolio assigns weights to assets based on the reciprocal of
their volatility. Speci cally, the weight of each asset is calculated as (see [18); = i Pl—lj
where, ; denotes the volatility associated with thei-th asset. We employ methodolojgies
encompassing equal-weighting and inverse volatility-weighting to compute the portfolio weights.

Subsequently, the yearly mean returns, annual risk, and diversi cation ratio are computed.

determined by a weights summation of individual asset returns given bR, = W;R; + W;R, +
P
i+ WRRy = iNzl WiR;. If there wereT, trading days in a year (e.g. 251 out of 365 days), the
F)
portfolio’'s annualized return can be calculated as (see [13hnn = iN=1 WiR; T,. Portfolio

D D

risk is the standard deviation of its returns and is given by (see [15]),= i
The variance-covariance matrix of returns, which represents the covariance of returns be-
tween assets i and j of the portfolio, is denoted by; . To calculate the covariance matrix for

a dataset with n observations andp variables, we can use the following formula:

= X>X: (3.1)

Here,

X isann p matrix of observations, with each row representing an observation and each

column representing a variable.
X~ is the transpose of the matrixX.

Standard deviation, a statistical measure of data dispersion, characterizes how much the
data deviates or spreads from its mean. When it comes to portfolios, the standard deviation
of their returns, which represents their risk, is a useful metric for measuring the consistency of
their returns. The annualized portfolio risk in percentage, ann, Can be computed from (see

P P
[15]): Ann = ; jWin i Ty.
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C. Mean-Variance Optimization (MVO)

MVO has two objectives: to increase the expected portfolio return and to decrease the
portfolio's risk.

The MVO model is given by (see [15]):

N S 3¢
min W,R; + Win i
i=1 i
subject to (3.2)
X
W,=1;0 W, 1
i=1
where W; is portfolio weight, R; is the portfolio expected return, j is the variance-

covariance of returns, and\ is the total number of assets.

D. Constrained Portfolio Optimization (CPO)

To achieve a balanced portfolio that maximizes returns and minimizes risk, an investor
with moderate risk aversion imposes speci ¢ preferences and conditions on the MVO model to
construct the CPO model. For example, an investor wants 40% of the capital to be invested in
high-volatility stocks and 60% in low-volatility stocks. Also, 1% of the capital must be invested
in both classes, some assets may not be invested, and high-volatility stocks cannot exceed 10%.

The weights add up to one, ensuring a full investment of available capital. The mathematical
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formulation of the model is (see [15]):

X X X
min W,R; + Win i
i=1 i
subject to
X
Wi =1
i=1
X
0.01 W, 06 (3-3)
i2LowV olatility
X
0:.01 W, 04

j 2HighV olatility

0 W, 1, i2LowV olatility

0 W; 01 j2 HighV olatility:
E. Sharpe Ratio Optimization (SRO)

The mathematical model for optimizing the Sharpe ratio based on the portfolio is (see

15)):
[15]) 0, L
N
max @g #:1;/\/iRi Ri A
i WiW
subject to (3.4)

X
W, =1; 0 W, 1
i=1
In the objective function, the numerator represents the investment's excess returns compared
to a risk-free asset, denoted aR;, while the denominator represents the investment's risk. The
goal is to maximize the Sharpe ratio. The basic constraints state that the investor wants to

create a fully invested portfolio.
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3.2.2 Data-Driven Portfolio Optimization

Traditional PO techniques typically overlook non-normality, skewnes$s and kurtosis’ in the
underlying dataset. In contrast, the data-driven portfolio construction method accounts for
non-normality and skewness in nancial data. Incorporating these statistical features enhances
the robustness and practicality of the model.

Using sign and volatility correlations, two innovative volatility estimates were introduced
in an earlier study by Thavaneswaran et al. [86]. These functions, characterized by smaller
variances, are employed to formulate a novel risk measure for a portfolio that takes into account
moments of higher order. The sign correlation ¢.s4,) and volatility correlation ( p.,) are given

as [86]:

p;sgn = Corr (Sgn (Re p) ;i Re p)

and

P:vol = Corr JRp pj,(Rp p)2 .

Here, , represents the expected return of the portfolio.

A. Risk Measures

Sign and volatility correlations are used by Bowala and Singh [85] to introduce four distinct
risk measures. The portfolio's expected return is indicated by,. Rp represents the portfolio
return. The inverse of the cumulative distribution function (CDF) ° is denoted byF (x) of
portfolio return. Ry and ", serve as estimates of the expected return and standard deviation

(SD) of a nancial portfolio, respectively, derived from the past observations.

8Skewness measures the asymmetry of a data distribution. Positive skewness indicates a long right tail, while
negative skewness indicates a long left tail.

9Kurtosis measures the \tailedness" of a data distribution. High kurtosis indicates heavy tails and more
outliers, while low kurtosis indicates light tails and fewer outliers.

10The cumulative distribution function (CDF) of a random variable X is de ned as the probability that X
takes on a value less than or equal to a given poink. Formally, the CDF is given by F(x) = P(X  x), where
F (x) represents the probability that X is less than or equal tox.
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The mean absolute deviation (MAD) assessment for the portfolio is computed using [85]:

q
MADp = 2Ap;sign/\p F(Rp)(l F(Rp))

The volatility estimate (VE) of the portfolio, employing volatility correlation (VEV), is quan-

ti ed through [85]:

q —
VEVp = 1 A|23;v0| Np:

The VE of the portfolio utilizing sign correlation (VES) is given below [85]:

q__
VESp = 1 M A

P;sign P
For the volatility estimate of the portfolio considering both volatility and sign correlation re-

duction (VESV), the formula is as follows [85]:

q
VESVp = (1 A%;sign)(l AIZD;VOI)AP:

The data-driven PO strategy considers these four distinct data-driven risk measures. Unlike
other existing traditional PO techniques, the data-driven PO algorithm considers the underlying

non-normality of the nancial time series.

3.2.3 Diversi cation

We compute the diversi cation index by using the formula:

WO

p—— (3.5)
W wo

. - P : . .
where is the standard deviation vector, W is the vector of weights, and is the variance-

covariance matrix of returns.

3.2.4 Clustering Approaches

This research employs four di erent clustering techniques to facilitate stock diversi cation
within portfolios. Speci cally, the less extensively explored methods of Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) and a nity propagation (AP) are studied
for this thesis. The objective is to construct portfolios by selecting unique stocks from each

cluster, thereby enhancing diversi cation strategies.
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K-means clustering algorithm (see [87]): It is a prominent unsupervised ML approach
utilized for partitioning a given dataset into K distinct clusters. This technique aims to minimize
the collective sum of squared distances between individual data points and their corresponding
cluster centroids. The Within Cluster Sum of Squares (WCSS) method is commonly employed

to determine the suitable number of clusters.

Hierarchical Clustering Algorithm (see [87]) : It is an unsupervised ML algorithm that
groups data points into hierarchical clusters, considering their similarity or dissimilarity. This
method establishes a hierarchical arrangement of clusters, often represented as a dendrogram, by
iteratively merging or splitting clusters. In our study, we leveraged the elbow plot technique,
obtained by converting the dendrogram into a dissimilarity matrix. By utilizing the WCSS

criterion, we ascertained the ideal cluster quantity essential for our clustering investigation.

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) (see [88]):

It is an unsupervised ML algorithm that identi es clusters based on the concept of density.
DBSCAN e ectively employs two crucial parameters: epsilon §, which governs the maximum
allowable distance between neighboring points, and minPts, which speci es the minimum num-
ber of points required to establish a dense region. The algorithm also adeptly detects noise or
outlier points, which lie in regions of diminished density and fail to satisfy the density criteria.

In our study, we employed the reachability distance metric to determine the optimal value of

epsilon for the DBSCAN clustering algorithm.

A nity Propagation (AP) (see [89]): It is an in uential clustering algorithm that op-

erates in an unsupervised manner that e ectively identi es exemplars within a given dataset,
allowing the data points to "vote™ on each other to determine their representative exemplar. The
algorithm leverages the notion of message passing, wherein messages are exchanged between
data points to ascertain the most suitable exemplar for each point. By iteratively updating
these messages, AP converges to a set of exemplars that e ectively represent the dataset. The

robustness of the algorithm lies in its capacity to autonomously ascertain the cluster quantity
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without necessitating prior knowledge. The versatility of this algorithm allows it to handle
datasets with varying cluster sizes. This algorithm has been previously used in several appli-

cations [90] [91].

3.3 Data Science Concepts

Data science (DS) is a multidisciplinary eld that integrates statistical methods, compu-
tational tools, and specialized knowledge to derive valuable insights and understanding from
both structured and unstructured data. It includes the systematic application of algorithms,
data processing methods, and machine learning to analyze large datasets, identify patterns, and
support decision-making processes. DS encompasses a broad range of activities, including data
cleaning, data integration, data visualization, and predictive modeling, aiming to transform
raw data into actionable intelligence. In this thesis, for each study, a signi cant amount of
work involves exploring the intricacies of the underlying complex nancial data. Understand-
ing the statistical features of the data helps in devising e ective algorithmic strategies for price

prediction and portfolio construction.

3.3.1 Data Pre-Processsing

Data preprocessing for nancial stock and cryptocurrency data is essential to ensure qual-
ity and reliability in analysis and modeling. The process begins with collecting historical and
real-time data from reliable sources, including nancial markets and exchanges. The next step,
data cleaning, tackles problems such as missing values, outliers, and inconsistencies by applying
statistical methods. Data transformation then reshapes raw data into an appropriate format,
which includes scaling features and aligning time frames consistently. Feature engineering ex-
tracts meaningful features, enhancing model performance. Data integration combines multiple
sources to form a comprehensive dataset, merging nancial data. Finally, data reduction sim-
pli es the dataset by reducing dimensionality through di erent statistical or ML approaches,

retaining essential information while eliminating redundancy. This thorough preprocessing en-
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hances the accuracy and e ciency of predictive models, facilitating better investment decisions

through di erent PO techniques.

A. Data Inference

Data inference involves statistical methods and algorithms to extract meaningful insights
and inform decision-making processes. In this research, nancial data from stocks, stock indices,
and cryptocurrencies are used, each having a di erent range of values. The initial step involves
calculating returns from these raw values.

The formula for calculating stock returns from the closing price is:

Closing Price ey Closing Price,eyioys .

Return = i i
Closing IDrlc%revious

(3.6)

Calculating stock returns from the closing price instead of using the prices directly provides
a standardized measure of performance over time. Returns express the percentage change,
accounting for the price scale and allowing meaningful comparisons across di erent periods and
stocks, regardless of their absolute price levels. This method ensures a more accurate evaluation

of investment performance and risk.

B. Standardization and Normalization

Standardization and normalization are crucial preprocessing techniques that enhance the
e cacy of ML algorithms. Standardization modi es data to achieve a zero mean and a standard
deviation of one, making features with di erent units or scales easily comparable.

The formula for standardization is as follows:

(3.7)

where:

z is the standardized value,

X is the original data point,

is the mean of the data,
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is the standard deviation of the data.

Normalization adjusts data to t within a specic range, usually between 0 and 1, aiding
in managing data with di erent scales and enhancing the convergence of gradient-based algo-
rithms. Both techniques are vital for ensuring that each feature has an equal impact on the
analysis, preventing any single feature from overpowering the model due to its scale.

The formula for normalization is:

o_ X min(x)
" max(x) min(x)’

(3.8)

where:

x%is the normalized value,

X is the original data point,

min(x) is the minimum value in the data set,

max(x) is the maximum value in the data set.

Standardization and normalization are both techniques used to rescale data, but they serve
di erent purposes and follow distinct methods. Standardization preserves the relative relation-
ships between data points, making it suitable for algorithms that assume normally distributed
data. Normalization adjusts data to fall within a de ned range, typically from 0 to 1, which is
bene cial for algorithms needing bounded input values or when dealing with features of varying
scales. While standardization retains the data's distribution shape, normalization focuses on

adjusting the data to a uniform scale.

C. Handling missing Data

Addressing missing values is an essential part of data preprocessing to maintain the quality
and accuracy of the analysis. Common techniques include imputation, where missing values

are substituted with estimates like the mean, median, or mode of the existing data.
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The formula for mean imputation is:
P n
X
Imputed Value = —=2 "~ (3.9)
where:
X; are the observed values,
n is the number of observed values.
The formula for median imputation is:
Imputed Value = Median(Xy; X2;:::; Xp): (3.10)
where,fX1; X,; :::;Xn0g are the observed values.
The formula for mode imputation is:
Imputed Value = Mode(f X1; X2;:::; XnQ): (3.11)
where,fX1; X5; 111 X, are the observed values.
Here,
Median:
{ If nis odd, the median is the ”;1 " data value.

{ If nis even, the median is the average of the; ™ and 5+1 ™ data values.

Mode:

Mode = Most frequently occurring value in the data set

Alternatively, more advanced methods, such as using ML algorithms to predict missing
values, can be utilized. In some instances, missing data points are completely removed if they
are sparse and randomly distributed. Each technique has its bene ts and is selected according
to the characteristics of the data and the speci c needs of the analysis. E ectively managing

missing values helps avoid biases and enhances the reliability of the results.
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3.3.2 Statistical Data Exploration

Statistical exploration involves analyzing and summarizing data to uncover patterns, trends,
and relationships. This process generally involves computing descriptive statistics like the
mean, median, and standard deviation, along with illustrating data using graphs and plots.
By exploring data statistically, researchers can gain initial insights, identify anomalies, and
formulate hypotheses. It also helps in understanding the underlying distribution and variability
of the data, which is essential for selecting appropriate analytical methods and building reliable
models. Statistical exploration is a foundational step in data analysis that sets the stage for
more advanced techniques and decision-making. The studies in this thesis involve analyzing
nancial data from a statistical perspective to uncover signi cant features and underlying non-

linear patterns.

A. Financial Data Distribution

Financial data distribution refers to how nancial variables, such as asset prices, returns, and
trading volumes, are spread across di erent values. Understanding the distribution is crucial
for nancial analysis, as it provides insights into the behavior and characteristics of the data.
From the statistical exploration of the data distribution, this research identi es that nancial
data exhibit non-normal distributions, characterized by skewness, kurtosis, and heavy tails.
Analyzing the distribution helps in identifying patterns, assessing risk, and making informed
investment decisions. Techniques like histograms, probability density functions, and statistical
tests are commonly used to study nancial data distribution, revealing important aspects such

as central tendency, variability, and the likelihood of extreme events.

3.3.3 Bollinger Bands

Bollinger Bands are a technical analysis tool designed to gauge market volatility and detect
possible overbought or oversold conditions in nancial markets. They include three lines: a
central band, usually a 20-day simple moving average (SMA), and two outer bands that are

standard deviations apart from the central band. The distance between the outer bands varies
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based on market volatility, expanding during high-volatility periods and contracting during low-
volatility periods. Bollinger Bands helps traders make decisions by providing visual indicators
of price trends and potential reversal points. By observing how prices interact with these bands,
traders can gain insights into whether an asset is overbought or oversold, potentially indicating
a reversal or continuation of a trend.

Standard Bollinger Bands consist of the upper and lower bands, which are set two sam-
ple standard deviations above and below the middle band, respectively. Assuming a normal

distribution, standard Bollinger Bands are de ned as:

(Lowerg ;Uppek,. ) =SMA . 2S;.;

where, S

|_J
itzt L+1 (di SIVlAt;L )2

L

SpL =
Here s.. de nes the standard deviation andd; is the daily stock closing price. Lower_

represents the lower band andl pper.. represents the upper band.

Figure 3.7: 20-day Bollinger Bands for 2022

Figure 3.7 shows a 20-day Bollinger band for 2022. The blue line indicates the closing price
of Apple (AAPL) stock for 2022. The dashed orange central band represents the 20-day moving

average (MA), calculated by taking the observations for 20 days and nding the mean of these
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observations. The green dashed line is the upper band, calculated by nding the standard
deviation of the past 20 days, multiplying it by 2, and adding it to the 20-day MA. Similarly,
the red dashed line is the lower band, found by subtracting twice the standard deviation from
the 20-day MA.

The width of the bands indicates the stock's volatility. When the bands are wide, it signi es
high volatility, whereas narrow bands indicate low volatility. In the plot, there are periods where
the bands widen signi cantly, such as around May and October, indicating higher volatility

during these times.

3.3.4 Unsupervised Learning and Clustering Techniques

Unsupervised learning is a machine learning approach where the algorithm is trained on data
that lacks explicit labels or prede ned results. The primary goal is to uncover hidden patterns,
structures, or relationships within the data. Clustering is a common unsupervised learning
approach that groups similar data points into clusters based on their inherent characteristics.
Popular clustering techniques include k-means clustering, which divides data into an exact
number of clusters, and hierarchical clustering, which creates a tree-like structure of nested
clusters. These methods are widely used in various elds, such as customer segmentation,
image recognition, and anomaly detection, to discover meaningful patterns and insights from

unlabelled data. Section 3.2.4 explains the clustering approaches used in this research.



Chapter 4

Experimentation

This chapter discusses the experimentation done with a variety of nancial assets with
proposed innovative models for asset price predictions and PO. The proposed solutions o er
predictive accuracy and enhanced pro tability under uctuating market conditions and cri-
sis scenarios. The experiments encompass creating e cient models for price prediction (see
Sections 4.1,4.2), and enhancing pro tability through introducing diversi cation for PO (see

Sections 4.3, 4.4).

4.1 Encoder-Decoder Architecture for Financial Asset

Price Prediction

This work addresses the intricate task of predicting the prices of diverse nancial assets,
including stocks, indices, and cryptocurrencies, each exhibiting distinct characteristics and
behaviors under varied market conditions. To tackle the challenge e ectively, novel encoder-
decoder architectures, AE-LSTM and AE-GRU, integrating the encoder-decoder principle with
LSTM and GRU, are designed. The experimentation involves multiple activation functions
and hyperparameter tuning. With extensive experimentation and enhancements applied to
AE-LSTM, the proposed AE-GRU architecture still demonstrates signi cant superiority in
forecasting the annual prices of volatile nancial assets from the multiple sectors mentioned

above. Thus, the novel AE-GRU architecture emerges as a superior choice for price prediction

39
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across diverse sectors and uctuating volatile market scenarios by extracting important non-

linear features of nancial data and retaining the long-term context from past observations.

4.1.1 Dataset

The nancial market encompasses a vast array of products derived from various sectors.
Each nancial product, whether it's a derivative of stocks, cryptocurrenciesgtc., reacts di er-
ently to distinct market events. Therefore, when developing a predictive model, it's crucial to
consider testing under a variety of market conditions with these diverse nancial derivatives. In
this study, we have experimented with three primary nancial products, from which multiple
derivatives are formulated. These include volatile stocks from a range of sectors, the highly
volatile cryptocurrency Bitcoin, and the moderately volatile yet stable stock index S&P. These
are used for training and testing the proposed models.

To assess the e ectiveness of the novel Autoencoder-GRU (AE-GRU) and compare its
performance with Autoencoder-LSTM (AE-LSTM), this research has examined diverse stock
datasets spanning various sectors. These include Apple (AAPL) (technology sector), Johnson
and Johnson (JNJ) (healthcare sector), Chevron (CVX) (energy sector), JP Morgan Chase
Bank (JPM) (banking sector), Bitcoin (BTC-USD) (cryptocurrency), and the S&P stock index
(6SPC). The models were trained on data from 1998 to 2022, and their predictive capabilities
were evaluated using data from 2023. Additionally, for Bitcoin, the training dataset spans from
2014 to 2022, with the model tested on data from 2023. The dataset analyzed includes signif-
icant market occurrences, including the 2001 dot-com bubble burst, the 2008 global nancial
crisis, and the market crash induced by the COVID-19 pandemic in 2020.

The e ciency of the proposed architecture has been evaluated across multiple machines to
analyze its performance under the in uence of various machine con gurations. These include
(a) a Dell Latitude 5540 intel core i7-1355U, 1.70 GHz, with 10 Core(s) and 16GB RAM; (b)
an ASUS VivoBook X515EA intel core i5-1135G7, 2.40 GHz, with 4 Core(s) and 16GB RAM,;
(c) DELL Inc. OptiPlex 7040, intel core i5-6600, 3.30 GHz, with 4 core(s) and 16 GB RAM.

All these machines run Windows 11 OS and Jupiter Notebook as the IDE.
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4.1.2 Exploratory data analysis

Figure 4.1 depicts the Bollinger bands for the nancial instruments analyzed in this study.
Both Figure 4.1 and Table 4.1 collectively indicate that AAPL and JPM display elevated
volatility, while INJ demonstrates comparatively lower volatility, and CVX exhibits a moderate
level of volatility. S&P registers notably low average volatility, whereas the cryptocurrency
bitcoin experiences the highest volatility between 2022 and 2023 among all the assets considered.

Table 4.1 illustrates the average volatility metrics derived from a 21-day rolling period for a
range of assets, encompassing equities such as Apple, Johnson & Johnson, JP Morgan Chase,
and Chevron, alongside the S&P index and the cryptocurrency Bitcoin. Each asset is associated
with an average volatility value expressed in percentage terms, re ecting the average daily price
oscillation observed over the speci ed 21-day timeframe.

For instance, Apple exhibits an average volatility of 35.96%, indicating that, on average, its
stock price experiences a daily uctuation of approximately 35.96% during the 21-day period.
Similarly, the table furnishes comparable average volatility gures for other assets, facilitating

assessments of their respective levels of price variability.

Table 4.1: Average Volatility based on 21 rolling days.

Assets Average Volatility
Apple 35.96
Johnson & Johnson 17.60
JP Morgan Chase 31.28
Chevron 24.34
S&P 16.71
Bitcoin 52.48

Figure 4.2 illustrates the change in the volatility trend in the considered timeframe. Notably,
Apple stock exhibits a signi cant rise in volatility. Conversely, Bitcoin's volatility displays
abrupt uctuations. The S&P, re ecting a blend of diverse nancial assets, exhibits a high
magnitude of volatility but lower average volatility. On the other hand, JPM, JNJ, and CVX

consistently experience growth in volatility throughout the years.
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Bollinger plots for AAPL. Bollinger plots for JNJ.
Bollinger plots for JPM. Bollinger plots for CVX.
Bollinger plots for S&P. Bollinger plots for BTC.

Figure 4.1: Bollinger plots for nancial assets from 2022 to 2023.

4.1.3 Implementation
A. Stacked AE-LSTM and AE-GRU architecture

As discussed in the chapter 3.1.4, an autoencoder is a neural network architecture designed
for unsupervised learning, consisting of an encoder and decoder. It aims to learn a compact rep-
resentation of input data by reducing the reconstruction error between the original and reformed
data. The proposed models in this research utilized the features of an stacked autoencoder.

In the realm of nancial time series forecasting, the process of extracting non-linear features
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Figure 4.2: Change in volatility.

from a dataset is of paramount importance. Financial time series data is unique in that it
often exhibits non-linear characteristics. This means that the relationships between variables
in the data are not simply proportional, but can change in complex ways. These non-linear
relationships can be in uenced by a multitude of factors, making them challenging to model
accurately.

Algorithms designed for prediction tasks, such as those used in machine learning, are capable
of learning from these inherent patterns within the data. They do this via a process called
training, which adjusts model to minimize the di erence between their predictions and the
actual data. Over time, this training process allows the algorithm to improve its predictive
accuracy.

LSTM and GRU are commonly employed in the prediction of stocks and cryptocurrencies.
However, these basic LSTM and GRU structures do not take into account the signi cance of
non-linear features. In NLP, both LSTM and GRU encounter di culties in predicting words

when the sentence length increases signi cantly. Consequently, these algorithms struggle to
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remember the context over a very long term. To address this issue, the transformer network
(TN) was introduced, which uses an attention mechanism in an encoder-decoder architecture
to remember the long-term context [84]. However, the encoder-decoder architecture of TN
doesn't compress the input vector for learning intricate features from the latent representation.
The encoder component of the Transformer handles the processing of the input sequence, while
the output sequence is produced by the decoder. However, the implementation of such a
complex model is computationally demanding. In the prediction of nancial time series, it

is crucial to remember the long-term context of past signi cant market events. This aids in
identifying similar trends and predicting future values based on these trends. Therefore, the
basic LSTM and GRU architecture is not the optimal solution for this task. Typically, for a one-
day-ahead forecast for stocks and cryptocurrencies, the training dataset is usually very large.
Consequently, running such a large dataset with a TN architecture becomes computationally
prohibitive. Encoder-decoder-based RNN architectures demonstrated e ective performance
when an Autoencoder-based LSTM was proposed by Rubell et al. [38]. To a certain degree, the
encoded latent representation of the input data preserved the long-term contextual information
about past observations, which helped to enhance the predictive accuracy of the basic LSTM
architecture. In this study, we found that signi cant improvements in predictive accuracy could

be achieved through extensive experimentation with the model's hyperparameters. However,
in some studies, the GRU outperformed the LSTM in terms of achieving higher predictive
accuracy [92], [93]. Therefore, this research also examines the accuracy of such an encoder-
decoder architecture with GRU and proposes a nhew model with improvised performance.

This research introduces innovative frameworks comprising stacked Autoencoder-based LSTM
(AE-LSTM) and GRU (AE-GRU). The foundational structure of the proposed algorithm is
elucidated in Figure 4.3. While both AE-LSTM and AE-GRU share a common architecture,
distinct hyperparameters and activation functions tailored to each architecture were employed

for optimal performance after strenuous investigation.
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Figure 4.3: Encoder-decoder-based novel LSTM and GRU architecture.

AE-LSTM: AE-LSTM, or Autoencoder-based LSTM, is a hybrid neural architecture that
combines the capabilities of an autoencoder with LSTM units. Autoencoders are employed to
learn a compressed representation of input data, and this encoded information is then fed into
LSTM layers, enabling the model to capture and leverage long-term dependencies in sequential
data. AE-LSTM is patrticularly e ective in tasks involving time-series data, such as stock
price prediction, where both feature learning and sequential context preservation are crucial
for accurate forecasting. Figure 4.3 represents the model structure of the proposed improvised
AE-LSTM architecture. The encoder-decoder architecture of AE-LSTM can be expressed as

the following data- ows:

LSTM 200 LSTM 100 LS;T™M 80
Encoder: x —1 h, 1 h, 1 Z

LS;TM 80 LSTM 100 LSTM 200
Decoder: z ! hs i hy 1 R
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Given the data- ows above, it's evident that the encoder structure employs several stacked
LSTM layers to identify latent features at various compression levels. With each level of
compression, the architecture learns more prominent features. However, additional compression
leads to information loss. Such a deep architecture results in a higher reconstruction loss and is
susceptible to the vanishing gradient problem. The initial compression occurs when the number
of units in the second LSTM layer is reduced from 200 to 100. Over time, each layer experiences
a reduction in units until the latent representationz is nally extracted from the LSTM layer
with 80 units.

Similarly, the decoder layer incrementally increases the units in the subsequent LSTM layers.
The entire structure is trained by minimizing the reconstruction loss. The output of the decoder
is the reconstructed data that encapsulates the internal non-linear complexities of the nancial

time series. Ultimately, a dense layer is employed to obtain the predicted output.
Algorithm 3:  AE-LSTM
Data: data parse(” stock name")

normalized data  normalize(data);

train data normalized_data[start : end);

test. data normalized_data[start : end];

preprocessedrain preprocesgtrain );

encoder LSTM (units = 200; activation =%activation9(preprocessedrain );
encoder LSTM (units = 100; activation =%activation9(encodej;
encoder LSTM (units = 80; activation =°activation?(encodej;
decoder LSTM (units = 80; activation =°activation9(encodej;
decoder LSTM (units = 100; activation =°activation9(decode};
decoder LSTM (units = 200; activation =°activation9(decode};
model Model(encoder; decoder

model:compil€);

predict model:predict(test_data);

Algorithm 3 shows an algorithmic view of the proposed novel improvised encoder-decoder

architecture of LSTM which outperforms the existing models.
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AE-GRU:  AE-GRU is a hybrid neural network architecture that combines the capabilities
of an autoencoder with a GRU. This innovative model integrates the feature learning abilities
of autoencoders with the sequential modeling strengths of GRU, aiming to enhance the rep-
resentation and prediction capabilities in various applications such as time series analysis and
sequential data processing. The AE-GRU architecture involves the use of a stacked autoen-
coder for feature extraction, feeding the encoded features into GRU cells for capturing temporal
dependencies and patterns. This combination leverages both unsupervised learning and RNN
architectures to achieve improved performance in tasks requiring sequential data understand-
ing and prediction. To our knowledge, this hybridization is a novel approach to nancial asset
price prediction. Figure 4.3 represents the model structure of the proposed novel AE-GRU
algorithm. AE-GRU architecture can be expressed as the following expressions:

GRU 200 GRU 100 GRU 80
Encoder: x °1 hy i h, K y4

GRU 80 GRU 100 GRU 200
V4 Iﬁ h3 3 h4 Fi

Decoder: R:

In the above expressions, we can observe that AE-GRU follows a similar architecture as AE-
LSTM. Multiple encoder layers are layered to condense the feature vector into a representation
in the latent space. After compressing to a feature vectog, with an GRU layer consisting of
80 units, it is observed that further compression leads to a loss of information.

Several GRU layers, each with varying units, are stacked in a descending order to construct
the encoder component of the AE-GRU architecture. This compression into the latent space
z preserves valuable non-linear features of the nancial time series. This latent feature vector
encapsulates the long-term context derived from past observations.

Similarly, the decoder component incrementally increases the units in the GRU layers,
resulting in an accurate reconstruction of the input data. This process eliminates outliers and
extracts the non-linear contextual features from the nancial data. Subsequently, a dense layer

comprising a single unit is employed to predict future values.
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Algorithm 4: AE-GRU
Data: data parse(" stockname”)

normalized _data  normalize(data);

train .data normalized_data[start : end];

test.data normalized_data[start : end];

preprocessedrain preprocesgtrain );

encoder GRU (units = 200; activation =°activation9(preprocessedrain );
encoder GRU(units = 100; activation =°activation9(encodej;
encoder GRU (units = 80; activation =°activation9(encodej;
decoder GRU(units = 80; activation =°activation9(encode;
decoder GRU(units = 100; activation =°activation%(decode};
decoder GRU(units = 200; activation =°activation9(decode};
model Model(encoder; decoder

model:.compil€);

predict model:predict(test_data);

Algorithm 4 shows an algorithmic view of the proposed novel encoder-decoder architecture
of GRU, which outperforms the existing models and even the improvised AE-LSTM designed in
this study. This encoder-decoder-based GRU architecture is novel and tested rigorously under
varying market conditions. This proposed novel model overperforms existing architectures by

retaining long-term non-linear contextual features.

B. Hyperparameter Tuning

The process of tuning hyperparameters is a critical step in the development of ML or DL
algorithms. Hyperparameters are distinct from other parameters in that their values are deter-
mined before the learning process begins. These are not derived from the data during training
but are manually set to guide the learning process. The selection of these hyperparameters
signi cantly in uences the functioning of the algorithm. Incorrect choices could lead to sub-

optimal performance, even for a model with a high potential for asset price prediction.
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Number of Layers: This study is done by experimenting with various con gurations of
encoder and decoder architectures and revealed that while multiple layer con gurations were
explored, exceeding a depth of three layers led to a notable deterioration in model performance.
In such instances, the e cacy of the model was signi cantly compromised. Thus, after thorough
experimentation, we have kept three layers in both the encoder and decoder. Increasing the
number of layers increases the complexity of optimization.

Number of Units:  Di erent numbers of units are also used for the encoder and decoder
architecture. But the combination of units in the order illustrated in Figure 4.3 yields in the
best accuracy.

Activation Functions: In major nancial research, three activation functions are most
used in training the DL models. These are: hyperbolic tanh, recti ed linear unit (ReLU), and
exponential linear unit (ELU). Combinations of di erent activation functions have been done
for each category of nancial assets in this study. Details about the activation functions can
be obtained from chapter 3.1.3.

Table 4.2: Activation functions for di erent nancial assets in AE-LSTM and AE-GRU models.
Financial Asset AE-LSTM Activation Function AE-GRU Activation Function

General Stocks ELU RelLU
Stock index RelLU tanh
Cryptocurrency ELU RelLU

After hyperparameter tuning, from Table 4.2, it can be observed that di erent activation
functions perform best for di erent nancial assets. For general stocks across various categories,
the proposed AE-LSTM model demonstrates its maximum e cacy when employing the ELU as
the activation function. Conversely, the ReLU exhibits superior performance when integrated
into the AE-GRU architecture. When focusing on relatively stable stock indices, such as the
S&P, AE-LSTM exhibits improved performance with ReLU activation, while AE-GRU demon-
strates higher accuracy levels with the tanh activation function. In the case of highly volatile
cryptocurrencies, like Bitcoin, Table 4.2 illustrates that AE-LSTM, utilizing ELU activation,
achieves maximum e ciency, whereas AE-GRU, with ReLU activation, displays e ective predic-

tive accuracy. Thus, it becomes evident that the activation functions selected for the proposed
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architectures exhibit similarities for moderately volatile stocks and highly volatile cryptocur-
rencies. This observation underscores the importance of hyperparameter tuning with respect
to activation functions, revealing that the choice of activation function is contingent upon the
inherent volatility of the nancial assets under consideration.

Optimizers: Optimizer is a crucial algorithmic step to optimize the ML and DL algorithms
so that the cost function is reduced, and proper weights are selected through backpropagation.
In this study, we have experimented with 4 major optimizers.

These are:

1. Stochastic Gradient Descent (SGD): For this optimizer, the hyperparameters considered

for optimization are learning rate and momentum.

2. Adagrad: For this optimizer, only the learning rate was considered for hyperparameter

tuning.

3. RMSprop: For this optimizer, the learning rate and the decay rate were considered for

hyperparameter tuning.

4. Adam: For this optimizer, learning rate, rst and second-moment exponential decay rates

are considered for hyperparameter tuning.

After extensive hyperparameter tuning conducted via grid search, the Adam optimizer show-
cased the highest predictive e cacy. This was achieved when con gured with a learning rate,
denoted by the symbol , set to 0.001, a rst-moment exponential decay rate represented by

1 at 0.9, and a second-moment exponential decay rate, denoted by, set to 0.999. These
con gurations were found to be optimal across various categories of nancial assets.

Epochs and Batch size: This study has selected various values of epochs for experimenta-
tion, including 60, 70, 100, 200, and 300 iterations. Following hyperparameter tuning through
grid search, the results indicated that selecting epochs as 100 yielded the highest predictive
accuracy. When the epochs are selected as 200, the predictive accuracy slightly di ered in one
machine. Similarly, among multiple values considered for batch size, hyperparameter tuning

suggested using 32 and 64 as optimal batch sizes.
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Time window: In pursuit of fortifying the model's resilience, this study has undertaken
an examination of three discrete time windows. These windows serve as the basis for training
the model to forecast values one day ahead. Speci cally, experimentation encompassed time
windows of 60, 80, and 120 days, respectively. Notably, the empirical ndings underscore the
superior performance achieved within the 120-day time window.

Consider a scenario where each general stock undergoes trading for 252 days within a calendar
year. For this illustration, let us designate the time window as comprising 120 days. In this
context, if we utilize data spanning from the 1st day to the 120th day as input, the model will
generate a prediction for the closing price on the 121st day. Subsequently, in the next iteration,
with data spanning from the 2nd day to the 121st day, the model will furnish a prediction for
the closing price on the 122nd day.

Grid search serves as a method for ne-tuning crucial parameters, particularly in the context
of hyperparameter optimization. It operates by systematically traversing a prede ned grid of
hyperparameter combinations in pursuit of the most advantageous set. This method entails
exhaustively assessing each combination, rendering it computationally demanding, particularly
when dealing with expansive hyperparameter spaces. To ensure thorough evaluation, grid search
commonly integrates k-fold cross-validation, dividing the dataset into subsets and scrutinizing
each combination across multiple folds. The hyperparameter con guration yielding the highest
cross-validation score is deemed the optimal set for the model, furnishing a robust basis for
model performance assessment. However, a notable limitation of the grid search technique is
its protracted execution duration.

In this context, grid search is speci cally employed to identify optimal activation functions
and hyperparameters on various optimizers, batch size, epochs, and number of units. Hyper-
parameter tuning through grid search is highly resource-intensive and execution takes a huge
amount of time. During the execution of grid search without GPU-based resources, it took

more than 24 hours to train a model for one single nancial asset.
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C. Evaluation Metrics

This research has tested the e ectiveness of the models from ve distinct viewpoints using
ve di erent evaluation metrics. Each of these metrics provides a unique way to test the models.
In addition to the four evaluation metrics detailed in chapter 4.2.2, this study also incorporates

the Root Mean Squared Error (RMSE).

Root Mean Squared Error (RMSE): It serves as a performance metric in regression
analysis, measuring the mean measure of discrepancies between forecasted and true values.

More precisely, it is derived from computing the square root of the MSE. RMSE is given by
P
RMSE = MSE:

To summarize, this research has considered three major activation functions|ReLU, tanh,
and ELU. Other hyperparameters include 1st-moment exponential decay ratg, 2nd-moment
exponential decay rate ,, learning rate, and numerical stability. The models take 120 previous
time-step data to predict the next step. The predictive accuracy of the models developed in this
study exceeds that of existing models for nancial price predictions. The models proposed in
this research demonstrate superior performance across various types of nancial assets, spanning
diverse market conditions. The outcomes of these model experiments are elaborated upon in

Chapter 5.1.

4.2 Hybrid Data-Driven DL-based PO

This study introduces a novel hybrid architecture that combines deep learning, data-driven
algorithms, and an AP-based approach to build robust investment portfolios. It evaluates the
e cacy of BILSTM and BIGRU in constructing resilient portfolios of stocks from diverse sectors
under varying market conditions. The results highlight the superior performance of BiGRU,
particularly in dynamic and volatile market scenarios. The research emphasizes the importance
of precise stock prediction and e ective diversi cation for building resilient portfolios, leveraging

advanced techniques from deep learning and data-driven optimization. Comparative analyses
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indicate similar performance between portfolios constructed with actual and predicted data
using data-driven optimization. The ndings o er valuable insights into constructing robust
portfolios by employing advanced techniques, thereby enhancing decision-making in nancial

markets.

4.2.1 Dataset

In this study, a diversi ed portfolio comprising stocks from ve distinct sectors|technology,
healthcare, energy, banking, and consumer|along with two notable cryptocurrencies, Bitcoin
(BTC-USD) and Ethereum (ETH-USD), has been meticulously selected. Each sector is rep-
resented by three carefully chosen stocks. The selected stocks include prominent entities such
as Apple (AAPL), Microsoft (MSFT), Tesla (TSLA), Johnson & Johnson (JNJ), P zer Inc.
(PFE), Merck & Co., Inc. (MRK), Exxon Mobil Corporation (XOM), Chevron Corporation
(CVX), Enbridge Inc. (ENB), JPMorgan Chase & Co. (JPM), Bank of America Corporation
(BAC), HSBC Holdings plc (HSBC), The Procter & Gamble Company (PG), The Coca-Cola
Company (KO), and Unilever PLC (UL).

The dataset for stock analysis encompasses information spanning the years 1998 to 2022,
serving as the training data. This temporal range encapsulates pivotal nancial events, includ-
ing the www crash of 2000, the global nancial crisis of 2008, and the 2020 COVID-19-induced
nancial crisis. Additionally, minor yet impactful nancial events within this timeframe are
also considered. Leveraging this extensive training data, the study formulates predictions for
the year 2023, subsequently utilizing the predicted data for portfolio optimization.

For Bitcoin, the training data spans from 2014 to 2022, while Ethereum's training dataset
covers the period from 2017 to 2022. This comprehensive approach enables the study to incor-
porate critical nancial events, fostering a robust analysis for predictive modeling and portfolio

optimization in the cryptocurrency domain.
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4.2.2 Implementation
A. Exploratory Analysis

The dataset considered for this research is from 1998 to 2023. This dataset captures all
major and minor events in this timeframe. Thus the BILSTM and BiGRU models learn from
the patterns of the drastic market events. This section explores interesting market intracacies

especially from 2019 to 2023.

Tesla Chevron Johnson & Johnson

JP Morgan & Chase The PG Company Bitcoin

Figure 4.4: Bollinger bands for stocks and cryptos from 2019 to 2023

Examining Figure 4.4 and Table 4.3, it becomes evident that Tesla (TSLA) exhibits the
highest level of volatility. In addition to Tesla (TSLA), Chevron (CVX) demonstrates notable
volatility, albeit not to the extent observed in Tesla. Beyond traditional stocks, Bitcoin (BTC)
manifests the utmost volatility, attributed to the inherently unpredictable nature of cryptocur-
rencies. Forecasting the performance of uctuating assets proves challenging, primarily due to
their pronounced volatility. Consequently, the formulation of portfolios incorporating highly
unpredictable cryptocurrencies becomes a formidable task.

The visual representation in Figure 4.4 indicates that throughout the COVID-19 pandemic
in 2020, the general market performance experienced a downturn, excluding certain technology

stocks such as TESLA. Both Tesla and Bitcoin also displayed a gradual increase in their prices
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Table 4.3: Volatility with 20 days rolling window

Components | Volatility
TSLA 108.30
JNJ 14.89
JPM 20.01
CVX 30.96
PG 16.65
BTC 16064.68

during this period. After the conclusion of the COVID-19 era, the lingering impact of the

nancial crisis persisted, leading to noticeable price uctuations in 2022.

B. Model Design

The proposed novel PO framework depicted in Figure 4.5 comprises three main components.
First, it includes a DL component utilizing pre-trained BiILSTM and BiGRU models for stock
and cryptocurrency prediction. Second, it incorporates the AP algorithm for selecting stocks
for portfolio construction. Third, it integrates a data-driven algorithm for optimizing portfolio
weights. As indicated by the results from the experiments in Section 5.4, the AP algorithm
combined with the data-driven portfolio optimization approach demonstrates maximum prof-
itability through enhanced diversi cation. Therefore, the proposed model incorporates AP to

leverage diversi cation bene ts.

Figure 4.5: Proposed Algorithmic Architecture for Portfolio Optimization

Figure 4.5 illustrates the proposition of a novel integration involving the architecture of

BILSTM (see Section 3.1.1) and BiGRU (see Section 3.1.2). This integration is employed for
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predicting future nancial asset values, followed by diversi cation in stock selection using AP-
based clustering. Subsequently, a data-driven PO algorithm is utilized for the construction of
robust portfolios. In other words, this research introduces a novel framework that combines
DL and a data-driven PO algorithm. This innovative approach incorporates the infrequently
utilized AP-based clustering for diversi cation, aiming to create a resilient PO technique with
a focus on risk aversion.

The input data consists of raw stock data, which undergoes preprocessing to handle miss-
ing/null values. Subsequently, returns are calculated and the data is normalized before being
fed into the BILSTM and BiGRU frameworks for prediction. The predicted values undergo
further preprocessing, and a covariance matrix is computed. This matrix is then utilized in
AP to identify clusters. Assets with the highest mean returns from each cluster are selected
for inclusion in the portfolio. These selected stocks are then subjected to weight optimization
using a data-driven algorithm.

Additionally, all stocks are included in a portfolio where weight optimization is conducted
without incorporating diversity through AP. This comparison aims to evaluate how a diversi ed
portfolio identi ed through cluster analysis outperforms a non-diversi ed portfolio in terms of

pro tability.

C. Evaluation Metrics

For quantifying model performance, this study has explored four popular evaluation metrics.
These metrics are used to quantify how well the deep learning models are in forecasting future
values.

Mean Squared Error (MSE): It assesses the average squared discrepancy between the

observed values and the true values in a dataset. It is given by

X
MSE= " (g B)%
m .
j=1
herel is the original price and thefj is the forecasted value.

Mean Absolute Error (MAE): It quanti es the mean extent of errors between forecasted
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and genuine values in a dataset. Mathematically,

1 X .
MAE= —  jg f
j=1
where the number of observations in the dataset is represented by m. The true value for

observation j is represented byy . The predicted value for observation j is represented tﬁy
R-Square: In aregression model, the R-squared metric quanti es the ratio of the variance

in the dependent variable that the independent variables account for. Mathematically,

SSR
SST

R?=1
where SSR is the sum of squared discrepancies between the observed values and the predicted
values and SST is the total sum of squared discrepancies between the observed values and the
average of the observed values.

Mean Absolute Percentage Error (MAPE): It serves as a measure to evaluate the
precision of a forecasting model by determining the mean percentage disparity between an-

ticipated and real values. Its signi cance lies in appraising model performance across varied

datasets, furnishing a standardized gauge of predictive accuracy. Mathematically,

XA .
MAPE = 1 AR 100
m =1 Aj

The number of observations in the dataset is represented by M\ represents the actual value

for observation j. P; represents the predicted value for observation j.

4.2.3 Portfolio Construction and Optimization

In this experiment, the proposed model explored both BiLSTM and BiGRU for nancial
prediction. Subsequently, weight optimization was conducted with and without introducing
diversi cation. The use of diversi cation through the AP clustering algorithm resulted in
a pro table portfolio comprising diverse nancial assets. Previous experiments demonstrate
that diversi cation enhances resilience and maximizes pro tability in portfolio optimization
techniques.

The data-driven PO approach was chosen for this proposed architecture because it incorpo-

rates crucial statistical features of the underlying nancial dataset, which traditional approaches
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often overlook. This enhances the practicality of the model presented in this research. Detailed

results of these experiments are discussed in Chapter 5.2.

4.3 Resiliency in PO with Clustering technique

Constructing resilient portfolios is of crucial and utmost importance to investment manage-
ment. This study compares traditional and data-driven models for building resilient portfolios
and analyzes their performance for stocks (S&P 500) and highly volatile cryptocurrency mar-
kets. The study investigates the performance of traditional models, such as mean-variance and
constrained optimization, and a recently proposed data-driven resilient portfolio optimization
model for stocks. Moreover, the study analyzes these methods with evolving S&P CME bitcoin
futures index and the Crypto20 index. These analyses highlight the need for further investiga-
tion into traditional and data-driven approaches for resilient portfolio optimization, including
higher-order moments, particularly under varying market conditions. This study provides valu-
able insights for investors and portfolio managers aiming to build resilient portfolios that could

be used in di erent market environments.

4.3.1 Dataset

This study considered twenty- ve popular technological stocks from the S&P 500 index and
twenty- ve cryptocurrencies, and the selection of cryptocurrencies is based on their market
capital (https://coinmarketcap.com/) (Table 4.4). Four years of data (2019 to 2022) for tech-
nological stocks have been collected for analysis. Some of the selected cryptocurrencies (e.g.,
Serum) did not start trading until 2022. Thus, this study considered cryptocurrency data for
ten months of 2022 (January to October). This also allowed investigation of the performance
of the traditional and data-driven approaches with the observation of limited highly volatile
crypto data. All the adjusted closing prices for stocks and cryptocurrencies are downloaded

from Yahoo!Financé. In the case of CPO, beta measurement is calculated with the corre-

Ihttps://ca. nance.yahoo.com/
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sponding index. S&P 500 is a popular and well-established index for stocks. However, such
an index is not yet available for crypto, and thus, this study considered two still evolving
crypto-indexes, S&P CME Bitcoin Futures Index (Bitcoin and Ethereum-based indeX)and

Crypto20° (considers top 20 cryptocurrencies), and their performances have been studied in

portfolio optimization.

Table 4.4: Stocks and Cryptocurrenies

Regular Stocks

Cryptocurrenies

Apple Inc., Accenture plc, Adobe Inc.,
Automatic Data Processing Inc., Applied
Materials Inc.,

delity National Information Services Inc.,
Alphabet Inc. (Class C), Alphabet Inc.
(Class A), International Business Ma-
chines Corporation, Intel Corporation,
Intuit Inc., Facebook, Inc., Microsoft
Corporation, Micron Technology Inc.,
Net ix, Inc., NVIDIA Corporation, Or-
acle Corporation, PayPal Holdings Inc.,
QUALCOMM Incorporated, Tesla, Inc.,
Texas Instruments Incorporated, Verizon
Communications Inc.

Broadcom Inc., sales-
force.com Inc., Cisco Systems Inc., Fi-

Bitcoin, Cardano, Bi-
nance USD, Tether,
Solana, Algorand, Terra
Luna, Shiba Inu, Bi-
nance Coin, Avalanche,
Chain  Link, Serum,

Bitcoin Cash, File Coin,
Ethereum Classics, Poly-
gon, Aave, Tron, Stellar,
Vchain, Elrond, Litecoin,
Ethereum, Ripple, Doge-
coin.

It can be observed from Table 4.5 of selected stocks and cryptocurrencies that they have non-

normal distributions with heavy-tailed skewness and high kurtosis, necessitating the integration

of higher-order moments in risk measures.

Table 4.5: Summary Statistics - Stocks and Cryptocurrencies

Asset Mean SD vol sign  Skewness Kurtosis
Apple 0.0023 0.0215 0.8877 0.6881 -0.0280 6.0019
Adobe 0.0018 0.0218 0.8395 0.6687 0.2317 10.7075
Automatic 0.0009 0.0193 0.8761 0.6250 -0.5128 13.6509
Bitcoin -0.0026 0.0378 0.9150 0.7150 -0.1431 2.8213
Tether -0.0000 0.0004 0.9361 0.4065 -6.8235 84.3960
Solana -0.0085 0.0488 0.9208 0.5422 -3.3065 20.5880

2https://www.spglobal.com/spdji/en/indices/digital-assets/sp-cme-bitcoin-futures-index/#overview

3https://Crypto20.com/en
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4.3.2 Stock and Cryptocurrency Selection through Clustering
A. Clustering for stock selection

This study uses clustering for stock selection to diversify investments. Technology stocks
generally have high mean returns, except in 2022 where negative returns are observed. A
feature matrix was used for clustering, with 12 clusters chosen for each year based on WCSS
plots. K-means clustering was used to select assets for two portfolios, K-01 and K-02, based on
the highest and second-highest mean returns from each cluster. Clustering varies yearly due
to di erent mean returns and covariance matrices for the feature matrix. Table 4.6 captures a

partial list of stock assets in each portfolio in each year.

Table 4.6: Clusters with mean returns

Year K-01 K-02
2019-2020 “Oracle Corpo-International Business
ration’, 'QUAL- Machines Corporation’,
COMM Incorpo- 'QUALCOMM Incor-
rated’, 'Intuit Inc.’, porated’, ‘'Adobe Inc.',

"Tesla, Inc.', ... Tesla, Inc.', ...

2019 "Facebook, Inc.!, ‘'Alphabet Inc. (Class
‘Applied Materials, C)', 'Applied Materials,
Inc.', 'Tesla, Inc., Inc.', Tesla, Inc.', 'Adobe
'‘Microsoft Corpora- Inc.', ...
tion', ...

2020 "Alphabet Inc. ‘Broadcom Inc., 'Accen-
(Class C)', 'Applied ture plc', 'Tesla, Inc.,
Materials, Inc.!, 'Verizon Communications
‘Tesla, Inc.', 'Adobe Inc.', ...

Inc.’, ...

2021 NVIDIA Corpora- 'NVIDIA  Corporation’,
tion’, ‘Accenture 'Automatic Data Process-
plc', ‘Intuit Inc.’, ing, Inc.", 'Adobe Inc.,
‘Applied Materials, ‘Applied Materials, Inc.',
Inc.’, ...

2022 "Broadcom Inc.', "Microsoft Corporation’,
‘Automatic Data 'Oracle Corporation’,
Processing, Inc.!, 'Adobe Inc.", 'NVIDIA
‘Intuit Inc.', Corporation’, ...

‘NVIDIA Corpora-
tion', Incorporated’,
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B. Clustering for cryptocurrency selection

The volatility of cryptocurrency data using two evolving crypto indices has been analyzed.
The beta measurement with the Crypto20 index was unclear, but the S&P CME bitcoin futures-
based crypto index showed more sensible values, as seen in Table 4.7. This research has used
k-means clustering to select assets and created two portfolios, C-01 and C-02, based on the
highest and second-highest mean returns from each of the 3 crypto clusters. Table 4.8 captures

a complete list of crypto assets for each portfolio.

Table 4.7: Beta Values of Cryptocurrencies

Crypto20 S&P CME Bitcoin Crypto20 S&P CME Bitcoin

Cryptocurrency index  futures index Cryptocurrency index Futures Index
Bitcoin 0.000 0.871 File Coin -0.001 0.972
Cardano -0.001 0.975 Ethereum Classic  -0.003 0.975
Binance Usd 0.000 -0.004 Polygon -0.002 1.102
Tether 0.000 0.002 Aave -0.002 1.173
Solana 0.001 0.554 Tron 0.000 0.613
Algorand 0.000 0.801 Stellar 0.001 0.820
Terra Luna 0.005 0.836 Vchain 0.001 0.970
Shiba Inu 0.000 1.007 Elrond 0.001 0.815
Binance Coin 0.000 0.696 Litecoin 0.000 0.842
Avalanche -0.002 1.109 Ethereum -0.002 0.954
Chain Link -0.003 0.933 Ripple 0.001 0.769
Serum 0.001 0.810 Dogecoin 0.001 0.827
Bitcoin Cash -0.001 0.895

Table 4.8: Crypto-based Portfolio Clusters
C-01 crypto-based portfolio C-02 crypto-based portfolio

Ethereum Classic Ripple
Terra Luna Terra Luna
Tron Tether

4.3.3 Portfolio Construction and Optimization

This research constructs two distinct types of portfolios. From the clusters of stocks, two
portfolios (K-01 and K-02) were selected, and similarly, two portfolios (C-01 and C-02) were
selected from cryptocurrencies. K-01 comprises stocks with the highest mean returns, while
K-02 includes stocks with the second highest mean returns. Likewise, cryptocurrencies in C-01
and C-02 are chosen based on the same criteria.

Various traditional portfolio construction techniques are applied especially for the years 2020

and 2022. This study identi es the year 2022 as a risky year with many stocks performing with
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negative mean returns. Moreover, for technological stocks, the year 2020 showcased positive
returns.

This research applied traditional techniques such as equal weighted (EW), inverse vari-
ance weighted (IVW), mean-variance optimization (MVO), constrained portfolio optimization
(CPO), and Sharpe ratio optimization (SRO) to optimize asset weights for the years 2020 and
2022. Subsequently, data-driven portfolio optimization techniques were utilized on the port-
folios. A signi cant improvement in pro tability was observed when diversi cation through

clustering was employed. These results are discussed in Chapter 5.3.

4.4 Investigation of Clustering Algorithms for Diversi -

cation

Diversifying asset allocation is a crucial aspect of building a pro table portfolio. The re-
siliency of the portfolio depends on the optimization techniques as well as algorithms used in
the asset allocation. Clustering techniques would help in designing a diversi ed portfolio. This
study investigates the resiliency of di erent traditional and recently proposed data-driven port-
folio techniques in conjunction with four clustering techniques under varying market conditions.
The novelty of the study is to present a resilient portfolio optimization using DBSCAN and AP
clustering techniques.

Previous experimentation on using clustering algorithms for diversi cation has indicated
potential pro tability; however, the study was con ned to a single clustering algorithm. Addi-
tionally, apart from k-means, other clustering algorithms have not been extensively explored in
nancial applications like portfolio construction. In this experiment, various clustering methods
in conjunction with di erent PO techniques are used. The ndings propose e cient strategies
for leveraging diverse clustering methods alongside various PO approaches to maximize prof-

itability in volatile market conditions.
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4.4.1 Dataset

This research considered stock data from the following sectors: Technology (Apple Inc. -
AAPL, Microsoft Corporation - MSFT, Amazon.com Inc. - AMZN, Alphabet Inc. (Google)
- GOOGL, Facebook Inc. - META), Consumer (The Coca-Cola Company - KO, McDonald's
Corporation - MCD, Procter & Gamble Company - PG, Dollarama Inc. - DOL, Walmart Inc.
- WMT), Energy (Exxon Mobil Corporation - XOM, Chevron Corporation - CVX, Canadian
Natural Resources Limited - CNQ, Enbridge Inc. - ENB, Suncor Energy Inc. - SU), Automo-
biles (Tesla - TSLA, General Motors Company - GM, Toyota - TM, Honda Motor Co., Ltd. -
HMC, BMW AG - BMWYY), Pharma (Johnson & Johnson - JNJ, P zer Inc. - PFE, Merck &
Co., Inc. - MRK, Novartis AG - NVS, AstraZeneca PLC - AZN), Supply Chain (United Parcel
Service, Inc. - UPS, FedEx Corporation - FDX, J.B. Hunt Transport Services Inc. - JBHT,
ArcBest Corp. - ARCB, Forward Air Corp. - FWRD), and Banking Sector (Royal Bank of
Canada - RY, Toronto-Dominion Bank - TD, Bank of Nova Scotia (Scotiabank) - BNS, Bank
of Montreal - BMO, Canadian Imperial Bank of Commerce - CM). A total of 35 stocks, 5 from
each of the seven sectors, have been selected. The data considered spans from 2019 to 2022.

Each year has been individually explored and experimented within this study.

4.4.2 Implementation
A. Exploratory analysis

The preliminary analysis indicates that the year 2020 exhibited substantial pro tability,
contrasting with the year 2022 wherein a signi cant proportion of stocks yielded negative mean
returns. For example TESLA (TSLA), throughout the year 2020 showed an upward trend but
in 2022, it dropped continuously. Table 4.9 summarizes the cluster number for each year using
di erent clustering algorithms. Di erent clustering algorithms function di erently resulting in
varying cluster numbers for di erent years. For each year this study has considered two di erent
portfolios. From each cluster, the stock with the highest mean return has been selected to be

included in the K-01 portfolio, whereas the stock with the second highest mean return is
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kmeans| hierarchical | DBSCAN | AP
2019 12 12 13 9
2020 12 10 14 6
2021 12 12 15 8
2022 12 8 15 8

Table 4.9: Number of clusters using di erent clustering techniques

included in the K-02 portfolio.

B. Clustering for stock selection

In this investigation, the covariance matrix of stock returns is computed for each year. This
covariance matrix represents the relationships between the stocks for each respective year. The

covariance matrix can be denoted as:
= ! (X X)TX X) (4.1)
T on 1 '
is the covariance matrix.
n is the number of observations (rows in the data).

X is the data matrix where each row represents an observation and each column represents

a variable.

X is the matrix of mean values, where each column contains the mean of the corresponding

variable in X .
(X X) is the matrix of deviations of each observation from the mean.

(X X)T is the transpose of the matrix of deviations.

The covariance matrix is then utilized to determine the optimal number of clusters for both
k-means and hierarchical clustering, employing the Within-Cluster Sum of Squares (WCSS)

criterion. In hierarchical clustering, dendrograms for each year were meticulously examined
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to ascertain the appropriate cluster count. For DBSCAN, a reachability* plot was employed
annually to identify distinct clusters.
The AP algorithm autonomously determines the number of clusters in the annual dataset. In

this study, the covariance matrix derived from stock returns was also employed in AP clustering.

4.4.3 Portfolio Construction and Optimization

From each cluster generated by the aforementioned clustering algorithms, this study formed
two portfolios: K-01 and K-02. For K-01, stocks with the highest mean returns from each cluster
were selected, while for K-02, stocks with the second highest mean returns were chosen. This
is done for each clustering approach and then both traditional and data-driven PO techniques
are applied for further experimentation.

Following portfolio construction, weight optimization is performed using both traditional
and data-driven algorithms. This research utilizes several notable traditional algorithms in-
cluding EW, IVW, MVO, CPO, and SRO.

Various PO techniques exhibit distinct behaviors across di erent clustering approaches.
This study identi ed suitable clustering technique(s) to maximize pro tability. The investiga-
tion applied clustering technique(s) and demonstrated their e ectiveness in achieving maximum
pro tability, particularly under volatile market conditions. These results are discussed in Chap-

ter 5.4.

4A reachability plot is a visual tool in DBSCAN clustering, depicting each point's reachability distance as
processed by the algorithm. This distance signi es how far a point is from its nearest core point. It displays the
reachability distance of each point in the order processed by DBSCAN, where it quanti es how far a point is
from its nearest core point that can be reached within a speci ed minimum distance and the minimum number
of points. To nd the number of clusters, valleys, or dips in the reachability plot indicate cluster boundaries.



Chapter 5

Results, Evaluation, and Discussion

This chapter presents the results of the experiments detailed in Chapter 4. The previous
chapter elaborated on the ve experimental setup and algorithmic strategies. This chapter
analyzes the outcomes and demonstrates how these strategies improve the predictive accuracy

of nancial assets and pro tability in PO.

5.1 Encoder-Decoder Architecture for Financial Price

Prediction

This study introduces two novel encoder-decoder architectures based on LSTM and GRU,
for nancial price prediction (see Chapter 4.1). These models were tested on stocks, indices,

and cryptocurrencies. The results are detailed below.

5.1.1 Predictions for Individual Stock

The extensive experimentation encompassed three activation functions and adjustments to
hyperparameters, including 1st-moment exponential decay rate;, 2nd-moment exponential
decay rate ,, learning rate, and numerical stability set at 1 10 ‘. Among various con gura-
tions of AE-LSTM, the setup with 1st-moment exponential decay rate, ; at 0.9, 2nd-moment

exponential decay rate , at 0.999, learning rate as 0.001, numerical stability at 1 10 7, and
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