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Abstract

Artificial intelligence (Al) has become an increasingly prominent tool in financial portfolio management,
transforming how investment decisions are made. As the financial landscape grows more complex, Al offers
opportunities to enhance efficiency and precision in portfolio optimization. This study investigates the
historical evolution, current role, and future implications of Al in portfolio management. The research
focuses on key Al techniques such as machine learning, deep learning, and predictive analytics, which
enable portfolio managers to process vast amounts of data, identify patterns, and improve decision-
making. An inductive approach, relying on secondary data, was applied, analyzing publications to gather
insights into the current state of Al in this field. The findings reveal that while Al enhances portfolio
management through real-time data analysis and dynamic strategy adjustment, limitations persist,
particularly regarding transparency and model reliability. Despite these challenges, Al continues to
revolutionize financial portfolio management, providing tools for more informed decision-making and
better risk management. Future research could focus on real-time testing of Al models and further
exploring ethical and regulatory concerns in the industry.
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1 Introduction

Significant ramifications for the finance industry have resulted from the revolution in investment
decision-making brought about by the incorporation of artificial intelligence (Al) into financial

portfolio management. The application of Al algorithms and methodologies has seen tremendous
growth as the global financial environmentbecomes more data-driven and sophisticated, provid-

ing previously unheard-of opportunities for more effective and efficient portfolio management.

I'm interested in how artificial intelligence (Al) could change conventional methods of managing
financial portfolios as a student and future finance professional. This thesis looks at how artificial

intelligence (Al) has evolved historically in financial portfolio management, how it is used today,



and what the ramifications of this quickly changing technology are.This thesis has three distinct
research goals. In order to understand how Al has evolved in financial portfolio management, it is
first necessary to examine its early uses and innovations. The second is to look at how Al is being
used in financial portfolio management, includingits uses, advantages, and drawbacks in the con-

text of contemporary finance.

Lastly, to examine the effects of Al on financial portfoliomanagement, including how it affects risk
management, investment decision-making, and the field's prospects going forward.This study at-
tempts to offer importantinsightsintothe historical evolution, present state, and potential future
of artificial intelligence (Al) in financial portfolio managementthrough a thorough review of perti-
nent literature, in-depth interviews with industry experts, and examination of real-world case

studies. The results of this study will add to the corpus of literature already available on artificial
intelligencein finance and offer useful insights for practitioners, scholars, and policymakers who

are interested in the nexus between Al and finance.

This thesis aims to illuminate the development, function, and impact of Al in financial portfolio
management, offering a comprehensive perspective on this fast-changing field. The research as-
piresto add valueto the ongoingdiscussions and debatesabout Al'srolein finance and to encour-

age additional exploration in this area.

1.1 Background, motivation, and purpose

As a second-year student studying international business, finance is a field that truly fascinates

me. | am always keepingan eye on new trends and technologies that are shapingthe future of this
industry. One such trend that has particularly intrigued me is the integration of artificial intelli-

gence (Al) in portfolio management, bringingtogether two of my interests: asset management and
the use of Al as a predictive and automation tool (Zhang & Chen, 2017). Portfolio management, as
| have learned so far, relies on human expertise and historical data analysis to make investment
decisions. However, with the rapid evolution of technology, Al now offers new possibilities to push
the boundaries of this traditional approach. By using sophisticated algorithms, Al can analyze mas-
sive amounts of real-time data from various sources such as financial data, news, economictrends,
and even social media, to identify patterns and trends that would be impossible forahuman alone

to detect.



What motivates me the mostis the promise of Al as a prediction tool. By combining the power of
Al with human knowledge and experience, it is possible to obtain more accurate and reliable fore-
casts on the performance of financial assets, which can help portfolio managers make more in-

formed decisions and optimize the performance of their portfolios (Liu et al., 2024). To complete
my thesis on the role of artificial intelligence in financial portfolio management, | have also delved
into the history of this complex relationship between Al and finance. By examining the evolution
of Al techniques applied to portfolio management over time, | have gained an understanding of
how these technologies have progressed to become increasingly sophisticated and have a signifi-
cant impact on investment decisions (Liu et al., 2024).Understanding the key milestonesin the his-
tory of Al in financial portfolio managementhas allowed me to better grasp the challenges, oppor-
tunities, and implicationsof this ever-evolving technology in today's financial world.Another major
advancement of Al in portfolio management is the automation of processes. Through Al, routine
and time-consuming tasks such as asset allocation, risk management, and implementation of in-
vestment strategies can be automated, allowing managers to focus on more strategic and value-
added tasks (Bartram et al., 2020). As a future finance professional, | am convinced that Al will

playan increasinglyimportantrolein portfolio management. However, it is important to note that
Al is not a magic solution, and human expertise remains essential in making informed decisions

and assessing potential risks.

The integration of artificial intelligence in portfolio managementopens exciting new prospects for
the future of the financial industry. As a passionate student of finance and emerging technologies,
| am excited to closely follow the developments of Al in this field and learn more about how it can
improve the management of financial assets and shape the future of theindustry. | am also aware
of the ethical, confidentiality, and regulatory challenges associated with the use of Al in finance,
and | am committed to staying informed and addressing these concerns as | continue to explore

this fascinating topic.

1.2 Research objectives, questions and approach

The research objectives of my thesis are to trace the historical developmentof Al in financial port-
folio management and exploreits current role in the field. Guided by key questions, my research

will investigate the early applications of Al in finance, breakthroughs that have shaped its evolu-
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tion, and the challenges and limitations faced. The research approach will involve a comprehen-
sive review of relevant literature, in-depth interviews with industry experts, and analysis of real-
world case studies. This investigation will shed light on the historyand contemporary implications

of Al in financial portfolio management.

Research Questions:

RQ1: Whatis the historical evolution of artificial intelligence in financial portfolio management?

RQ2: How is Al currently applied in financial portfolio management, and what are the main bene-

fits and limitations associated with its use?

RQ3: How does Al impact investment decision-making and risk management in contemporary fi-

nancial portfolio management practices?

RQ4: What are the future prospects and challenges for Al in financial portfolio management?

Research Objectives:

RO1: To trace the development of Al in financial portfolio management, identifying key mile-
stones, breakthroughs, and early applications that have shaped the field through archival research

and literature review.

RO2: To investigate the current role of Al in financial portfolio managementby analyzingits practi-
cal applications, evaluatingits advantages and disadvantages, and assessingits effectivenessin de-

cision-making and risk management.

RO3: To assess the implications of Al on investment strategies, risk management, and portfolio op-
timization through case studies and interviews with industry experts, providing insights into how

Al influences modern financial decisions.
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RO4: To explore the future potential of Al in financial portfolio management by examining emerg-
ing trends, innovations, and the ethical, regulatory, and technical challenges that might shape its

continued evolution in the field.

Research Approach:

e Literature Review: Review existing research studies on the use of artificial intelligence in
portfolio management, highlighting key advancements and current research gaps.

e Historical Analysis: Review key developments in artificial intelligence in portfolio manage-
ment over the past decades, identifying technological advancements, models, and meth-
ods used.

e Comparative Study: Compare the advantages and limitations of using artificial intelligence
in portfolio managementcompared to traditionalapproaches, examining performance, risk
management, asset diversification, and other relevant criteria.

e Analysis of Current Challenges: Identify the specific challenges that artificial intelligence ap-
proaches face in portfolio management, such as market volatility, data reliability, and
model transparency, and examine proposed solutions to address them.

1.3 Thesis structure

In this thesis, the author begins by introducingthe key concepts that are central to the discussion,
such as artificial intelligence (Al) and financial portfolio management, through a literature review.
This review not only defines these important concepts but also provides a historical context that
allows the reader to understandthe evolution of Al within the field of financial portfolio manage-
ment. By laying this foundation, the author ensures that the readeris well-positioned to grasp the

more complex discussions that follow.

In the second chapter, the author delvesinto current research on the use of Al in financial portfo-
lio management, usinga framework that highlights six key elements: knowledge discovery, higher
dimensionality, adaptation and evolution, memory augmentation, integrated reasoning, and col-
lective behavior. These elements are explored in detail to show how Al has been integrated into

the processes and strategies of financial portfolio management today.
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After these in-depth analyses, the next chapteraddresses the limitations, reliability, and validity of
Al in this context. The author examines the challenges and considerations that arise when applying
Al in financial management, as well as how these issues impact the effectiveness of Al tools. Fi-

nally, the key findings of the research are presented, summarizing the main takeaways from the

study.

2 Literature review

2.1 Financial Portfolio Management

Financial Portfolio Management: The process of managing a collection of financial assets, such as
stocks, bonds, and other securities, with the goal of achieving specific financial objectives, such as

maximizing returns and minimizing risks.

Effective financial portfoliomanagementinvolvesa variety of activities, including asset allocation,
diversification, risk management, and performance measurement. These activities require careful
analysis of market conditions, economic trends, and individual company performance.Financial
portfolio management has evolved over time, with the integration of new technologies and inno-
vative approaches. One such approachisthe integration of artificial intelligence (Al) into portfolio
management. As noted by (Bartram et al., 2020), " Al and statistical models are currently used by a
significant number of asset management firms to operate tradingand investing platforms. The in-
creasing application of Al to many asset management activities necessitates a more systematic ex-
amination ofthe various techniques and applicationsinvolved, as well as the concomitant oppor-
tunities and challenges they bring to the sector." (p. 10).Al has the potential to revolutionize
financial portfoliomanagement by enabling more accurate and timely analysis of massive amounts
of data. With the ability to analyze real-time data from various sources such as financial data,
news, economic trends, and social media, Al can identify patterns and trends that would be impos-
sible for humans to detect. This can help portfolio managers make more informed decisions and
optimize the performance of their portfolios.However, itis important to note that Alis not a magic
solution and does not replace the need for human expertise in financial portfolio management. As
noted by (Liu et al., 2024), "Data quality and integrity are key issues in financial market data, often

containing noise and missing values, directly affecting model accuracy and reliability." (p. 10).
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Financial portfolio managementis a complex process that requires a combination of expertise and
technology to optimize investmentreturns while minimizing risks. The integration of Al into port-
folio management offers exciting prospects for the future of the financial industry, but it also pre-

sents challenges and ethical considerations that must be carefully addressed.

Keywords:

Financial: Relating to or involving finance, money, or monetary matters.

Portfolio: A collection of financial assets, such as stocks, bonds, and other securities, held by an

individual or an organization.

Management: Planning, organizing, directing, and managing resources (people, money, and as-

sets) in order to accomplish particular goals and objectives.

Asset allocation: The act of spreadingassets over several asset classes (such cash, bonds, and eq-

uities) in order to control risks and attain diversity.

Risk management: the procedure for determining, evaluating, and reducingthe risks connected to

investments in a portfolio in order to guard against possible losses.

Diversification:the practice of spreadingriskand perhapsincreasing profits by investing in a range

of assets.

Investment strategy: The plan or approach used to guide investment decisions in a portfolio, tak-

ing into consideration factors such as risk tolerance, investment goals, and market conditions.

Portfolio optimization: The process of designing a portfolio to achieve the best possible balance

between risk and return, based on mathematical models and statistical analysis.

Performance evaluation: The process of measuringand analyzingthe performance of a portfolio to

assess its effectiveness in achieving investment objectives.



14

Asset management: The professional management of a portfolio of assets on behalf of investors,

typically carried out by investment managers or asset management firms.

2.2 Atrtificial Intelligence

Artificial intelligence (Al) is a term that has evolved over time and has been addressed by different
authors and from various perspectives. Historically, Al was first mentioned in scientificliteraturein
the 1950s when researchers began developing machines capable of simulatinghuman intelligence.
Since then, the concept of Al has evolved and has been interpreted in different ways by different
authorsandin different disciplines. Over the decades, many authors have studied and defined Al
from various perspectives. Some have considered Al as a scientificdiscipline, while others have ap-
proached Al from a philosophical, ethical, or societal point of view. Definitions of Al have also

evolved based on technological advancements, practical applications, and emerging ethical and

social questions.

One of the early definitions of Al was proposed by Alan Turing in the 1950s, (Turing, 1950). Ac-

cordingto Turing, Al can be defined as the ability of a machine to imitate human intelligence indis-
tinguishably. This definition emphasizes the machine's ability to replicate human behaviors and
thought processes. Over time, other definitions of Al have emerged. For example, Herbert A. Si-
mon, an economist and psychologist, proposed a definition of Al as the ability of a system to per-
form tasks that would normally require human intelligence. This definition emphasizes the func-

tional capabilities of Al, i.e., its ability to autonomously accomplish specific tasks.

Other authors have addressed Al from an ethical and societal perspective. For example, Wendell
Wallach and Colin Allen, (Wallach & Allen, 2008), proposed a definition of Al as the ability of a sys-
tem to make autonomous decisions based on predefined ethical principles. This definition empha-
sizes the ethical responsibility of Al systemsin autonomous decision-making. As Al has developed
and been appliedin manyfields, including healthcare, transportation, energy, and others, defini-
tions of Al have continued to evolve. New perspectives have emerged, including transparency, ac-

countability, governance, and social impact of Al.
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Today, there is no universal and consensus definition of Al. Researchers, practitioners, and policy-
makers continue to debate and reflect on the definitions and implications of Al in society. Never-
theless, many international organizations, governments, and research organizations have pro-

posed definitions and frameworks to guide the understandingand responsible application of Al in

different contexts.

As technology continuesto advance atan unprecedented pace, It seems obvious that artificial in-
telligence (Al) will become more and more significant in our daily lives. Al is already changing
many facets of our society, from virtual assistants and autonomous vehicles to tailored sugges-
tions and diagnosisin medicine. The potential uses of Al are numerous and are only growing as a
result of continuous developmentsin robotics, machine learning, deep learning, and natural lan-

guage processing.

Artificial intelligence (Al) market size worldwide in 2021 with a forecast until 2030 (in
million U.S. dollars)

:E:
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Figure 1. Global artificial intelligence market size 2021-2030,Published by Bergur Thormundsson,
2023, (Statista).

In the upcomingdecades, the artificial intelligence (Al) market is anticipated to rise rapidly.
By 2030, its current worth of around $100 billion is predicted to increase twentyfold to al-
most S2 trillion. There are many distinct industries covered by the Al market. Al will be incor-
porated into business structuresin an assortment of areas, including supply chains, adverti-
sing, product creation, research, analysis, and more. The main themes advancing Al in the

upcoming years are chatbots, image-generating Al, and mobile applications.

Artificial Intelligence (Al): The simulation of human intelligence in machines that are pro-

grammed to perform tasks and learn from experience.

Keyword:

Machine Learning: a branch of artificial intelligence that uses statistical models and algo-
rithmsto let machines learn and get better at tasks without the need for explicit program-

ming.

Deep Learning: A type of machine learningthatinvolves training neural networks with multi-

ple layers to process complex data and make decisions.

Natural Language Processing (NLP): A branch of Al that focuses on enabling machinesto un-

derstand, interpret, and generate human language.

2.3 Artificial Intelligence in portfolio management, historical context.

Artificial Intelligence in portfolio management is becoming increasingly well-known and widely
used in the financial industry. As technology continues to advance, and data becomes more readily
available, financial institutions and investment firms are increasingly leveraging Al and machine
learning techniques to enhance their investment strategies. Al-powered portfolio management
platforms andtools are gainingpopularity due to their ability to process and analyze large volumes

of data quickly and accurately, identify complex patterns and trends in financial markets, and
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make informed investment decisionsin real-time. The use of Al in portfolio managementis seen to
improve investment outcomes, optimize portfolio performance, and enhance risk management

strategies. As a result, the adoption of Al in portfolio managementis expected to continue to grow
as the financial industry seeks to leverage the potential of these advanced technologies to gain a

competitive edge in the market.
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Figure 2. Number of Published Papers by Al Technique over Time, 1996-2018

Notes: The chart illustrates the annual count of published papers that include particular keywords.
This datais drawn from the number of published papers cataloged in Scopus, spanning from 1996

to 2018. The selected papers contain the keywords “[finance]” and/or “[asset management],” in

n u

conjunction with at least one of the following terms: “[cluster analysis],” “[genetic algorithm]” or

” u n u n u

“[evolutionary algorithm],” “[lasso],” “[natural language processing],” “[neural network]” or

“[deep learning],” “[random forest]” or “[decision tree],” and “[support vector machine].”

Fintech 1.0 (analog): Fintech 1.0 (analog) refers to the first wave of technological innovation in the

financial services industry that occurred before the advent of digital technologies and the internet.
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Fintech 1.0 was primarily focused on the use of analog and physical technologies to automate or
enhance traditional financial processes such as financial transactions, account management, risk

management, credit verification, etc.

Examples of Fintech 1.0 include automated teller machines (ATMs), credit card payment systems,
paper-based checks, and other analog methods used to improve or streamline traditional financial

services.

2) Fintech 2.0 (digitilisation): Fintech 2.0 (digitalization) refers to the second wave of technological
innovationin the financial servicesindustry that emerged with the widespread adoption of digital
technologies and theinternet. Fintech 2.0 is characterized by the use of digital technologies, data,
and online platforms to transform and disrupt traditional financial services, creating new business

models, products, and customer experiences.

Examples of Fintech 2.0 include online banking, mobile payment apps, peer-to-peer (P2P) lending
platforms, robo-advisors, blockchain-based technologies, and other digital solutions that leverage
advanced technologies to deliver financial services in more efficient, convenient, and innovative
ways. Fintech 2.0 hassignificantly impacted the financial industry, changing the way financial ser-

vices are delivered, consumed, and regulated.

3) Fintech 3.0 (startups): Fintech 3.0 (startups) refers to the third wave of technological innovation
in the financial services industry that is characterized by the rise of innovative and agile startups
leveragingadvanced technologies to disrupt and transform traditional financial services. Fintech
3.0 is driven by entrepreneurial ventures that are challenging established financial institutions and
business models by offering innovative, customer-centric, and technology-driven financial solu-

tions.

Examples of Fintech 3.0 include emerging startups that focus on areas such as digital wallets, de-
centralized finance (DeFi), regtech (regulatory technology), insurtech (insurance technology),
wealthtech (wealth management technology), and other disruptive technologies and business

models that are reshaping the financial industry landscape.
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Fintech 3.0 : businesses are renowned for their capacity to swiftly adjust and react to shifting mar-
ket conditions, and they frequently place a high priority on user experience, simplicity, and acces-
sibility. They frequently use cutting-edge technology like cloud computing, big data, machine lear-
ning, artificial intelligence (Al), and others to provide creative financial services and solutions that

go beyond accepted financial conventions.

Smart Fintech: The Smart Fintech is a sector of financial technology that combines advancements
in finance, such as blockchain and cryptocurrencies, with those in artificial intelligence, including
guantum computing, deep learning, bigdata, and machinelearning. Itaims to integrate these cut-
ting-edge technologies to offer innovative financial solutions and transform the way financial ser-

vices are delivered and managed.

Keywords:

Blockchain: A blockchainis a distributed ledger, a database shared across a network of computers.
Each block in the chain contains multiple transactions and is secured by a cryptographic hash of

the previous block in the chain.

Cryptocurrencies: Cryptographyisused by digital or virtual currencies to manage the production
of new units, secure transactions, and confirm asset transfers. Cryptocurrencies are not governed
or managed by a single organization; instead, they operate on decentralized networks like block-

chain. Cryptocurrencies include, for example, Litecoin, Ethereum, and Bitcoin.

DeFi: An abbreviation for Decentralized Finance, which refers to a type of financial system that op-
erates on blockchain networks and utilizes smart contracts to provide decentralized, transparent,

and permissionless financial services.

Quantum Computing: Emerging field of computing that uses principles of quantum mechanics for
computation, potentially revolutionizing fields such as cryptography, drug discovery, and optimiza-
tion. Utilizes quantum bits (qubits) for increased processing power but faces significant technical

challenges.
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2.4 Integrated Reasoning

Integrated Reasoningfor Al in Portfolio Management: Integrated Reasoningrefers to the ability of
Al systems to reason across different domains, integrate different types of information and
knowledge, and make informed decisions. In portfolio management, integrated reasoning is cru-
cial for making informed investment decisions based on a variety of factors, including market con-
ditions, company performance, and economic trends.According to (Herrmann & Masawi, 2022),
Integrated Reasoningcan enhance the performance of Al-based portfolio managementsystems by
integrating multiple sources of information and knowledge, such as financial data, news, social
media, and economic trends. By analyzing and reasoning across these sources, Al systems can

make more informed and accurate investment decisions.

In a study by (Bartram et al., 2020), an integrated reasoning approach was applied to portfolio

management, which included the use of machine learningalgorithms for feature selection, cluster-
ing, and classification. The approach was tested on a real-world dataset and demonstrated im-

proved performance compared to traditional portfolio management methods.However, it is im-
portantto notethatintegrated reasoning Al systems require proper data managementand human
oversight to ensure that the algorithms are making informed and ethical decisions. As noted by
(Ouyang, 2022), "Artificial intelligence, as a new data analysis and forecasting tool, has excellent
processing capability for high-dimensionaland serial datain the field of quantitative investment."
(p.1).Integrated reasoningisan important component of Al-based portfolio management systems,
and it hasthe potential to enhanceinvestment decision-making and portfolio performance. How-

ever, it must be implemented with proper data management and human oversight to ensure the

transparency, ethics, and accountability of Al-based portfolio management.

2.5 Adaptation and evolution

Adaptation and evolution for Al in portfolio management refers to the ability of Al systems to
adaptto changing market conditions and evolve to improve their performance over time. As noted
by (Pawar et al., 2024), "The performance of portfolio weights from the previous trading period is

inserted into the networks. "(p. 2).To achieve adaptation and evolution, Al systems in portfolio
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management use machine learning algorithms that enable them to learn from past data and ad-
just their strategies accordingly. This allows the Al systems to continuously improve their perfor-

mance and adapt to changing market conditions.

In a study by Garrido-Merchan et al. (2023) , an Al-based portfolio managementsystem was devel-
oped usinga learningalgorithm. The system was tested on a real-world dataset and demonstrated
superior performance compared to traditional portfolio management methods. The study also
showed that the Al system was ableto adapt to changing market conditions and improve its per-
formance over time.Anotherapproach to adaptation and evolution in Al-based portfolio manage-
ment is the use of genetic algorithms. Geneticalgorithms are a type of optimization algorithm that
mimic the process of natural selection to find the optimal solution. In a study by (Gopikrishnan et
al., 2001), a genetic algorithm was used to optimize portfolio selection based on historical financial
data.The results showed that the genetic algorithm outperformed traditional portfolio optimiza-
tion methods and was able to adapt to changing market conditions.However, it is important to
note that the adaptation and evolution of Al-based portfolio management systems requires con-
tinuous monitoringand human oversight to ensure that the algorithms are making informed and
ethical decisions. As noted by Vidler (2024) "We have already seen the evolving need for more ro-
bust and industrial-strength analysis platforms to understand, interpret, and evaluate Al deci-

sions." (p. 7).

Adaptation and evolution are critical components of Al-based portfolio management systems, and
they have the potential to enhance investment decision-making and portfolio performance. How-
ever, proper data management, continuous monitoring, and human oversight are necessary to en-

sure the transparency, ethics, and accountability of Al-based portfolio management.

2.6 Knowledge Discovery

Knowledge Discovery for Al in Portfolio Management: Knowledge discovery refers to the process
of extracting useful knowledge and insights from data. In portfolio management, knowledge dis-
covery involves the use of data mining and machine learning techniques to identify patterns and

relationships in financial data, news, economic trends, and other sources of information.
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According to Ayala et al. (2021), knowledge discovery can improve the performance of portfolio
management by providing insights into market trends, company performance, and other factors
that can affect investment decisions. By using machine learning algorithms to analyze and classify
data, portfolio managers can identify hidden patterns and relationships that can inform their in-
vestment strategies. In a study by Zhang and Chen (2017), a knowledge discovery approach was
applied to portfolio management, which included the use of machine learning algorithms for data
classification and clustering. The approach was tested on a real-world dataset and demonstrated
improved performance compared to traditional portfolio management methods.However, it is im-
portantto note that knowledge discovery techniques must be used with caution and human over-
sight to ensure that the algorithms are making informed and ethical decisions.Knowledge discov-
ery is an important component of Al-based portfolio management systems, and it has the
potential to enhance investment decision-making and portfolio performance. However, it must be
implemented with proper data management and human oversight to ensure the transparency,

ethics, and accountability of Al-based portfolio management.

2.7 Collective Behaviors

Collective behaviors refer to the coordinationand collaboration of multiple autonomous agents to
achieve a common goal. In portfolio management, collective behaviors can be used to optimize
the performance of investment portfolios by leveraging the intelligence and decision-making capa-

bilities of multiple Al agents.

One example of collective behaviorsin portfolio managementis swarm intelligence. Swarm intelli-
gence involves the use of multiple autonomous agents, or "swarm members," that work together
to find the optimal solution to a problem. In portfolio management, swarm intelligence can be
used to optimize asset allocation and risk management by analyzing massive amounts of data and
identifying patternsand trends that would be impossible for a single agent to detect.Another ex-
ample of collective behaviors in portfolio management is multi-agent systems (MAS). MAS is a
group of autonomous agents thatinteract with each other to achieve a common goal. In portfolio
management, MAS can be used to manage complex portfolios and optimize performance by lever-
aging the intelligence and decision-making capabilities of multiple agents. Collective behaviors

have shown great promise in portfolio management, as they can help portfolio managers make
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more informed decisions and optimize the performance of their portfolios. However, it is im-
portantto notethatthe implementation of collective behaviors requires proper coordination and

management to ensure that the agents are working together effectively and efficiently.

2.8 Memory Augmentation

Memory Augmentation for Al in Portfolio Management: Memory augmentation refers to the use
of external memory to improve the performance of Al systems in solving complex problems. In the
context of portfolio management, memory augmentation can enhance the ability of Al systems to

process and analyze large amounts of financial data and make informed investment decisions.

According to Ye et al. (2020), memory augmentation can be used to store and retrieve historical
financial data, which can be used to inform investment decisions. This approach can improve the
accuracy and effectiveness of Al-based portfolio management systems.In a study by Yang et al.
(2020), a memory-augmented neural network (MANN) was proposed for stock prediction in port-
folio management. The MANN used an external memory module to store and retrieve historical
stock prices, which were used to inform stock prediction. The approach was tested on real-world
datasets and demonstrated improved performance compared to traditional machine learning
methods.However, it is important to note that memory augmentation also requires proper data
management and human oversight to ensure that the algorithms are making informed and ethical
decision.Memory augmentation is a promising approach to improving the performance of Al-
based portfolio management systems. However, it must be implemented with proper data man-
agement and human oversight to ensure the transparency, ethics, and accountability of Al-based

portfolio management.

Anothersystem used by Al isthe Memory Al plays it’s playinga significant role in optimizing finan-
cial portfolios through advanced methodologies like Long Short-Term Memory (LSTM) networks
and reinforcement learning. These techniques enhance investment strategies by predicting asset

returns and managing risks effectively. As (Yang, 2022) demonstrate, “LSTM adds a memory to
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each nerve in the hidden layer, so that the memory information in the time series is controllable."
Thisindicates that LSTMs incorporate a memory mechanism that allows them to manage and uti-
lize past information effectively, enhancing their predictive capabilities, Improved LSTM models
have shown superior performance in investment portfolio design, outperformingtraditional meth-

ods.

2.9 Higher dimensionality

Higher dimensionality refers to the use of complex and large-scale datasets in portfolio manage-
ment, beyond traditional financial data, to analyze and identify investment opportunities. The in-
tegration of higher dimensionality in portfolio management is made possible by artificial intelli-
gence (Al) algorithms that can process and analyze large amounts of data from various sources,

including social media, news articles, and economic indicators.

The use of higher dimensionality in portfolio managementhasthe potential to provide unique in-
sights and opportunities that would be difficult orimpossible to identify using traditional financial
data. As noted (Magoc et al., 2009), "Computational intelligence techniques are very useful tools
for solving problems that involve understanding, modeling, and analysis of large data sets. One of
the numerous fields where computational intelligence has found an extremely important role is
finance." (p. 2).Nevertheless, the use of higher dimensionality also comes with challenges, includ-
ing the complexity and heterogeneity of the data, and the need for sophisticated Al algorithms to
process and analyze the data. In addition, higher dimensionality may also increase the risk of over-
fitting, which can lead to inaccurate investment decisions. The integration of higher dimensionality
in portfolio management has the potential to provide unique investment opportunities and in-
sights. However, it requires sophisticated Al algorithms and careful consideration of the quality

and relevance of the data used to avoid overfitting and inaccurate investment decisions.
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2.10 Identified Research Gap

Some authors allowing in exploring the research gap and the research

- (Zhang & Chen, 2017) An Artificial Intelligence Application in Portfolio Management. The paper
"An Artificial Intelligence Application in Portfolio Management" explores how Al is revolutionizing
finance, particularly in portfolio management. It highlights that Al algorithms can significantly
boostinvestment returns by optimizing portfolio selection. One of the key techniques discussed is
spectral clustering (SC), which allows for a deeper analysis of stock relationships. This method en-
hances decision-making and leads to better-performing portfolios compared to traditional ap-
proaches.The study shows that portfolios built using Al, especially with the SC method, tend to
outperform conventional strategies, offering a competitive edge in the financial markets. It also
introduces the concept of network analysis in stock markets, revealingthatinvestingin stocks that
hold central positionsin a complex network can yield higher returns.The paper reviews various Al
techniques and applicationsin finance, emphasizingthe value Al brings to portfolio management.
This research illustrates how Al is becoming an essential tool forinvestors, transforming traditional

investment approaches with advanced data analysis and decision-making capabilities.

- (Sutiene et al., 2024a) Enhancing portfolio management using artificial intelligence: literature re-
view. It begins by discussing traditional performance metrics like the Sharpe ratio, Treynor ratio,
and Jensen’s Alpha, which have long been used to assess how well portfolios are performing, es-
pecially when adjusting forrisk. The Sharpe ratio, for example, is highlighted as a vital tool for ana-
lyzing mutual fund performance, while Jensen’s Alpha is useful for comparing how a portfolio
measures up against market benchmarks, factoring in systematic risk.The paper then dives into
the growing influence of Al in portfolio management, especially the use of tools like natural lan-
guage processing (NLP) to analyze corporate reports and even social media sentiments. This helps
investors make more informed decisions when it comes to asset allocation and managing risk. Al
techniques like evolutionary algorithmsand neural networks are also mentioned for their ability to
solve complex problems in portfolio optimization, helping to balance multiple objectives at
once.However, there are challenges. The paper emphasizes issues related to transparency and

fairnessin Al systems, as well as the need for explainable decisions. Investors and regulators need
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to understand how these Al-driven decisions are made, which has sparked discussions around
creating more explainable Al models in the finance world. With new regulations emerging in Eu-
rope, these concerns are becoming increasingly important.Lastly, the paper looks at how perfor-
mance attribution has evolved. Understanding where a portfolio’s returns are really coming
from—whether from skill or luck—has always been key. The paper discusses different ways to at-
tribute returns,and how Al can enhance this process, offering deeper insights into what’s driving

portfolio performance.

- (Vidler, 2024), Recommender Systems in Financial Trading: Using machine-based convictionanal-
ysis in an explainable Alinvestment framework. The paper explores how Artificial Intelligence (Al),
particularly through Recommender Systems (RS), is transforming portfolio management by repli-
cating many traditionalroles of human analysts. Alenhances the decision-making process for port-
folio managers by providing data-driveninsights and offering tools like collaborative filtering, con-
tent-based filtering, knowledge-based, and case-based systems, with knowledge-based systems
being the most widely used in asset selection. These Al outputs can be integrated into decision
support systems, helping portfolio managers correlate recommendations with macroeconomic
factors for more informed decisions. Metadata plays a crucial role in enabling both the technical
functionality of RS and further analysis by portfolio managers. Additionally, the concept of Explain-
able Alis emphasized to build trust by providingvisualizations and transparency into Al's decision-
making processes. The paper also highlights the evolving role of analysts, as Al-driven systems in-
creasingly supplement or replace traditional methods, reflectinga broader trend towards automa-
tion and data-driven approachesin the finance industry. Overall, the paper demonstrates how Al
and RS are boostingthe efficiency and effectiveness of investment decisions, signaling a significant

shift in the landscape of portfolio management.

-(Liu et al., 2024), ROBO-ADVISORS: REVOLUTIONIZING WEALTH MANAGEMENT THROUGH THE
INTEGRATION OF BIG DATA AND ARTIFICIAL INTELLIGENCE IN ALGORITHMIC TRADING
STRATEGIES. The paper explores how robo-advisors are revolutionizing wealth management by
integrating bigdata and artificial intelligence (Al). It highlights how Al technologies, like machine
learningand natural language processing, are used to sift through large datasets, helping identify

market trends and optimize investment portfolios. This not only improves decision-making for fi-
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nancial services but also makes the process more efficient. Al-powered algorithmic trading strate-
gies play a key role in this transformation, as they can quickly analyze vast amounts of data to pre-
dict market trends and make real-time trading decisions. However, the paper also points out some
challenges, such as data quality, transparency of algorithms, and the need to meet regulatory
standards. Ensuring accurate data is essential to avoid mistakes that could impact trading out-
comes. Despite these challenges, the paper emphasizes the potential for Al to drive innovation in
wealth management, helping financial services become even more effective. Looking to the fu-
ture, it’sclear that Al is not just a passingtrend but a major shift that is reshaping the financial in-
dustry. The ability of Al to learn and adapt makes it an invaluable tool for investors and institutions
alike. In short, the paper paints an optimistic picture of how robo-advisors and Al are changing the
landscape of wealth management, while acknowledging the hurdles that need to be addressed

along the way.

2.11 Research Framework
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Applying Al in Financial Portfolio Management: Recent Advancements

Integrated
_reasoning
Higher Alin Adaptation
dimensionali Financial and evolution
Portfolio
Management
Knowledge Context Memory
discovery augmentation
Collective
__behaviour

Related to practical aspects: Al is used to enhance investment strategies and decision-making processes.

Figure 3. Darrigo, (2024). Applying Al in Financial Portfolio Management: Recent Advancements.

In this framework that | created, | explore how artificial intelligence (Al) is transforming the way
we manage financial portfolios by making decision-making smarter and more efficient. The frame-
work dives into how Al helps uncover new insights, handle large and complex data sets, and detect
patternsin collective behavior that we couldn’t identify before. What makes Al so powerful is its
ability to adapt and evolve, learning from the data and improving continuously. It takes much of
the guesswork out of investing, enabling portfolio managers to make better-informed decisions by
optimizing processes that consider multiple factors at once. In short, Al isn’t just another tool in
financial management—it's a game changer that reshapes how we approach investing in today’s

fast-moving markets.

3 Research methods and implementation
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3.1 Research context

As a student atJamk, | am currently writing this thesis as part of my academicstudies. My purpose
is to develop my expertise in the field of artificial intelligence through financial portfolio manage-
ment. The defense of this thesis is an essential step in my academic journey and will allow me to
demonstrate my in-depth understanding of the subject. | am writing this thesis with enthusiasm
and curiosity, as this subject truly interests me, and | hope that the knowledge | have acquired and

developed during the writing of this thesis will be useful in my future jobs.

3.2 Research design

Philosophies

Experiment
Approaches

Mono method

Cross-sectional
Strategies

Data
collection
and data
analysis

Action
research

Choices

Longitudinal

Time
horizons

Archival research

Techniques and
procedures

3.2.1 Research philosophy: Realism

As a philosophical stance, realism stresses the existence of an outside world that exists apart from
the human mind. Adoptinga realisticapproach in your thesis on the use of Al in financial portfolio
management entails takinginto account the verifiable facts and data associated with the area. It

entails admitting that there is an objective reality that can be investigated by observations and
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empirical investigation.Because it stresses the need of empirical evidence in comprehending the
reality of artificial intelligence applicationsin financial portfolio management, realism is also con-

sistent with a scientific and positivist approach to knowledge generation.

By improvingthe validity and dependability of your findings and further the field's understanding
by firmly establishing your study in reality.Finally, by using a realistic approach in your thesis, you
may analyze the state of the art of Al applications in financial portfolio management objectively
and with proof. It gives your research a strongbasis and guarantees a thorough and exacting ana-

lysis of the topic.

3.2.2 Research purpose: Descriptive

A descriptive approach allows fora thorough analysis of existingresearch in the field. Using a des-
criptive approach in my thesis on the state of the art of artificial intelligence applications in finan-
cial portfolio managementcan have a number of benefits. First, it allows for a clear and detailed
understanding of the concepts, methods, techniques, and Al models used in the field. | can gua-
rantee a comprehensive understanding for readers by providing in-depth explanations of how
these approaches work, their objectives, advantages, limitations, and practical applications. You
are able to thoroughly explain and evaluate the different strategies put forth by researchers, as
well as the outcomes attained, the techniques utilized, and the information gathered. Your study
gains validity and credibility from this thorough analysis, which strengthens and validates it.It
makes it easier to communicate the results and conclusions of your research. You may successfully
convey your findings to readers by accurately and clearly presenting your results, backed up by
specific examples, figures, and graphs. This improves your argument and makes your thesis more
compelling.Using a descriptive technique helps readers understand your point. You may make
your research intelligible to a wider audience, including individuals who lack in-depth academic
expertise of the subject, by using straightforward language, thorough explanations, and tangible

examples. This encourages your study findings to be shared more widely and have a greater ef-
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fect.A thorough, understandable, and approachable examination of the state of the art in the sub-
jectis provided by using a descriptive method in your thesis on Al applications in financial portfolio
management. It makes your study a significant additionto the corpus of current knowledge by en-

hancing its impact, rigor, and trustworthiness.

3.2.3 Research approach: Inductive

Using specific observations or facts to make general conclusions is known as inductive reasoning.
Using aninductive method in yourthesis on the use of Al in financial portfolio management entails
closely analyzingthe particular research results, case studies, and empirical data associated with
the subject.

You might examine the particular examples of artificial intelligence applicationsin financial portfo-
lio management to make more generalizations and conclusions by using inductive reasoning in
your thesis. A thorough grasp of the state of the art in this subject may be attained by using this
method to find patterns, trends, and similarities within various research and data sets.The signifi-
cance of empirical data and firsthand observations in forming research conclusions is also ack-
nowledged by inductive reasoning. You may improve the validity and reliability of your study by
carefullyanalyzingthe particular facts and evidence that are accessible. This will allow you to draw
conclusions andinsights that are supported by real observations and data.Additionally, using an
inductive method in your thesis can help you grasp the complexity of artificial intelligence applica-
tionsin financial portfolio management in a nuanced and context-specific way. It enables you to
thinkabout the usefulness, constraints, and possible difficulties of applying and overseeing Al in

actual financial contexts.

3.2.4 Research strategy/method: Archival research is based on relevant publications.
There are several benefits to basing my study on previous studies and relevant articles for my the-

sis on the application of Al in financial portfolio management.

| can performarchival research to provide your study a solid foundation. By building on previously

authored works that have completed peer review and been published in reputable journals, you
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can ensure that your studyis grounded in acknowledged knowledge and expertise in the field. This
increases the validity and reliability of your study by referencing the findings and observations of
pastresearchers who have conducted in-depth research in the same topic. You may find reliable
and authenticsources by conducting research using archives. The reliability of the data and con-
clusions is ensured by reputable publications with strict review and publication criteria, such as
journals, conferences, and reliable websites. By citing these sources, you may demonstrate to your
audience the validity of your research and the strength of your findings.

A thorough picture of the current state of the art in the topic may be obtained through archival
research. You may obtain a comprehensive grasp of the state of research today, including the
most recent developments, patterns, and difficulties in the use of artificial intelligence in financial

portfolio management, by going over pertinent papers again.

This enables you to situate your study within the body of existingliterature and pinpoint any gaps
or areasthat require more research, thus advancing the field's understanding. Furthermore, you
may critically assess the approaches, models, and conclusionsoffered in earlier articles by focusing
your research on archival research. You can analyze the advantages and disadvantages of various
strategies, spot contradictionsorgaps in the literature, and suggest fresh lines of inquiry or enhan-
cements to current techniques. This critical evaluation enhances the validity of your own research

findings and aids in the development of an educated and fair viewpoint on the state of the art.

3.2.5 Methodological choice: Mono-method in form of archival research

| have decided to use archival research as my mono-method approach for my thesis, which is on

the use of artificial intelligence in financial portfolio management, fora number of strong reasons.

In my opinion, doingro-bust research requires maintaining methodological rigor and consistency. |
can make sure that my study is carried out using a consistent and repeatable technique by only
employing archive material, such as published literature, reports, and historical data. Because
other researchers may replicate my study using the same historical data, this strengthens the
overall robustness of my research and increases the validity and trustworthiness of my findings.
Through archival research, | may access a wealth of existing data that can be thoroughly examined

and understood to learn more about the topic of financial portfolio management. Historical mar-
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ket data, financial reports, trade journals, and other pertinent sources that provide a rich and ex-
tensive dataset for research can all be considered archival data. | can now carry out in-depth re-
search without havingto gather primary data, which can take a lot of time and resources.l can per-
form longitudinal analyses and look at trends and patterns over time by using archive research. |
can watch changes in investment strategies, examine the success of financial portfolios, and see
how artificial intelligence applicationsare developing in this sector via historical data. My investi-
gation gains depth and context from this longitudinal perspective, which also enables me to offer

insightful thoughts on the field's historical evolution and current situation.

3.2.6 Time horizon: Longitudinal

Using a longitudinalapproach, | will begin by focusingon the topic's historical elements in my the-

sis before looking at the field's current status.

Understandingthe growth of artificial intelligence in financial portfolio managementbecomes eas-
ier by investigatingthe topic's historical elements. | can learn about the beginnings, development,
and early uses of Al in this subject by lookinginto the historical background. This point of view pro-
vides a comprehensive picture of the development of Al by tracing the innovations, challenges,

and trends that have influenced it throughouttime. | can discover a lot about the past accomplish-
ments of Al models, their limits, and how they affect investment strategies by looking at historical
data and literature on Al in portfolio management. This review explains the achievements, set-

backs, and lessons discovered from past Al deployments, which might inform present procedures
and next advancements. Followingthe creation of this historical framework, | will use a longitudi-
nal technique to investigate the state of artificial intelligence in financial portfolio management
today. In orderto find novel patterns, obstacles, and possibilitiesin the subject, this approach en-
tails analyzing recent data and literature. | will assess the newest research, models, techniques,

and applications, determining their usefulness, limits, and possible influence on the financial in-
dustry. Understandingthe latest developments and difficulties in Al-driven portfolio management
requires a comprehensive and current study of the area, which is made possible by the use of a

longitudinal method. This approach provides an extensive viewpoint that may guide future stu-
dies, practices, and regulationsin the field by bridging the gap between past events and the pre-

sent situation.
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3.3 Data collection

Secondary Qualitative Data in form of relevant publications

As | delve into my thesis on the topic of realism in artificial intelligence applications in financial
portfolio management, I will be relying heavily on secondary qualitative data from relevant publi-

cations.

Secondary qualitative data, in the form of published literature and research articles, holds signifi-
cant importancein my research. These publications are authored by experts in the field and draw
on extensive research, empirical studies, and analysis. They provide valuable insights, findings, and

interpretations that have undergonethorough review and validation by the scholarly community.

There are compellingreasons why | have chosen to base my research on this type of data. Firstly,
utilizing secondary qualitative data from relevant publications allows me to access a diverse range
of information from reputable sources such asjournals, conference proceedings, and reports. This
comprehensive approach enables me to gather up-to-date information on various aspects of artifi-
cial intelligence applicationsin financial portfolio management, enriching the breadth and depth
of my research. Relying on relevant publications ensures that my research is grounded in estab-
lished theories, concepts, and empirical evidence. These publications have undergone rigorous

peer review processes, enhancingtheir credibility and reliability. By building on existing research, |
can leverage the insights and findings from previous studies to strengthen the validity and robust-
ness of my own research and provide a solid foundation for my argumentation on the topic of re-

alism.

3.4 Data analysis
Quantitative data analysis

Quantitative data collection and analysis are beyond the scope of this thesis.



Qualitative data analysis (codebook)
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This studyis based on secondary data of in form of relevant publications analyzed with the help of

NVivo software.

Table 1. Codebook for data analysis based on the research framework

Code

Definition

When to use

When not to use

Integrated rea-
soning

Integrated reasoning, in the context of Al
and financial portfolio management, refers
to the capability of an intelligent system to
amalgamate and employ diverse infor-
mation and knowledge from various
sources to analyze complex financial data
and make investment decisions. This in-
volves integrating reasoning processes
such as deduction, induction, and abduc-
tion with other cognitive abilities like per-
ception, learning, and decision-making to
form a comprehensive understanding of
the financial market and optimize the com-
position and management of a portfolio.
Integrated reasoning in this context ena-
blesthe Al system to consider a wide range
of factors, including market trends, risk as-
sessment, historical data, and economic in-
dicators, to make informed investment
choices and maximize returns while man-
aging associated risks.

Look for pas-
sages that dis-
cuss how inte-
grated reasoning
is suported by
artificial intelli-
gence inthe con-
text of financial
portfolio man-
agement enables
Al systems to in-
corporate multi-
ple sources of in-
formation and
knowledge, rea-
son and learn
from them, and
make informed
decisions

Do not use for
passages of text
from publica-
tions that refer
to other things
thanthe concept
of Integrated
reasoning su-
ported by artifi-
cial intelligence
in the context of
financial porfolio
management.

Adaptation and
evolution

In the context of Al and financial portfolio
management, adaptationand evolution are
crucial concepts. Adaptation refersto an Al
system's ability to adjust its investment
strategies, risk tolerance, and asset alloca-
tioninresponse to changing market condi-
tions, economic factors, or unexpected
events. This adaptability allows the Al-
driven portfolio management system to
optimize its decisions and allocations in
real-time, ensuring that the portfolio re-
mains aligned with the investor's financial
goals.

Use this code to
identify evidence
in a text that re-
fers to the con-
cept of adapta-
tion and
evolution in the
context of artifi-
cial intelligence
supportingfinan-
cial portfolio
management.
This may include
discussions of
how Al systems
are designed to

Do not use for
passages of text
from publica-
tions that refer
to other things
thanthe concept
of adaptation
and evolution in
context of using
IA in financial
portfolio man-
agement.

It’s refer to an Al
system's ability
to adjustand de-
velop to respond
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learn and im-
prove over time
through machine
learning algo-
rithms, natural
language pro-
cessing, and
other tech-
niques.

to changing con-
ditions or new
tasks.

Knowledge Dis-
covery

In the context of Al and financial portfolio
management, Knowledge Discovery takes
on a specific significance. It refers to the
systematic procedures and methodologies
employed to extract valuable insights and
actionable information from financial data.
This process encompasses data collection,
data preprocessing, the application of ad-
vanced data analysis techniques like ma-
chine learningand risk assessment models,
and the validation and interpretation of the
findings.

Use this code to
identify the evi-
dence in
form/passage of
text that refer to
the concept of
Knowledge Dis-
covery in Data-
bases (KDD) in
the context of
usingartificial in-
telligence for in-
vestment analy-
sis, portfolio
management, or
other financial
decision-making
processes.

Do not use for
passages of text
from publica-
tions that refer
to other things
thanthe concept
of Knowledge
Discovery in con-
text of usinglA in
financial portfo-
lio management.
it’s referring to
the processes
and techniques
used to extract
knowledge from
data.

Collective Be-
haviour

In the context of Al and financial portfolio
management, the concept of collective be-
havior takes on a specific application. Here,
collective behavior refers to the analysis
and modeling of market dynamics and the
actions of various market participants, in-
cluding individual and institutional inves-
tors. Al systems, through the use of ma-
chine learning and computational
techniques, can simulate and study the col-
lective behavior of these market actors.

Use this code to
identify evidence
in form/passage
of text that refer
to the concept of
collective behav-
iorinthe context
of the using of
artificial intelli-
gence in financial
portfiolio man-
agement, such as
the study of
emergent behav-
iorsin a group of
Al agents or the
application of
swarm intelli-
gence algorithms
in Al systems.

Do not use for
passages of text
from publica-
tions that refer
to other things
thanthe concept
of collective be-
haviorin context
of usin IA in fi-
nancial portfolio
management. It
may refer to the
study and simu-
lation of group
dynamics and
emergent phe-
nomena using
machine learn-

ing.
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Memory Aug-
mentation

In the context of Al and financial portfolio
management, memory augmentation takes
on a specialized role. Memory augmenta-
tion here pertains to the enhancement of
an Al-driven portfolio management sys-
tem's capacity to store, retrieve, and lever-
age financial data and historical infor-
mation. This process may encompass the
creation of advanced algorithms and archi-
tectures that empower the Al system to
learn from past market conditions and in-
vestment outcomes. Additionally, it can in-
volve the integration of external memory
systems like financial databases, market re-
search reports, and knowledge graphs to
expand the depth and breadth of available
financial information.

Use this code to
identify the evi-
dence in a pas-
sage of text that
refers to the
concept of
memory aug-
mentationin the
context of artifi-
cial intelligence
using for finan-
cial porfolio
management.
This can include
techniques and
technologies
aimed at improv-
ing the storage,
retrieval, and
use of infor-
mation by Al sys-
tems.

Do not use for
passages of text
from publica-
tions that refer
to other things
thanthe concept
of Memory aug-
mentationin the
context of Al
used for the pro-
cess of financial
portfolio man-
agement. En-
hancing an Al
system's ability
to store and re-
trieve infor-
mation from
memory.

Higher Dimen-
sionality

In the context of Al and financial portfolio
management, higher dimensionality takes
on a specific relevance. Higher dimension-
ality here refers to dealing with financial
data that contains a multitude of features
or variables, which can complicate the
analysis and modeling process using con-
ventional techniques. Financial data is of-
ten represented as a high-dimensional vec-
tor, with each dimension corresponding to
a specific financial metric, asset, or varia-
ble.

Use this code to
identify the evi-
dencein a
form/passage of
text that refers
to the concept of
higher dimen-
sionality in the
context of artifi-
cial intelligence
used for financial
portfolio man-
agemenr. This
may include dis-
cussions on the
use of neural
networks and
other advanced
algorithms to
process high-di-
mensional data
and solve com-
plex problems
that cannot be
easily addressed
through tradi-
tional methods.

Do not use for
passages of text
from publica-
tions that refer
to other things
than the concept
of Higher dimen-
sionality in the
context of Al
used for financial
portfolio man-
agement.
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3.5 Ethical considerations

This study is based on publicly available relevant secondary sources with no exposure to ethical

issues related to security, confidentiality and privacy of the analyzed data and information.

A due care has been taken to give credit to the authors of the publications cited in this thesis.

4 Research Results

Through an analysis of its historical development, present function, and ensuing ramifications, my
research investigates the growth of artificial intelligence (Al) in the area of financial portfolio man-
agement. Investigating the many facets of Al in the finance industry is my aim.The primary goals
are to: (1) evaluate the overall effect of artificial intelligence (Al) on the financial portfolio manage-
ment landscape; (2) pinpoint the elements influencing the financial portfolio management sector,
with an emphasison the Al era; and investigate the consequences of the growing incorporation of

Al into financial portfolio management.

As explainedin Appendix 1, | have decided to use NVivo 12 for data collection and analysis. | can
methodically collect essential information from specialized publications using NVivo 12. To provide
a thorough grasp of the development of Al in financial portfolio management, the data is then
painstakingly coded into pertinent nodes, as shown in Appendix 2.My research attempts to

answer important topics like:

What is the historical evolution of artificial intelligence in financial portfolio management?

How is Al currently applied in financial portfolio management, and what are the main benefits and

limitations associated with its use?

How does Al impact investment decision-makingand risk management in contemporary financial

portfolio management practices?
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What are the future prospects and challenges for Al in financial portfolio management?

4.1 Adaptation and Evolution in Al-baised Portfolio Management

Dynamic
Market
Adjustment

Evolutionary
Computation

Adaptation and
Evolution

Algorithmic
Flexibility

Feedback

Learning

Loop for
bring Strategy
Refnement

Figure 5. Mind map generated from NVivo 12 illustratingthe key concepts of Adaptation and Evo-
lutionin Al-driven Financial Portfolio Management - Computer-Assisted Qualitative Data Analysis

Tool

The mind map above presents several critical factors related to the role of Al in adapting and

evolving financial portfolio management strategies, based on relevant academic publications.

4.1.1 Dynamic Market Adjustment

Markets in the fast-paced world of finance constantly shift to accommodate a multitude of factors,
such as changesin the economy, investor sentiment, and regulatory requirements. In order to re-
main ahead of the competition, portfolio management need to be agile and constantly modify

their plansto safeguard and increase theirinvestments. In today's unpredictable financial environ-

ment, the concept of dynamic market adjustment is crucial for success.

Readjustingassets on a regular basisis essential to portfolio managementas the relationships be-

tween financial instruments change. According to Soleymani and Paquet, "Portfolio management
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continuously reallocates the assets which make up the portfolio in order to maximize return on
investment while minimizing risk."" (Soleymani & Paquet, 2020, p. 1). It's not just about picking
the right assets but knowing when to change course—ensuringyour portfoliois always positioned

for growth while minimizing risk. (Appendix 3.1)

Thanks to advancements in deep learning and reinforcement learning, portfolio managers now
have powerful tools to help them navigate these market changes in real-time. Liu et al. explain
that by integrating " Our approach integrates key macroeconomic indicators and targeted news
sentiment analysis into its framework, capturing a comprehensive picture of market dynamics"
these models can provide a complete view of the factors driving market movements (Liu et al.,
2024, p. 2). This allows for smarter, faster decisions that align with both short-term market shifts

and long-term investment goals. (Appendix 3.1)

But it’s not just external factors like the economy that make dynamic adjustment so important.

Market volatility—the wild ups and downs that investors sometimes face—can disrupt even the
best-laid plans. As Ndikum and Ndikum highlight, markets often behave in unpredictable, "Mar-
kets often behave in unpredictable, 'non-stationary' ways, making adaptability crucial" ways, mak-
ing adaptability crucial (Ndikum & Ndikum, 2024, p. 1). Being flexible in your strategy allows you to

weather the storm and seize opportunities that arise, even in uncertain times. (Appendix 3.1)

Another interesting angle is the idea of evolutionary finance. According to Evstigneev and col-
leagues, stock markets naturally favor strategies that focus on long-term stability, stating that
markets are " The evolutionary stability of portfolio rules ensures that rational, adaptive strategies
dominate in the long run, while irrational strategies are eventually discarded." (Evstigneev et al.,
2006, p. 6). Whileirrational market behavior can temporarily dominate, eventually rational strate-
gies tend to prevail. It’s a balancingact—stayingrational while adjusting quickly to market swings.

(Appendix 3.1)

Dynamic market adjustmentis about stayingagile in a world where change is the only constant. By
embracingadvanced technologies like Al and reinforcement learning, portfolio managers can stay
ahead of the curve, making real-time adjustments that ensure their portfolios remain strong and

aligned with both market conditions and investor goals.
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4.1.2 Algorithmic Flexibility

One of the key strengths of Al systems lies in their algorithmic flexibility, meaning their ability to
incorporate new data in real-time. As Liu et al. (2024, p. 6) highlight: "Our study introduces a
unique algorithmic approach that combines a non-stationary transformer with deep reinforce-
ment learning to tackle market uncertainty.” This approach allows for handling the non-station-

arity of financial markets and responding to unexpected changes in real-time(Appendix 3.2).

Machine learning models integrated into portfolio management allow for the incorporation of var-
ious technical and macroeconomic indicators. Jiang et al. (2020, p. 7) specify: "The portfolio re-
balance framework integrates machine learning models into mean-risk portfolios, allowing dy-
namic adjustment based on market trends." This integration of indicators enables the models to

anticipate market movements and adjust decisions more reactively and accurately (Appendix 3.2).

The results of these approaches show increased flexibility in adjusting portfolio strategies.

Soleymaniand Paquet (2020, p. 4) explain: "Our framework demonstrates that algorithms can dy-
namically adapt to shifting macroeconomic indicators, enhancing long-term performance." This
ability to quickly adjust investment decisions strengthens the resilience of portfolios against eco-

nomic shocks(Appendix 3.2).

One of the great advantages of Al models liesin theirability to handle large state spaces and adapt
in real-time, the ability to handle large state spaces and adaptin real-time is a key advantage of Al-
driven portfolio management. This algorithmic flexibility offers optimized performance, even un-

der uncertain and complex market conditions.

Evolutionary algorithms allow for the continuous improvement of Al strategies in portfolio man-
agement. As Liu et al. (2024, p. 6) explain: "Reinforcement learning algorithms are designed to
evolve, continuously optimizing portfolio strategies by integrating performance data over time."
This evolution capability enables strategies to adjust as new data becomes available (Appendix

3.2).

Furthermore, evolutionary strategies ensure the long-term stability of the market, as described by

Evstigneev et al. (2006, p. 5): "The evolutionary stability of portfolio rules ensures that rational,
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adaptive strategies dominatein thelong run, while irrational strategies are eventually discarded."
This natural selection of the most effective strategies allows for more robust portfolio manage-

ment(Appendix 3.2).

Evolutionary algorithms mimic the process of natural selection by adapting strategies to market
conditions, as highlighted by Evstigneev et al. (2006, p. 7): "Evolutionary computation allows for
dynamicadaptation, where agents improve their strategies through trial and error, mimicking nat-

ural selection." (Appendix 3.2).

4.1.3 Learning from Market Anomalies

Market anomalies, such as financial crises or unexpected events, provide learning opportunities
for Al systems. Garrido-Merchan et al. (2023, p. 8) emphasize the importance of these anomalies
in adjustingstrategies: "Anomalies in financial markets provide opportunities for learning, where
reinforcement learning can adjust and optimize portfolios based on historical data." Al leverages

these events to improve its real-time decisions. (Appendix 3.3).

The gains or losses in capital allow the Al agent to receive continuous feedback for adjustingits de-
cisions. Evstigneev et al. (2006, p. 5) state: "The endogenous wealth increase due to dividends and
the capital gains or losses provides the agent with continuous feedback for learning and improve-
ment." This feedback process enhances decision-makingand strengthens resilience against market

shocks. (Appendix 3.3).

Moreover, as Ayala et al. (2021, p. 7) explain, market movements, often unpredictable, are better
analyzed by machine learning models that detect hidden patterns in these anomalies: "Market
movements are often driven by unpredictable factors, but machine learning models are designed
to identify hidden patterns in these anomalies." This learning capability is crucial for adjusting

strategies in real-time. (Appendix 3.3).

The use of historical and external datasuch as financial news improves portfolio performance. Liu

et al. (2024, p. 5) note: "Such models utilize historical price data and external information such as
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financial news, extracting features to guide portfolio rebalancing." This combined approach pro-
vides a better understanding of market fluctuations and helps adjust decisions accordingly. (Ap-

pendix 3.3).

The integration of feedback loopsin Al systems allows for refining investment strategies based on
obtained results. Jiang et al. (2020, p. 4) explain that: "The portfolio rebalancing strategy inte-
grates feedback from market performance, allowing the agent to adjust risk and return prefer-
ences in real time." This continuous adjustment process is essential for improving decisions at

each step. (Appendix 3.3).

Reinforcement learning systems incorporate these feedback loopsin the decision-making process,
as Liu et al. (2024, p. 7) state: "Deep reinforcement learning frameworks incorporate feedback
loops where agents refine their actions based on historical returns and market conditions." This

adaptability allows for better risk managementin the face of financial market uncertainty. (Appen-

dix 3.3).

The feedback based on portfolio performance helps refine risk and return management strategies.
Ndikum and Ndikum (2024, p. 8) note: "Continuous feedback from portfolio performance enables
the refinement of trading strategies, improving risk management and decision-making." (Appendix

3.3).

Evstigneev et al. (2006, p. 9) add that the market selection process naturally creates feedback

loops thatallow for theimprovement of portfolio rules: "Market selection processes create natu-
ral feedbackloops that allow for the improvement of portfolio rules through adaptive learning."
This process fosters the evolution of investment strategies towards more rational and optimized

decisions. (Appendix 3.3).

4.2 Integrated Reasoning
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Figure 6. Mind map generated from NVivo 12 illustratingthe key concepts of Integrated Reasoning

in Al-driven Financial Portfolio Management - Computer-Assisted Qualitative Data Analysis Tool

4.2.1 Multi-layered Data Integration

One of the key strengths of artificial intelligence (Al) in financial portfoliomanagement isits ability
to integrate data from multiple sources and process it in real-time. This multi-layered integration
enables Al systems to react instantly to market fluctuations and adjust investment strategies ac-
cordingly. The Confidence Weighted Mean Reversion (CWMR) strategy is a great example of this,
as it effectively exploits first- and second-order market information to optimize portfolios. "The
CWMR strategy is able to effectively exploit the power of mean reversion for on-line portfolio selec-

tion" (Li et al., 2013, p. 434). (Appendix 4.1).

In real time, these algorithms dynamically adjust portfolio allocations based on immediate
changes in asset prices. Thisnot only captures short-term market trends but also allows for opti-

mized investment decisions at every moment.

This real-time data processingis enhanced by continuous feedback loops, allowing Al agents to ad-
justrisk and returns based on market performance. "The portfolio rebalancing strategy integrates
feedback from market performance, allowing the agent to adjust risk and return preferences in
real time" (Jiang et al., 2020, p. 4). The results of these dynamic adjustments often outperform
static strategies. Li et al. explain, "Through extensive numerical experiments on a variety of real
testbeds, we show that the proposed CWMR algorithms significantly surpass a number of state-of-

the-art strategies in terms of long-term compound return” (Li et al., 2013, p. 435). (Appendix 4.1).
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4.2.2 Complex Decision-Making Models

Financial decision-making is becoming increasingly complex as markets evolve rapidly. Al plays a
crucial rolein managingthis complexity by using models capable of processing a large number of
variables in real-time. Reinforcement Learning (RL) methods, for instance, allow Al agents to ac-
tively learn from market conditions by trying different trading actions and adjusting their strate-
gies accordingly. As Park et al. (2019) explain, "In RL methods, a learning agent can understand a

complex financial environment by attempting various trading actions and revising its trading ac-

tion policy" (Park et al., 2019, p. 2). (Appendix 4.2).

Ratherthan simply trying to predict market winners, some Al strategies rely on statistical relation-
ships between different stocks to exploit market variations and outperform the best-performing
individual stocks. "Our approach relies on predictable statistical relations between all pairs of

stocks in the market" (Borodin et al., 2004, p. 1). (Appendix 4.2).

Al systems also adapt their decisions based on changing market conditions, constantly evolving
through dynamicrule bases. "The trading rules adapt to changing market conditions, leading to an
evolving rule-base that changes with time" (Ghandar et al., 2009, p. 71). These models are often
enhanced by hybrid systems, which combine artificial neural networks with other techniques to

improve the accuracy of investment forecasts and decisions. (Appendix 4.2).

4.2.3 Predictive Risk Management

Risk management is one of the most critical challenges in portfolio management, and Al offers

powerful tools to proactively anticipate and manage these risks. Al algorithms learn from past and
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present market conditions to establish rules that perform well even in dynamic market environ-
ments. "The system learns to form rules that can perform well in dynamic market conditions"

(Ghandar et al., 2009, p. 71). (Appendix 4.3).

These algorithms often include evolutionary computationtechniques, where strategies are tested,
adjusted, and improved in real-time through a simulated process of natural selection. "Evolution-
ary computation allows for dynamic adaptation, where agents improve their strategies through

trial and error" (Evstigneev et al., 2006, p. 7). (Appendix 4.3).

Moreover, the use of genetic algorithms enables efficient portfolio optimization while minimizing
risks. "The overall learning system incorporates a GA, a niching method, and several other compo-
nents" (Mahfoud & Mani, 1996, p. 545). Strategies such as constant portfolio rebalancing can also
mitigate the risks associated with sudden market fluctuations. "A constant rebalancing strategy

can often take advantage of market fluctuations to achieve a return significantly greater than that

of the best stock" (Borodin et al., 2004, p. 2). (Appendix 4.3).

4.2.4 Strategic Adaptability

One of Al's key advantages in financial portfolio management is its continuous adaptability to

changing market conditions, allowing investors to adjust their strategies in real time to optimize
returns. As Pan et al. (2006) note, "Intelligent finance represents a new direction [...] in the quest
for absolute positive and nontrivial returns in investing and trading” (Pan et al., 2006, p. 1). (Ap-

pendix 4.4).

Strategic adaptabilityin Al relies on evolutionary learning algorithms that continuously refine in-
vestment strategies with each iteration. "The rules adapt to changing market conditions, leading
to an evolving rule-base that changes with time" (Ghandar et al., 2009, p. 71). These algorithms
allow Al systems to react quickly to market fluctuations while improving trading decisions over

time. (Appendix 4.4).
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The integration of machine learninginto trading models allows for real-time adaptation, providing
greater responsiveness to economic changes. "Learning agents can adapt their strategies using
their observed experiences on each real trading day" (Park et al., 2019, p. 2). Ultimately, portfolios
optimized through these systems benefit from continuous dynamic rebalancing to maximize re-
turns while managing risks. "The portfolio is constructed within a dynamic rebalance strategy to
obtain high overall returns while keeping the risk under control" (Jiang et al., 2020, p. 4). (Appendix
4.4).

4.3 Knowledge Discovery in Financial Portfolio Management with Al

Knowledge
Discovery

Feature Al-Driven

Selection for Predictive Decision Data Mining
Portfolio Modeling Support Techniques
Optimization Systems

Pattern
Recognition

in Financial
Data

Figure 7. Mind map generated from NVivo 12 illustratingthe key concepts of Knowledge Discovery

in Al-driven Financial Portfolio Management - Computer-Assisted Qualitative Data Analysis Tool
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In the rapidly evolving world of finance, managing vast amounts of complex data has become es-
sential. Modern portfolio management is no longer just about collecting this data, but about ex-
tractingactionable knowledge from it. Artificial Intelligence (Al) plays a crucial role in this process
through approaches like knowledge discovery. This approach transforms raw data into valuable

insights, helping portfolio managers make informed decisions. Al tools, such as data mining, fea-
ture selection, predictive modeling, and Al-driven decision support systems, are revolutionizing

how portfolio managers optimize their strategies and mitigate risks.

4.3.1 Data Mining Techniques

Data mining techniques are a cornerstone of knowledge discovery in financial portfolio manage-
ment, allowing Al to identify patterns within vast datasets. These techniques enable the recogni-
tion of trends and anomalies that would otherwise remain hidden. Pattern recognition in financial

data is critical for making accurate predictions and enhancing portfolio strategies.

For instance, data mining allows analysts to detect patterns in stock prices, which is crucial for
managingvolatility. These techniques are vital for forecasting and managing the risks associated

with stock price fluctuations.

Another key aspect of pattern recognition is identifying trends that may indicate future market
movements. Al systems can analyze large datasets to detect these trends. "Pattern recognition in
stock prices and volumes plays an important role in forecasting asset performance and market
trends" (Sutiene et al., 2024, p. 3). By identifyingthese trends, Al models can make more informed

decisions on portfolio allocation and risk management. (Appendix 5.1)

Data mining and pattern recognition also help in analyzing large volumes of text-based financial
data. As mentioned, "Al-driven text mining techniques have been effectively used for recognizing
patterns within firm financial reports, offeringinsights into stock performance" (Pan et al., 2006, p.
2). This highlights the importance of combining structured and unstructured data for deeperanaly-

sis. (Appendix 5.1)
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Furthermore, pattern recognition through Al enhances the accuracy of predictions, improving both
short-term and long-term portfolio performance. "Advanced Al techniques, particularly in data
mining and pattern recognition, have shown improved predictive accuracy in financial markets,
contributingto better portfolio managementdecisions" (Bouteina, 2021). These patterns are often

based on historical trends that help forecast market volatility and investment risks. (Appendix 5.1)

Incorporatingthese techniquesinto financial analysis enables the detection of crucial signals that
inform decisions. "Pattern recognition algorithms are increasingly being used to detect anomalies
and trendsin large financial datasets, providing early warnings of market shifts" (Liu et al., 2022, p.
5). By recognizing these signals early, portfolio managers can take preemptive actions to mitigate

potential risks. (Appendix 5.1)

4.3.2 Feature Selection for Portfolio Optimization

In portfolio management, identifying the most important factors influencing portfolio perfor-

mance is crucial. Al helpsin this task through feature selection techniques, which reduce the noise
fromirrelevant data and focus on the mostimpactful elements. This approach allows for the con-
struction of more efficient portfolios and enhances the accuracy of Al models in managing invest-

ments.

Al-based feature selection helpsidentify the key variables that impact asset management, improv-
ing portfolio performance. For example, "Deep learning can optimize an investment portfolio di-
rectly or establish a portfolio that mimics an index with a small set of assets" (Sutiene et al., 2024,
p. 2). This demonstrates how reducing features can simplify portfolio management while main-

taining effectiveness. (Appendix 5.2)

Optimizing portfolio managementalso involves dimensionality reduction, which prevents redun-
dancy and helps detect latent factors in asset prices. "Dimensionality reduction methods can de-
tect latent factors of a broad range of asset prices, which improves the construction of a well -di-

versified portfolio" (Sutiene et al., 2024, p. 2). These techniques lead to better-diversified
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portfolios by considering hidden information that may not be immediately apparent. (Appendix

5.2)

Feature selection not onlyimproves performance but also enhances the generation of additional
alpha byimproving prediction accuracy. "Al techniques can contribute to portfolio managementin
many ways, improving the shortcomings of classical portfolio construction techniquesand extend-

ing the opportunities to generate additional alpha" (Sutiene et al., 2024, p. 1). (Appendix 5.2)

By focusing on the most relevant variables, portfolio managers can enhance out-of-sample perfor-
mance, outperforming traditional approaches. "Al can produce better asset return and risk esti-

mates and solve portfolio optimization problems under complex constraints, resulting in better out -
of-sample Al-based portfolio performance than traditional approaches" (Sutiene et al., 2024, p. 2).

(Appendix 5.2)

4.3.3 Predictive Modeling

Predictive models allow portfolio managers to anticipate market movements by using historical
data. Al excels in this area by creating models that learn from past data to forecast future trends.
These predictions are crucial for adjusting investment strategies in response to changing market

conditions.

Predictive modeling techniques are widely used across various financial domains, including cus-
tomer credit risk evaluation and stock market trends. "ML techniques have been predominantly
used for risk evaluation of customer credit scores and risks along with loan and insurance under-
writing" (Fan et al., 2006, p. 8). This highlights the versatile application of these techniques in risk

management. (Appendix 5.3)
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Al uses predictive models to analyze past data and make forecasts about future asset behavior.
"Researchers in recent years have sought to improve prediction by analyzing unstructured text

from firm financial reports, such as companies’ annual reports" (Pan et al., 2006, p. 1). Unstruc-
tured information, such as company annual reports, provides a rich source of data for analysis. The
Artificial intelligence is able to determine the impact of words and decide is is good or not for a

share for example. (Appendix 5.3)

With Al, portfolio managers can make more informed decisions by detecting market signals before
they become visible to others. "ML-based algorithmic trading models monitor and analyze real-
time data to detect patterns, thereby giving traders a distinct advantage over the market average"
(Fischer & Krauss, 2018, p. 2). This ability to detect trends early offers a significant competitive ad-
vantage. This capacity allow Al to react very quickly but sometime the system share information’s
and doesn’t really understand the meaning of a sentence, so in certain case this could be ineffi-

cient. (Appendix 5.3)

And last but not least, predictive modelsimprove the accuracy of overall economic forecasts, very
important skill in portfolio management. "Predictive analytics has been widely employed in ex-
change rate forecasts, in stock markets, while macroeconomicpredictions and forecasts are key in

portfolio management” (Fischer & Krauss, 2018, p. 5). (Appendix 5.3)

4.3.4 Al-Driven Decision Support Systems

Al-driven decision support systems are transforming how decisions are made by automating the
exploration of financial data. These systems can analyze massive amounts of data in real time,

providing portfolio managers with actionable insights when they are most needed.

One of the key plus of these systems is that they make Al models more transparent and under-
standable. "La nature méme de I'intelligence artificielle rend les décisions plus transparentes et

mieux comprises par les utilisateurs finaux grdce a des systemes explicatifs" (Bouteina et al., 2021,



52

p. 3). Sometimes we don’treally understand why Al act like that, but this helps build trust in the

decisions generated by automated systemes, it’s bring important value to this. (Appendix 5.4)

These systems also offer clear explanations for the decisions made, which is crucial in a field
where decisions must be justified clearly. "We define an explanationasaninformation in a seman-
tically complete format, which is self-sufficient and chosen according to the target audience re-

garding its knowledge" (Bouteina et al., 2021, p. 5). (Appendix 5.4)

(Bouteina, 2021) explore various Explainable Artificial Intelligence (XAl) approaches, emphasizing
the need for transparency in Al systems. Key techniques include model-agnostic methods

like SHapley Additive exPlanations (SHAP) and Local Interpretable Model-agnostic Explana-
tions (LIME), which enhance interpretability across different models, as told (Wang, 2024), “"Ex-
plainable Artificial Intelligence (XAl) has become essential as Al systems increasingly influence criti-
cal domains, demandingtransparency for trust and validation." This quote highlights the necessity
of transparency in Al, especially when these systemsimpact significant areas of society above all in

Finance market and portfolio management.

By automatingthe processing of financial data, Al-driven decision support systems make it easier
to discover relevant insights quickly. "Recent XAl objectives have been defined in the state-of-the-
art, for which specific approaches have been proposed" (Bouteina et al., 2021, p.1). This acceler-
ates decision-making processes in fast-changing financial environments. Thanks to that the Al can
be also more comprehensive with itself and take better decisions. It’s a win-win situation. (Ap-

pendix 5.4)

These systems also make portfolio management processes more transparent by drawing on les-
sons from knowledge discovery and representation learning domains. "In order to make black-
boxes more transparent, XAl approaches should be more inspired and take advantage of past and
recent works in Knowledge and Representation Learning domains” (Bouteina et al., 2021, p.2).

(Appendix 5.4)
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4.4 Collective Behaviour related to the use of Al in financial portfolio manage-
ment
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Figure 8. Mind map generated from NVivo 12 illustratingthe key concepts of Collective Behaviour

in Al-driven Financial Portfolio Management - Computer-Assisted Qualitative Data Analysis Tool

4.4.1 Swarm Intelligence in Financial Markets
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The concept of swarm intelligence is borrowed from nature, where collective behavior in groups
such as swarms of ants or schools of fish leads to optimized decision-making. This concept is ap-
plied to financial markets to explain how the investment decisions of many actors (individuals and
group) interact to create market trends. Al can harness this collective intelligence to adjust portfo-
liosin real-time, especially during when it high volatility ‘s periods like Covid or mor recently USA

election.

Financial markets often follow collective dynamics where simultaneous movements by many in-
vestors. "The collective dynamics of human society can exhibit emergent behaviors, which are of-
ten unpredictable from the standpoint ofindividual actions" (Bianconi et al., 2008, p. 4). This phe-
nomenon is observed during market panics, where many actors adopt similar behaviors in

response to the same events, it could create one big sell for financial title. (Appendix 6.1)

Modeling this type of behavior is essential to better anticipate market trends. "Market partici-

pants, actingindependently, often create patterns of behavior that resemble swarm intelligence,
influencing asset prices collectively" (Bianconi et al., 2008, p. 5). This collective behavior directly
impact asset prices and should be considered in portfolio management in purpose to avoid taking

the wave to late, the objective of that is to have advance on what’s going on. (Appendix 6.1)

These emergent behaviorsin financial markets highlight the importance of modeling collective de-
cision-making in complex environments. "Swarm intelligence models have been increasingly ap-
pliedin financial markets to simulate collective behavior during periods of high volatility" (Bianconi
et al., 2008, p. 6). These models allow portfolio managers to adjust their strategies based on real-

time market behavior. (Appendix 6.1)

One of the advantages of modeling collective behavior with Al is its ability to better understand
the interconnections between investors and their actions. "systems are capable of capturing the
emergent collective behaviorin financial markets, helping to predict future market trends" (Bian-
coni et al., 2008). This ability to capture complex collective behaviors offers a significant advantage
for portfolio managers lookingto optimize theirinvestment strategies. As (Niyazli, 2023) illustrate
"This amalgamation enables the identification of collective irrational behavior, commonly known

as herdingin behavioral finance." This quote points to the phenomenon of herding, which is very
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important for understanding how collective behavior can have a impact in investment decisions

and portfolio management. (Appendix 6.1)

Collective dynamics are not only observed during crises but also during sustained market growth,
where investors follow similar trends. "Emergent collective dynamics can drive both bullish and
bearish market trends, as investors mimic the behavior of others in response to perceived market
movements" (Castellano et al., 2009, p. 4). Understandingthese collective dynamics, in both bull-

ish and bearish markets, is crucial for effective portfolio management. (Appendix 6.1)

4.4.2 Agent-based Modeling in Portfolio Management

The use of Agent-Based Modeling (ABM) in portfolio management has become indispensable for
testingcomplex market behaviors and optimizing asset management. ABM allows for the creation
of autonomousagents thatinteractin a virtual environment, executing various investment strate-
gies, anticipating market trends, and managing risks. These agents are multifunctional and often
equipped with learning mechanisms, such as Reinforcement Learning, to adapt their strategies to

real-time market changes.

One particularly interesting system proposed by Huang & Tanaka in 2022 is the MSPM (Modular-
ized and Scalable Multi-agent Reinforcement Learning-based System for Financial Portfolio Man-
agement), which is based on two types of agents. "MSPM involves two types of asynchronously-
updated modules: Evolving Agent Module (EAM) and Strategic Agent Module (SAM)" (Huang &
Tanaka, 2022). In this system, each EAM is dedicated to a specific asset, analyzing heterogeneous
data such as financial news and historical prices using Deep Q-Networks (DQN). "An EAM takes
heterogeneous data and utilizes a DQN-based agent to produce signal-comprised information"
(Huang & Tanaka, 2022). The SAM, on the other hand, integrates thisinformationto reallocate the
assets within a portfolio. Thanks to this versatility, agents can adapt and be reused as needed, al-

lowing for flexible and scalable portfolio management. (Appendix 6.2)
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In a more advanced version, the Adaptive Predictive Portfolio Management Agent proposed by Ko-
lonin et al. (2023) extends ABM’s progress by introducing experiential learning. "The agent exe-
cutes multiple strategies virtually and selects only a few for real execution" (Kolonin et al., 2023).
This approach enables agents to test different strategies in a virtual environment before applying
them in real-world settings. By leveraging both historical data and social media trends, these
agents can predict market price movements, thereby optimizing the financial performance of the

portfolio. (Appendix 6.2)

Systems like MSPM leverage Reinforcement Learning mechanisms to maximize long-term returns
by continuously adjusting decisions based on market feedback. "The agent in EAM observes state
vt, which consists of the designated asset’s recent n-day historical prices st and sentiment scores
pt" (Z. Huang & Tanaka, 2022). These agents make decisions regarding the buying or selling of fi-
nancial assets based on the received signals. This process enhances accumulated returns and dy-
namically adjusts decisions according to market fluctuations (Huang & Tanaka, 2022). (Appendix

6.2)

Kolonin et al. (2023) also introduced a multi-strategy analysis, where agents simultaneously test
various strategiesin a virtual environment to identify those that yield the best returns. "The multi-
strategy adaptive portfolio managementagent experiments with multiple strategies concurrently
in a virtual environment" (Kolonin et al., 2023). This ability to dynamically adjust asset allocation
based on market conditions optimizes portfolio management while minimizing risks associated

with price fluctuations. (Appendix 6.2)

4.4.3 Herding Behavior Detection

Herding Behavior, a phenomenon where investors imitate the actions of a larger group, is repro-
ducible in portfolio management. It can lead to irrational market movements, often driven by

emotional reactions now rather than fundamentalanalysis. Detecting and understanding herding
behaviorisan essential step for portfolio managers who seek to mitigate its effects and improve
decision-making. Today, artificial intelligence plays a central role in automating the detection of

herding behavior, enabling faster and more precise analysis of these sudden market movements.
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Herding behavioris particularly visible in financial markets, where it causes "significant price dis-
tortions," asnoted by Howard (n.d). In his study, Behavioral Portfolio Management (BPM), he sug-
gests that crowds follow each other, driven by fear of losses and/or social validation, influencing
and dominating market movements. "Emotional investors make their decisions based on what

Daniel Kahneman refers to as System 1 thinking: automatic, loss-avoiding, and quick" (Howard,

n.d.). With advancementsin Al, it has recently become possible to automatically model these be-
haviors through algorithms that capture emotional buying or selling patterns, allowingfor the pre-

vention of herding waves before they become too significant. (Appendix 6.3)

An effective method for detecting herding behaviorinvolves analyzing the correlations and fluctu-
ations in stock prices. According to Bury (2014), "a maximum entropy approach can describe the
complex structure of financial systems and detect collective behaviors such as herding." He further
explains that "pairwise maximum entropy models" are particularly useful for modeling simultane-
ous movements and collective trends in financial markets (Bury, 2014). Artificial intelligence can
automate this analysisin real-time, continuously monitoring market movements to detect abnor-

mal trends, doingso ata speed and scale that traditional methods cannot match. (Appendix 6.3)

Howard (n.d) discusses how general emotion can significantly distort market prices. He argues that
price distortions are measurable and persistent, driven by "emotional reactions of investors to

market events," which are not always based on rational analysis (Howard, n.d). Al algorithms, such
as those based on machine learning, can capture these distortions by analyzing vast amounts of
data, including market sentiments extracted from social media, discussion forums, and news. This
enablestherapididentification of extreme distortion periods caused by collective emotional reac-

tions.

Unlike emotional crowds, Behavioral Data Investors (BDIs) rely on "thorough and extensive analy-
sis of available data," usingwhat Kahneman refers to as System 2 thinking: "effortful, high-concen-
tration, and complex" (Howard, n.d). BDIs are better positioned to detect and exploit inefficiencies
caused by herding behavior, as they focus on long-term, data-driven strategies rather than short-

term emotional responses. By integrating Al into these analyses, BDIs can automate the decision-
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making process, relying on predictive models that anticipate crowd reactions before they lead to
irrational market movements. These systems are among the most advanced in analyzing collective
thinking, as they combine short- and long-term analyses. With Al and deep learning, they learn

and reflect on how a collective thinks and reacts, allowingthem to stay one step ahead and antici-

pate market movements. (Appendix 6.3)

4.4.4 Al-Driven Detection and Management of Market Herding Risks Using Eigenvalue Analysis

In financial portfolio management, the detection and mitigation of collective market risks, such as
herding behavior, is crucial for minimizing systemic risk and improving investment strategies.
Herding behavior, where a large group of investors mimics the actions of others, can lead to sud-
den market fluctuations andirrational price movements. By applying Artificial Intelligence (Al) to
eigenvalue analysis in cross-correlation matrices, it becomes possible to detect these patterns
early and mitigate their impact on portfolios. This approach draws on concepts such as Random
Matrix Theory (RMT) and Wavelet Multiscaling, providing a powerful framework for identifying

genuine correlations while filtering out noise from financial data.

A core method for understanding collective behavior in financial markets is the analysis of cross-
correlation matrices. These matrices capture the relationships between different assets and reveal
the extent to which they move together. In moments of market distress, such as crashes or peri-
ods of high volatility, the correlations between assets often increase significantly, leading to higher
systemic risks.Accordingto Conlon (n.d), Random Matrix Theory (RMT) plays a crucial role in filter-
ing out the noise in these correlation matrices to focus on meaningful patterns: "The RMT filtered
correlation matrix is shown to improve the risk-return profile of a portfolio of Hedge Funds". Al

can be employed to automate this filtering process, enabling the real-time monitoring of market
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conditions. Through eigenvalue analysis, Al models can identify when the largest eigenvalues devi-
ate significantly from their expected distribution, signaling heightened correlation between assets

and potential herding behavior.(Appendix 6.4)

One of the key challenges in detecting herding behavior is distinguishing between normal market
movements and those driven by irrational collective behavior. Al algorithms, particularly those lev-
eraging machine learning (ML), can analyze large datasets in real time, identifying when asset

prices move together more frequently than expected. As highlighted by Kumar (n.d), bio-inspired
algorithms such as Ant Colony Optimization (ACO), "Ants were able to make shorter feasible tours.
Their simulationsdemonstrated that ACO can give good paths for both symmetric and asymmetric
instances of TSP. This algorithm outperformed simulated annealing and demonstrated that ACO
can give good paths for both symmetric and asymmetricinstances of TSP." can be adapted to track
asset price movements and identify the best moments for portfolio rebalancing. In a similar way,
Al algorithms can continuously monitor eigenvalue dynamics in cross-correlation matrices to de-
tect synchronized market behavior. This is particularly effective when applied to high-frequency
tradingdata, where changes in eigenvalue distributions can provide early warning signals of collec-

tive market risks. (Appendix 6.4)

In addition to RMT, the use of Wavelet Multiscalingtechniques can further enhance the detection
of collective behaviors by analyzing correlations across different time scales. Conlon’s research
shows that scaling properties of correlations are essential for risk management: "The scaled corre-
lation matrices are then used as inputs to a portfolio optimization, to judge the effect of time

granularity on Risk Management".(Appendix 6.4)

By applying Al-driven wavelet transforms to financial time series data, portfolio managers can as-
sess the correlation dynamics at various frequencies (e.g., daily, weekly, intraday). This multi-scale
analysis helps identify periods when correlations between assets are abnormally high at certain
time scales, indicating increased collective behavior. Al systems can then automatically adjust
portfolio allocations to mitigate risks during these periods, enhancing both the short-term and

long-term stability of the portfolio.
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One of the most valuable applications of Al in eigenvalue analysis is its potential for early detec-
tion of market crashes. As noted by Conlon (n.d), large eigenvalues often correspond to collective
behaviors that precede significant market downturns: "The relationship between index returns
and relative eigenvalue size is examined, to provide insight on the collective behavior of traders"
Al can continuously monitor the largest eigenvalues in a portfolio’s correlation matrix. When
these eigenvalues grow disproportionately large, it signals that many assets are moving in unison,
which can indicate that herding behavioris pushingthe market toward a crash. In this context, Al-
based systems can issue warnings to portfolio managers, allowing them to reallocate assets to re-

duce exposure to systemic risk. (Appendix 6.4)

By integrating Al with eigenvalue analysis and wavelet multiscaling, portfolio managers can imple-
ment dynamicstrategies to mitigate collective market risks. For example, Al algorithms can trigger
automaticrebalancing of portfolios when certain thresholds in eigenvalue dynamics are crossed.
This ensures that portfolios remain diversified and less exposed to the adverse effects of herding

behavior.

4.5 Memory Augmentation in Al-baised Portfolio Management
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4.5.1 Long-term Data Retention

In financial portfolio management, long-term data retention is crucial for allowing Al models to
track the evolution of market trends over time. Through memory augmentation, Al can store large
volumes of data over extended periods, helping to adjust decisions based on historical perfor-

mance. This capability enhances the robustness of predictions and investment strategies.

As Amagai et al. mention, "In asset management businesses, it is common to operate in the me-
dium to long term due to the increase in operational burden and transaction costs. However, to
compose a longer-term model, the number of usable learning data decreases due to the larger ob-
servation interval of the data; hence, the model performance declines" (Amagai et al., p. 1). To ad-
dress this decline in performance over the long term, Al systems use data augmentation tech-
niques to combine information across different time scales. This allows them to maintain a high
level of generalization ability. "To solve this problem, a data augmentation was conducted by the
combined use of data of multiple time scales, confirming its effectiveness to maintain a better gen-
eralization ability of trained models, even if the target task of machine-learning methods is longer

term" (Amagai et al., p. 1). (Appendix 7.1)

Thus, memory augmentation strengthens portfoliomanagement by using not only short-term data
to rebalance portfolios but also longer-term data. "Data augmentation was applied for portfolio
management, using both main timescale data for rebalancing the portfolio and shorter timescale
data to enlarge the number of learning data" (Amagai et al., p. 2). This approach makes models

more efficient in contexts where data is limited or fragmented. (Appendix 7.1)

Furthermore, memory augmentation allows Al systems to retain data over longer periods, improv-
ing the models'ability to generalize their predictions. "By utilizing memory augmentation, Al mod-
els can retain data over longer periods, allowing systems to improve the generalization ability of

trained models" (Amagai et al., p. 2). (Appendix 7.1)

In financial markets, where data is massive and complex, having efficient memory structures is
crucial. These structures not only store large amounts of data but also ensure rapid access to it. As
Munkhdalai et al. mention, "Efficient memory structures should be able to scale gracefully with the

quantity of information stored, especially in financial markets where large amounts of data must
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be rapidly retrieved" (Munkhdalai et al., p. 1). This ensures that relevant information is available

without delays, a critical feature for portfolio management. (Appendix 7.1)

Memory-augmented neural networks, or MANNS, play a key role in this process by supporting effi-
cient data storage and retrieval. "Memory-augmented neural networks (MANNSs) support efficient
data storage and retrieval operations, ensuring that relevant financial information can be accessed
without delays" (Munkhdalaietal., p. 3). This efficiency enhances the speed of decisions in an en-

vironment where every second counts. (Appendix 7.1)

4.5.2 Historical Memory for Predictive Analysis

The use of historical memory in Al systems strengthens predictive capabilities. By retaining histori-
cal data, Al can identify trends and anticipate future market movements, which is crucial for opti-

mizing financial portfolios.

Memory augmentation enhances predictive analysis by allowing Al to store key financial data

across different time scales, leading to more accurate forecasts. "Memory augmentation supports
better predictive analysis by allowing Al systems to retain key financial data across different time
scales, leading to more accurate forecasts" (Yang et al., p. 4). This approach enables the integra-

tion of historical data into predictive algorithms. (Appendix 7.2)

In particular, MEMGAN systems, which include memory augmentation, can decode historical fi-
nancial data to identify interpretable patterns, aiding in forecasting market trends. "The memory
units within MEMGAN models decode historical financial data into interpretable patterns, which
aids in forecasting market trends" (Yang et al., p. 5). This allows a deeper understanding of market

evolution through past data. (Appendix 7.2)

Al models can thus identify future anomalies by integrating historical data into predictive algo-
rithms, thanks to memoryaugmentation. "By leveraging augmented memory, Al can integrate his-
torical data into predictive algorithms, making it possible to identify future anomalies" (Yang et al.,

p. 6). This process improves risk management for portfolio managers. (Appendix 7.2)
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Pattern recognitionin historical data is a key component of memory augmentation in Al systems.
This allows Al to detect subtle trends that may not be immediately evident in traditional financial
analyses. "Patterns from historical data are extracted by neural memory systems, which enable

better detection of trends and predictive performance in portfolio management" (Amagai et al., p.

3). This pattern recognition ability is crucial for optimizing portfolio management. (Appendix 7.2)

Neural memory models are capable of identifying subtle market patterns that would otherwise go
unnoticed by traditional analysis methods. "Neural memory models help in recognizing subtle mar-
ket patterns, which might otherwise go unnoticed in traditional financial analysis" (Yang et al., p.

5). With this technology, portfolio managers can anticipate future market trends more effectively.

(Appendix 7.2)

4.5.3 Adaptive Learning Systems with Memory Enhancement

Adaptive learning systems augmented with memory allow Al to continuously adjust investment
strategies based on past performances and current market conditions. By retaining information
from previous decisions, these systems improve their ability to quickly react to market fluctua-

tions.

Recurrent neural networks augmented with memory facilitate adaptive learning by retaining past
knowledge and applying it to new financial data. "Recurrent neural networks with augmented

memory mechanisms enable adaptive learning by retaining previous knowledge and applying it to
evolving financial data" (Munkhdalai et al., p. 2). This allows models to better adapt to constant

changes in financial markets. (Appendix 7.3)

Additionally, these memory-augmented models rapidly adaptto market changes by incrementally
learning from past portfolio decisions. "Memory-augmented models rapidly adapt to changes in
financial markets by incrementally learning from past portfolio decisions" (Munkhdalai et al., p. 4).

This process enables more agile and responsive portfolio management. (Appendix 7.3)
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Writing to memory allows systems to store information about past financial conditions, helping
them dynamically adjust investment strategies. "Writing to memory enables the system to store
information about past financial conditions, which helps adjust investment strategies dynamically"
(Yanget al., p. 6). This flexibility enhances portfolio management based on new market data. (Ap-

pendix 7.3)

Finally, incremental learning within memory-augmented models is essential for managing portfo-
lios, as it allows Al to adapt to new market conditions while retainingcritical information from pre-
vious periods. "Incremental learning within memory-augmented models is essential for managing
portfolios, as it allows Al to adapt to new market conditions while retaining critical past infor-

mation" (Munkhdalaietal., p. 6). This continuous learning capability strengthens financial portfo-

lio management. (Appendix 7.3)

4.6 Higher Dimensionality in Financial Portfolio Management with Al
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4.6.1 Feature Selection in High-Dimensional Data

In the realm of portfolio management, the analysis of high-dimensional data has become indispen-
sable, especially with the increasing volume of available data. Al leverages sophisticated techniques
to select the most relevant variables from a large number of dimensions, thereby improving the ac-
curacy of predictive models. The importance of these techniques is highlighted by Fan and Li:
"Technological innovations have revolutionized the process of scientific research and knowledge
discovery. The availability of massive data and challenges from frontiers of research and develop-

ment have reshaped statistical thinking" (Fan & Li, 2006, p. 1).

In many cases, the focus of researchers and financial analysts is not on individual parameters but on
the overall impact of the selected data. "In high-dimensional data mining, it is helpful to distinguish
two types of statistical endeavors. In many machine learning problems, the interests often center
around the classificationerrors, or returns and risks of selected portfolios rather than the accuracy
of estimated parameters” (Fan & Li, 2006, p. 2). Therefore, Al allows filtering and selecting the

most impactful features, facilitating the optimization of investment decisions.

Dimensionality reduction and feature extraction are essential in all high-dimensional mathematical
problems, particularly in financial applications. "Dimensionality reduction and feature extraction
play pivotal roles in all high-dimensional mathematical problems. The intensive computation inher-
ent in these problems has altered the course of methodological development” (Fan & Li, 2006, p.

3). Efficient management of these data allows better use of Al algorithms.

Finally, these challenges arise across various fields, including financial engineering and risk man-
agement: "The challenges of high-dimensionality arise in diverse fields of sciences and the humani-
ties, ranging from computational biology and health studies to financial engineering and risk man-
agement” (Fan & Li, 2006, p. 4).

Principal Component Analysis (PCA) is a widely used method for reducing dimensionality in com-
plex datasets. "Principal Component Analysis (PCA) is widely used in dimensionality reduction to
tackle high-dimensional data and reduce the feature space, thus improving model performance and
simplifying portfolio selection” (Gyamerah et al., 2023, p. 12). PCA helps Al models focus on the

most important features, improving decision-making.
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One of the main advantages of PCA is that it reduces the computational burden of machine learning
models, which is essential when working with large financial datasets. "PCA significantlydecreases
the computational burden of machine learning models by extracting the most relevant features from
the dataset, which makes it a popular method in high-dimensional financial data” (Gyamerah et al.,
2023, p. 15). This allows models to optimize their performance without compromising the quality

of predictions.

Moreover, PCA reduces the risks of overfitting, a common issue with high-dimensional data:
"High-dimensional data often leads to overfitting, and PCA helps to mitigate this issue by focusing
on key components rather than the entire dataset™ (Gyamerah et al., 2023, p. 17). This ensures that
Al models remain robust in the face of market changes.

4.6.2 Handling High-Dimensional Data for Portfolio Optimization

In financial portfolio management, handling large amounts of high-dimensional data is crucial for
optimizing investment strategies. Data must be processed quickly and efficiently to allow managers
to make informed decisions. As Lu et al. point out, "Many financial analyses require timely data to
support time-critical decision making. In this paper, we develop a novel indexing method to reduce
latency of querying high-dimensional data, improving its efficiency in portfolio management™ (Lu

&al., nd.,p.2).

Optimizing financial portfolios often relies on the ability to query and analyze large datasets in real -
time. "We focus on the latency issue and develop a novel method to improve the query processing
speed for high-dimensional financial data in relational databases” (Lu & al., n.d., p. 2). This signif-
icantly reduces the time needed to extract key insights from complex data.

Efficientalgorithmsand models are essential for managing these massive datasets, allowing portfo-
lio managers to act quickly in a constantly changing market environment. "Handling high-dimen-

sional data in financial portfolio management requires efficient algorithms and models capable of
processing vast amounts of variables in real-time" (Lu & al., n.d., p. 4). This improves the accuracy

and efficiency of investment decisions.
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Additionally, the PL-tree indexing method developed by Lu and colleagues offers significant im-
provement in the processing speed of high-dimensional data. "Our novel PL-tree indexing tech-
nique significantly improves the timeliness and performance of high-dimensional data in financial

applications, especially for time-critical decisions” (Lu & al., n.d., p. 5).

4.6.3 Risk Management Using High-Dimensional Data

Risk management in financial markets increasingly requires the use of high-dimensional data.
These large datasets allow better assessment of risks and the identification of hidden patterns. As
Fan and Li note, "The challenges of high-dimensionality in financial engineering often involve as-
sessing risks across large, complex datasets, which requires both innovative algorithms and robust
statistical models™ (Fan & Li, 2006, p. 1).

Al plays a fundamental role in extracting relevant features from these complex datasets, thereby im-
proving the assessment and management of financial risks. "Using machine learning, Al systems
can extract relevant features from high-dimensional data to assess and mitigate financial risks"
(Becker, 2015, p. 12). By processing massive amounts of data, Al systems can detect subtle patterns

and anomalies that may have gone unnoticed.

The importance of methods based on massive data is becoming increasingly evident, with Al sys-
tems able to identify patterns and anomalies in these complex datasets. "The availability of massive
amounts of data in finance necessitates methods like machine learning to process and identify pat-
terns in high-dimensional data for risk management™ (Becker, 2015, p. 25). This ability to detect

hidden risks helps prevent potential financial crises.

By leveraging these high-dimensional datasets, Al systems can significantly enhance financial risk
assessments and identify potential anomalies or risks hidden within complex datasets. "By leverag-
ing high-dimensional data, Al systems can significantly enhance financial risk assessments, identi-

fying potential anomalies or risks hidden in complex datasets™ (Becker, 2015, p. 30).

Detecting anomalies in complex datasets is essential for preventing crises or unforeseen events in

financial markets. Al-driven techniques such as Local Outlier Factor (LOF) and Isolation Forest are
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crucial for identifying these anomalies in high-dimensional data environments. "Al-driven anomaly
detectiontechniques, such as Local Outlier Factor (LOF) and Isolation Forest, are essential for de-

tecting anomalies in high-dimensional financial data, improving risk management™ (Agrawal, n.d.,
p. 3).

These algorithms take into account complex relationships between data points, elements often over-
looked by traditional techniques. "Anomaly detection algorithms, particularly in high-dimensional
spaces, must account for complex relationships between data points that traditional techniques of-
ten overlook™ (Agrawal, n.d., p. 4). This allows for better risk monitoring in volatile market condi-

tions.

By integrating anomaly detection into predictive analytics, financial firms can identify and respond
to risks in real-time, reducing the likelihood of major market disruptions. "By integrating anomaly
detection with predictive analytics, financial firms can identify and respond to risks in real-time,

reducing the likelihood of significant market disruptions™ (Agrawal, n.d., p. 6).

Model-based anomaly detection approaches, such as Support Vector Machines (SVM) and Random
Cut Forest, are particularly effective in high-dimensional datasets for identifying deviations from
expected market behavior. "Model-based anomaly detection approaches, such as Support Vector
Machines and Random Cut Forest, are particularly effective in high-dimensional datasets for iden-

tifying deviations from expected market behavior" (Agrawal, n.d., p. 8).

4.6.4 Machine learning Models for hight-dimensional Data

In the world of financial portfolio management, technological advancements have paved the way
for machine learning models capable of processing vast and complex datasets. These innovations
are transforming how we predict and analyze financial markets in an increasingly dynamic environ-
ment. As Fan and Li emphasize, "Technological innovations have had a deep impact on society and
scientific research. They allow us to collect massive amounts of data at relatively low cost” (Fan &
Li, 2006, p. 1)(0602133v1). The availability of large datasets presents enormous opportunities in

portfolio management but also introduces challenges related to dimensionality and data complexity.
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One of the first hurdles in dealing with large datasets, especially in finance, is normalization, which
ensures that the data is free from systematic biases. As highlighted by Fan and Li, "In the analysis
of microarray data, one of the first statistical challenges is to remove systematic biases, which is
collectively referred to as normalizationinthe literature” (Fan & Li, 2006, p. 4). This step is critical
to ensure that financial models produce reliable forecasts, particularly when dealing with large, di-
verse datasets. (Appendix 8.4)

Among the many tools available for managing complex, high-dimensional financial data, Support
Vector Machines (SVMs) stand out. As Rubio Adeva notes, these models "optimize a line that is
furthest from two data classes, which helps manage the complexity of high-dimensional datasets"
(Rubio Adeva, 2023, p. 22). This ability to separate data points effectively is incredibly valuable in
portfolio management, where distinguishing between meaningful financial signals and random mar-

ket noise is key to making sound investment decisions. (Appendix 8.4)

Furthermore, the integration of artificial intelligence (Al) into financial portfolio management adds
significant value, particularly in terms of security and predictive accuracy. As Agrawal explains,
"Al systems can quickly identify suspicious activities that deviate from the norm by training ma-
chine learning algorithms on large datasets of normal and malicious behavior” (Agrawal, n.d., p. 3).
In portfolio management, these Al-driven systems can help mitigate risks by flagging anomalies in

transactions or unexpected market fluctuations. (Appendix 8.4)

The use of neural networks in financial data analysis is also gaining traction. As Rubio Adeva
points out, "The neural network achieved both the best AUC-ROC (0.889) and the best average pre-
cision (0.192), indicating its superior performance in dealing with high-dimensional data" (Rubio
Adeva, n.d., p. 3). This high level of performance makes neural networks particularly valuable in
portfolio management, where accurate predictions of returns are crucial for optimizing asset alloca-

tion and managing risks. (Appendix 8.4)

Finally, techniques like Principal Component Analysis (PCA) are often used to reduce dimen-

sionality and enhance model performance. Agrawal notes, "Dimensionality reduction methods such
as Principal Component Analysis (PCA) or Autoencoders may be used to reduce the number of di-
mensions, helping to alleviate the curse of dimensionality" (Agrawal, n.d., p. 3). This is especially

relevant in portfolio management, where many financial variables interact in complex ways, and



70

reducing the data to its most essential components can improve efficiency and decision-making.
(Appendix 8.4)

5 Discussion
5.1 Limitations, reliability and validity

The use of artificial intelligence (Al) for financial portfolio analysis and management has expanded
rapidlyin recent years. However, while algorithms have been developed to assist professionals in
analyzing massive amounts of data, the application of advanced techniques such as deep learning,
integrated reasoning, and memory augmentation remains relatively recent in this field. Despite

numerous tests and promising results, these Al systems remain largely limited to robo-advisor

roles. They are not yet capable of fully autonomously managing a financial portfolio, particularly
for large-scale commercial purposes. Al systems developed in recent years, such as MEMAPM, are
primarily used for research purposes and have been tested on historical data rather than in real -
time market scenarios. This limited application makes it challenging to claim with certainty that

these systems will operate at 100% efficiency in dynamic, real-world conditions.

In terms of reliability, the approaches employed in this thesis rely on secondary data, primarily
derived from academic publications and industry reports. These sources were carefully selected,
prioritizingthe most recent and relevant publicationsto ensure consistency in the data collection
and analysis process. The sources used were verified for credibility, and the consistency of the fin-

dings was validated through a systematic approach to selecting relevant publications.

To ensure the validity of this research, the methodologies used for selecting publications and con-
ductingthe analysis were designed with rigor. The goal was to ensure that the conclusions regar-

ding Al's impact on financial portfolio management are based on solid, transparent foundations.
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Furthermore, all sources used in this study have been properly cited to avoid any issues of plagia-
rism and to maintain the academicintegrity of the work. While limitations do exist, this study pro-
vides a comprehensive overview of the evolution and use of Al in financial portfolio management,

highlighting both technological advances and future challenges.

5.2 Answering the research questions

Throughout this research, these main questions were asked by the author:

RQ1: What s the historical evolution of artificial intelligence in financial portfolio management?

RQ2: How is Al currently applied in financial portfolio management, and what are the main bene-

fits and limitations associated with its use?

RQ3: How does Al impact investment decision-making and risk management in contemporary fi-

nancial portfolio management practices?

RQ4: What are the future prospects and challenges for Al in financial portfolio management?

The integration of artificial intelligence (Al) into financial portfolio management has progressively
expanded over several decades. Initially limited to simple rule-based models and algorithms, Al
started gaining momentum with increased computational power and the ability to process large
amounts of data. In the early 2000s, the first Al applicationsin portfolio management were mainly
focused on predictive analysis, using tools like neural networks. The true transformation occurred
with the advent of machinelearningand deep learning, which significantly enhanced the accuracy
of forecasts and the automation of decision-making processes. These innovations have paved the
way for more extensive Al usage in the financial sector, marking key milestonesinits evolution, as

Al continues to evolve rapidly today

Today, Al is widely used in portfolio management through automationtools, real-time data analy-
sis, and risk management systems. Al-powered portfolio platformsallow managersto process vast

volumes of data from various sources, such as economic trends, financial news, and even social
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media sentiment. These systems offer significant advantages in terms of speed, accuracy, and the
ability to identify complex patternsin market data. However, there are limitations, mainly due to
the reliance on historical data used to train Al models, which may restrict these systems' ability to
predict unprecedented or extreme events. Additionally, while Al can automate many tasks, it can-

not fully replace human expertise, particularly in complex decision-making processes

Al has transformed investment decision-making by providing portfolio managers with real-time
data analysis tools to make informed decisions. Predictive Al models can detect emerging trends
and market anomalies, enabling managers to anticipate market movements and react proactively.
In risk management, Al continuously monitors market conditions, allowing portfolios to be ad-

justed in real-time to maintain an optimal risk level. However, while Al enhances risk management
capabilities, it also introduces specificrisks, such as model risk, where assumptions underlying the

models may not accurately reflect real market conditions

The future of Al in financial portfolio management looks promising, with numerous innovations
underway. Advances in fields such as deep learning and reinforcement learning are poised to
make portfolio management systems even more autonomous and efficient. The integration of
new data sources, including non-financial information like ESG (environmental, social, and govern-
ance) data, is expected to further enhance Al's capabilities in portfolio optimization. However, Al
faces significant challenges, particularly in terms of regulation, ethics, and model transparency.
Additionally, ensuring that Al systems continue to be overseen by human experts will be crucial to

avoid potentially risky or biased automated decisions

5.3 Dialogue between key results and knowledge base

Zhang and Chen (2017) highlight the use of artificial intelligence (Al) algorithms to optimize portfo-
lio selection, particularly through the "spectral clustering" (SC) method. | acknowledge that this

method offers advantagesin analyzing stock relationshipsand can improve decision-making. How-
ever, itisimportant to note that, despite these advances, Al algorithms in portfolio management

are not yet fully autonomous. As | found in my own research, these systems mainly function as
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"Robo-Advisors" rather than fullyindependent portfolio managers. Their effectiveness relies heav-
ily onthe use of historical data, and theirreal-time applicationremains limited. Thus, while the Al
described by Zhang and Chen enhances portfolio performance, it does not yet fully replace human
managers in real-time commercial contexts. Sutiene et al. (2024) examine traditional risk manage-
ment methods, such as the Sharpe ratio, and introduce sentiment analysis through Al tools. My
research confirms that these tools play a crucial role in real-time decision-making. However, as |
highlighted in my analysis, the transparency of decisions made by these algorithms remains a chal-
lenge. The importance of "explainable Al," as emphasized by Sutiene et al., is paramount. Inves-
tors and regulators need to understand how these decisions are made, especially when large vol-
umes of data are analyzed. | also observed that this lack of transparency limits the widespread

adoption of Al systems in portfolio management.

Vidler (2024) explores the use of Al-based recommender systems to enhance portfolio manage-
ment. While these systems are effective in providing data-driven recommendations, | found that
they do not yet rival human decision-making when it comes to integrating complex macroeco-
nomic factors or unexpected market events. Recommender systems still need to adapt to the intri-
cacies of financial markets, particularly regarding volatility and collective behavior. However, |
agree with Vidler on the growing importance of knowledge-based systems, though significant chal-
lenges remain in making these systems more robust and explainable. Liu et al. (2024) focus on the
impact of Robo-Advisors and algorithmic trading strategies in wealth management. Their study
highlights the advantages of Al in analyzinglarge datasets to optimize decision-making. However,
based on my research, although Robo-Advisors are useful, they are still mainly focused on optimiz-
ing strategies based on historical data rather than real-time information. These systems are still
primarily usedin a research context, and their real-time effectiveness has yet to be fully demon-
strated. Additionally, issues related to data quality and algorithm transparency remain significant
challenges before these systems can be fully autonomous in commercial environments. While Liu
et al. foresee a promising future for these technologies, | believe substantial adjustments will be

needed before they can be widely adopted.

5.4 Compliance with research ethics guidelines

This research examined the application of artificial intelligence in financial portfolio management

using secondary data from relevant publications. Throughoutthis study, | took care to ensure that
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the research adhered to ethical guidelines. Since this study relied on secondary data analysis, the

primary ethical considerations focused on data privacy and confidentiality.

Firstly, the data used was sourced from reliable sources, including academic literature, govern-
mental reports, and news articles. All sources were properly referenced to ensure compliance with
copyright regulations. Moreover, | would like to emphasize that no copyrighted or intellectual

property-protected information was incorporated into this work.

Secondly, | took care to minimize any potential risks arising from the use of sensitive information,
particularly concerning personal data. To reduce these risks, only widely available and published
data was used, and no human data was involved. | made sure not to employ any statistics linked to

individual identities or specific groups to ensure complete risk mitigation.

Thirdly, | took measures to maintain data confidentiality by storingall informationin a secure loca-
tion with limited access. | did not share any data with third parties without the appropriate per-
missions, and | ensured that any data that could be traced back to individualsor organizations was

anonymized.

Finally, beingaware of the potentiallimitations and challenges of using secondary data, | mitigated
these risks by cross-checking data from different sources and analyzing the data with a critical and

unbiased approach.

6 Conclusions

6.1 Key Findings

The key findings of my study highlight several significant developmentsin the integration of artifi-
cial intelligence (Al) into financial portfolio management. These findings demonstrate both the po-

tential and limitations of Al as a transformative force in this sector.
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Dynamic Market Adjustment: One of the critical findings is that Al-driven systems enable
portfolios to adapt dynamically to market changes. By leveraging algorithms designed to
adjust continuously in response to market fluctuations, these systems can maintain an op-
timized balance between returns and risks. This dynamic adjustment allows portfolio ma-
nagers to react quickly to unforeseen eventsin the financial markets, enhancingthe flexibi-

lity and resilience of portfolios.

Algorithmic Flexibility: Al systems also provide a high degree of algorithmic flexibility. This
adaptability ensures that portfolio strategies can evolve as new data becomes available.
These algorithms continuously learn from historical patterns and market anomalies, allo-
wing them to refine their decision-making processes. However, the challenge remains in

ensuringthe transparency and explainability of these Al-driven decisions, particularly for

investors and regulators.

Predictive Risk Management: Al’s ability to predict risks more accurately is another key
outcome. By analyzing large datasets and identifying potential market risks, Al can help
portfolio managers preemptively adjust their strategies to mitigate exposure. This capabi-
lity is especially relevant in managing high-volatility environments where timely decision-

making is critical.

Integrated Reasoning and Complex Decision-Making: Al systems are increasingly adept at
integrating multiple layers of financial data to support complex decision-making. By

synthesizinginformation from diverse sources, including market reports and macroecono-
mic data, Al tools facilitate more informed investment decisions. Thisintegration allows for

better portfolio optimization by considering various factors simultaneously.

Higher Dimensionality and Data Management: The study highlights the growing impor-
tance of managinghigh-dimensionalfinancial data. Al excels in processing vast amounts of
data that contain numerous variables, makingit particularly valuable in financial modeling
and portfolio optimization. However, the challenge lies in managing this complexity wi-

thout losing sight of the essential features that drive portfolio performance.
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e Knowledge Discovery: Al hasrevolutionized knowledge discovery in portfolio management
by employingtechniques like data miningand predictive modeling. These tools help unco-
ver hidden patternsin financial data that can inform better investment decisions. This dis-
covery process enhances portfolio optimization by identifying opportunities and risks that

would otherwise go unnoticed using traditional methods.

6.2 Managerial implications

The findings of this study have significant implications for portfolio managers, especially as artifi-
cial intelligence (Al) becomes more integrated into financial portfolio management. Based on the

key insights from this research, the following recommendations are offered:

Al has provenits ability to enhance portfolio management processes, particularly in optimizing as-
set allocation and portfolio selection. Managers shouldinvest in Al technologies, such as machine
learning models and neural networks, which allow for the analysis of vast datasets and enable fas-
ter, more informed decision-making. Integrating Al will lead to overall improved portfolio perfor-

mance while helping to mitigate risks.

Leveraging Al in risk management is crucial for increasing both precision and efficiency. Portfolio
managers should use Al models to monitor marketsin real-time and adjust strategies accordingly.
This real-time adaptability enhances risk management in volatile and uncertain environments. In
particular, machine learningalgorithms help anticipate market anomalies and allow managers to

adjust portfolios proactively.

One of the key challenges identifiedin this studyis the transparency of Al-driven decisions. It’s es-
sential for portfolio managersto adopt explainable Al models to ensure that decisions are not only
understandable to themselves but also to regulators and clients. This will build trust in Al systems

and encourage broader adoption of these technologies.
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Managers should ensure that their Al systems utilize a wide range of relevant data sources, inclu-
ding macroeconomicindicators, social trends, and social media sentiment. Al excels at analyzing
these non-financial data points, enablingmore optimized decision-making and uncovering new or

overlooked investment opportunities.

Lastly, the study emphasizes the importance of establishing strong governance to oversee the use
of Al'in portfolio management. Managers must ensure that Al systems are used ethically, keeping
in mind the risks associated with algorithmic biases and automated decision-making. This ethical

oversight will help avoid potential pitfalls in the increasing reliance on Al.

6.3 Recommendations for future research

Based on the findings of this study, there are several areas where further research could signifi-
cantly enhance our understanding of the role and potential of artificial intelligence (Al) in financial
portfolio management. These recommendations aim to build upon existing knowledge while ope-

ning new doors for exploration.

First, conductinglongitudinal studiesto examine the long-term impact of Al on portfolio manage-
ment strategies would be invaluable. While this research sheds light on the current applications of
Al, it would be interestingto see how these tools evolve over time, especially as market conditions
change. Such studies could focus on comparingthe long-term performance of Al-driven portfolios
against human-managed ones, revealing the growing capabilities of Al in real-world financial sce-

narios.

Another important avenue for future research involves exploring the ethical considerations and
governance around Al in portfolio management. As Al becomes more autonomousin decision-ma-
king, questions aroundtransparency and accountability become more pressing. Research into the
development of "explainable Al" models—ones that offer clear reasons behind their investment
choices—could address current concerns about the opacity of Al systems. Furthermore, unders-
tanding how evolving regulatory frameworks are shaping Al’s role in finance would provide va-

luable insights into its future potential.
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Exploring Al's ability to handle financial market anomalies and rare eventsis also an area that war-
rants furtherinvestigation. While current Al models are excellent at detecting patternsin large da-
tasets, their ability to adapt during unpredictable market conditions, such as financial crises, re-
mains uncertain. Future research could focus on creating Al models that are resilient and capable

of responding effectively to unexpected market shifts.

Additionally, thereis significant potentialin investigatingthe integration of emerging Al technolo-
gies like reinforcement learning and quantum computing into portfolio management. Reinforce-
ment learning, with its ability to continuously adapt to changing market conditions, could play a
critical role in optimizingdynamicinvestment strategies. Similarly, guantum computing, which can
solve complex optimization problems at an unparalleled scale, holds the promise of revolutioni-
zing how Al processes large financial datasets. Future studies should explore the practical applica-

tions of these technologies and their impact on portfolio performance.

Lastly, Al's ability to incorporate non-traditional data sources—such as social media sentiment or
environmental, social, and governance (ESG) factors—into portfolio management is another pro-
mising area for future research. As ESG criteria become increasingly important to investors, un-

derstanding how Al can analyze and integrate these diverse datasets could give portfolio mana-
gers a distinct advantage. Research in this area could also contribute to the growing field of

sustainable investing.

By focusing on these areas, future research can contribute to a more comprehensive understan-
ding of Al's expandingrolein financial portfolio management, ultimately leading to more efficient,

responsible, and informed decision-making in the industry.
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Appendix 3. Quotes from relevant publications to highlight the evidence

Adaptation and Evolution in Al-driven Financial Portfolio Management

Appendix 3.1: Dynamic Market Adjustment

"Portfolio management aims at maximizing the
return on investment while minimizing risk by
continuously reallocatingthe assets forming the
portfolio" (Soleymani & Paquet, 2021, p. 1).

"Our approach integrates key macroeconomic
indicators and targeted news sentiment analysis
into its framework, capturing a comprehensive
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picture of market dynamics" (Liu et al., 2024, p.
2).

"Markets often behave in unpredictable, 'non-
stationary' ways, making adaptability crucial"
(Ndikum & Ndikum, 2024, p. 1).

"Markets are evolutionary stable if and only if
stocks are evaluated by expected relative divi-
dends" (Evstigneev et al., 2006, p. 450).

"Al can produce better asset return and risk es-
timates and solve portfolio optimization prob-
lems with complex constraints" (Bartram et al.,
2020, p. 3).

Appendix 3.2: Algorithmic Flexibility

"Our study introduces a unique algorithmic ap-
proach that combines a non-stationary trans-
former with deep reinforcement learning to
tackle market uncertainty.” (Liu et al. 2024, p. 6)

"The portfolio rebalance framework integrates
machine learning models into mean-risk portfo-
lios, allowing dynamic adjustment based on mar-
ket trends.” (Jiang et al. 2020, p. 7)

"Our framework demonstrates that algorithms
can dynamically adapt to shifting macroeco-
nomic indicators, enhancing long-term perfor-
mance." (Soleymani et Paquet 2021, p. 4)

"Reinforcement learning algorithms are designed
to evolve, continuously optimizing portfolio
strategies by integrating performance data over
time." (Liu et al. 2024, p. 6)

"The evolutionary stability of portfolio rules en-
sures that rational, adaptive strategies dominate
in the long run, while irrational strategies are
eventually discarded.” (Evstigneev et al. 2006, p.
5)

Appendix 3.3: Learning from Market Anoma-
lies

"Anomalies in financial markets provide oppor-
tunities for learning, where reinforcement learn-
ing can adjust and optimize portfolios based on
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historical data.” (Garrido-Merchanet al. 2023, p.
8)

"The endogenous wealth increase due to divi-
dends and the capital gains or losses provides the
agent with continuous feedback for learning and
improvement.” (Evstigneev et al. 2006, p. 5)

"Market movements are often driven by unpre-
dictable factors, but machine learning models are
designed to identify hidden patterns in these
anomalies.” (Ayala et al. 2024, p. 7)

"Such models utilize historical price data and ex-
ternal information such as financial news, ex-
tracting features to guide portfolio rebalancing."
(Liu et al. 2024, p. 5)

"The portfolio rebalancing strategy integrates
feedback from market performance, allowing the
agent to adjust risk and return preferences in real
time.” (Jiang et al. 2020, p. 4)

"Deep reinforcement learning frameworks incor-
porate feedback loops where agents refine their
actions based on historical returns and market
conditions.” (Liu et al. 2024, p. 7)

"Continuous feedback from portfolio perfor-
mance enables the refinement of trading strate-
gies, improving risk management and decision-
making." (Ndikum et Ndikum 2024, p. 8)

"Market selection processes create natural feed-
back loops that allow for the improvement of
portfolio rules through adaptive learning."
(Evstigneev et al. 2006, p. 9)

Appendix 4. Quotes from relevant publications to highlight the evidence of Figure
6

Integrated Reasoning in Al-driven Financial Portfolio Management
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Appendix 4.1: Multi-layered Data Integration

"The CWMR strategy is able to effectively ex-
ploit the power of mean reversion for on-line
portfolio selection” (Li et al. 2011, p. 434).

"On-line portfolio selection aims to determinea
practical strategy for investing wealth among a
set of assets to achieve some financial objec-
tives in the long run" (Li et al. 2013, p. 434).

"The portfolio rebalancing strategy integrates
feedback from market performance, allowing
the agent to adjust risk and return preferences
in real time" (Jiang et al. 2020, p. 4).

"Through extensive numerical experiments on
a variety of real testbeds, we show that the pro-
posed CWMR algorithms significantly surpass
a number of state-of-the-art strategies in terms
of long-term compound return™ (Li et al. 2011,
p. 435).

Appendix4.2: Complex Decision-Making Mod-
els

"In RL methods, a learning agent can under-
stand a complex financial environment by at-
tempting various trading actions and revising
its trading action policy" (Park et al. 2019, p.
2).

"Our approach relies on predictable statistical
relations between all pairs of stocks in the mar-
ket" (Borodin et al. 2003, p. 1).

"The trading rules adapt to changing market
conditions, leading to an evolving rule-base
that changes with time™ (Ghandar et al. 2009, p.
71).

Appendix 4.3: Predictive Risk Management

"The system learns to form rules that can per-
form well in dynamic market conditions"
(Ghandar et al. 2009, p. 71).

"Evolutionary computation allows for dynamic
adaptation, where agents improve their strate-
gies through trial and error” (Evstigneev et al.
2006, p. 7).

"The overall learning system incorporates a
GA, a niching method, and several other com-
ponents” (Mahfoud et Mani 1996, p. 545).

"A constant rebalancing strategy can often take
advantage of market fluctuations to achieve a
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return significantly greater than that of the best
stock™ (Borodin et al. 2003, p. 2).

Appendix 4.4: Strategic Adaptability "Intelligent finance represents a new direction
[...] in the quest for absolute positive and non-
trivial returns in investing and trading™ (Pan et
al. 2006, p. 1).

"The rules adapt to changing market condi-
tions, leading to an evolving rule-base that
changes with time" (Ghandar et al. 2009, p.
71).

"Learning agents can adapt their strategies us-
ing their observed experiences on each real
trading day" (Park et al. 2019, p. 2).

"The portfoliois constructed within a dynamic
rebalance strategy to obtain high overall re-
turns while keeping the risk under control"
(Jiang et al. 2020, p. 4).

Appendix 5. Quotes from relevant publications to highlight the evidence of Figure
7

Knowledge Discovery in Financial Portfolio Management with Al

Appendix 5.1: Data Mining Techniques "Machine learning approaches, particularly text
mining techniques, have been implemented to
predict stock return volatility, thus taking ad-
vantage of the availability of large amounts of
unstructured data such as firm financial re-
ports” (Fan et al. 2022, p. 1).

"Most existing studies develop simple but ef-
fective models to analyze text, such as diction-
ary-based matching algorithms that use a set of
manually constructed keywords" (Fan et al.
2022, p. 1).
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"In fact, researchers and practitioners have
been exerting tremendous effort to predict vol-
atility using various types of data” (Fan et al.
2022, p. 1).

"Predicting stock return volatility is the key to
investment and risk management” (Fan et al.
2022, p. 1).

"Pattern recognition in stock prices and vol-
umes plays an important role in forecasting as-
set performance and market trends" (Sutiene et
al. 2024, p. 3).

"Al-driven text mining techniques have been
effectively used for recognizing patterns within
firm financial reports, offering insights into
stock performance” (Fan et al. 2022, p. 2).

"Advanced Al techniques, particularly in data
mining and pattern recognition, have shown
improved predictive accuracy in financial mar-
kets, contributing to better portfolio manage-
ment decisions" (Bouteina et al., 2021, p.2).

"Pattern recognition algorithms are increas-
ingly being used to detect anomalies and trends
in large financial datasets, providing early
warnings of market shifts” (Liu et al. 2022, p.
5).

Appendix 5.2: Feature Selection for Portfolio
Optimization

"Deep learning can optimize an investment
portfolio directly or establish a portfolio that
mimics an index with a small set of assets"
(Sutiene et al. 2024, p. 2).

"Dimensionality reduction methods can detect
latent factors of a broad range of asset prices,
which improves the construction of a well-di-
versified portfolio” (Sutiene et al. 2024, p. 2).

"Al techniques can contribute to portfolio man-
agement in many ways, improving the short-
comings of classical portfolio construction
techniques and extending the opportunities to
generate additional alpha" (Sutiene et al. 2024,

p. 1).
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"Al can produce better asset return and risk es-
timates and solve portfolio optimization prob-
lems under complex constraints, resulting in
better out-of-sample Al-based portfolio perfor-
mance than traditional approaches” (Sutiene et
al. 2024, p. 2).

Appendix 5.3: Predictive Modeling

"ML techniques have been predominantly used
for risk evaluation of customer credit scores
and risks along with loan and insurance under-
writing” (Fan et al. 2006, p. 8).

"Researchers in recent years have sought to im-
prove prediction by analyzing unstructured text
from firm financial reports, such as companies’
annual reports™ (Fan et al. 2022, p. 1).

"ML-based algorithmic trading models monitor
and analyze real-time data to detect patterns,
thereby giving traders a distinct advantage over
the market average" (Fischer & Krauss, 2018, p.
2).

"Predictive analytics has been widely employed
in exchange rate forecasts, in stock markets,
while macroeconomic predictions and forecasts
are key in portfolio management" (Fischer &

Krauss, 2018, p. 8).

Appendix 5.4: Al-Driven Decision Support Sys-
tems

"La nature méme de l'intelligence artificielle
rend les décisions plus transparentes et mieux
comprises par les utilisateurs finaux grace a des
systéemes explicatifs" (Bouteina, 2021).

"We define an explanation as an information in
a semantically complete format, which is self-
sufficient and chosen according to the target
audience regarding its knowledge" (Bouteina,
2021).

"Recent XAl objectives have been defined in
the state-of-the-art, for which specific ap-
proaches have been proposed” (Bouteina,
2021).

"In order to make black-boxes more transpar-
ent, XAl approaches should be more inspired
and take advantage of past and recent works in
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Knowledge and Representation Learning do-
mains" (Bouteina, 2021).

Appendix 6. Quotes from relevant publications to highlight the evidence of Figure

8

Collective Behaviour in Financial Portfolio Management with Al

Appendix 6.1: Swarm Intelligence in Financial
Markets

"The collective dynamics of human society
can exhibit emergent behaviors, which are of-
ten unpredictable from the standpoint of indi-
vidual actions™ (Bianconi et al. 2023, p. 4).

"Market participants, acting independently, of-
ten create patterns of behavior that resemble
swarm intelligence, influencing asset prices
collectively™ (Bianconi et al. 2023, p. 5).

"Swarm intelligence models have been increas-
ingly applied in financial markets to simulate
collective behavior during periods of high vola-
tility" (Bianconi et al. 2023, p. 6).

"Al systems are capable of capturing the emer-
gent collective behavior in financial markets,
helping to predict future market trends™ (Bian-
coni et al. 2023, p. 7).

"Emergent collective dynamics can drive both
bullish and bearish market trends, as investors
mimic the behavior of others in response to
perceived market movements” (Castellano et
al. 2009, p. 4)

Appendix 6.2: Agent-based Modelingin Portfo-
lio Management

"MSPM involves two types of asynchronously-
updated modules: Evolving Agent Module
(EAM) and Strategic Agent Module (SAM)" (Z.
Huang & Tanaka, 2022,p. 1)

"An EAM takes heterogeneous data and uti-
lizes a DQN-based agent to produce signal-
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comprised information" (Z. Huang & Tanaka,
2022, p. 2).

"The agent executes multiple strategies virtu-
ally and selects only a few for real execution"
(Kolonin et al., 2023, p. 1)

"The agent in EAM observes state vt, which
consists of the designated asset’s recent n-day
historical prices st and sentiment scores pt" (Z.
Huang & Tanaka, 2022, p. 5).

"The multi-strategy adaptive portfolio man-
agement agent experiments with multiple
strategies concurrently in a virtual environ-
ment" (Kolonin et al., 2023, p. 8).

Appendix 6.3: Herding Behavior Detection

""Emotional investors make their decisions
based on what Daniel Kahneman refers to as
System 1 thinking: automatic, loss-avoiding,
and quick"(Howard, n.d.) p.5.

"a maximum entropy approach can describe
the complex structure of financial systems and
detect collective behaviors such as herd-
ing."(Bury, 2014)p.113.

" Emotional investors make their decisions
based on what Daniel Kahneman (Thinking,
Fast and Slow, 2012) refers to as System 1
thinking: automatic, loss-avoiding and quick,
with little or no effort and no sense of volun-
tary control. On the other hand, BDIs make
their decisions using thorough and extensive
analysis of available data. BDIs use what
Kahneman refers to as System 2 thinking: ef-
fortful, high-concentration and complex.
"(Howard, n.d.)p.5.

Appendix 6.4: Al-Driven Detection and Man-
agement of Market Herding Risks Using Eigen-
value Analysis

"The RMT filtered correlation matrix is shown
to improve the risk-return profile of a portfolio
of Hedge Funds". (Conlon, n.d.)p.46

"Ants were able to make shorter feasible tours.
Their simulations demonstrated that ACO can
give good paths for both symmetric and asym-
metric instances of TSP. This algorithm outper-
formed simulated annealing and demonstrated
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that ACO can give good paths for both symme-
tric and asymmetric instances of TSP."(Kumar,
n.d.)p.19.

"The scaled correlation matrices are then used
as inputs to a portfolio optimization, to judge
the effect of time granularity on Risk Manage-
ment"(Conlon, n.d.) p.5.

"The relationship between index returns and
relative eigenvalue size is examined, to pro-
vide insight on the collective behavior of tra-
ders"(Conlon, n.d.) p.6

Appendix 7. Quotes from relevant publications to highlight the evidence of Figure
9
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Memory Augmentation in Financial Portfolio Management with Al

Appendix 7.1: Long-term Data Retention

In asset management businesses, it is common
to operate in the medium to long term due to
the increase in operational burden and transac-
tion costs.” (Amagai et al. 2023, p. 1)

"To solve this problem, a data augmentation
was conducted by the combined use of data of
multiple time scales, confirming its effective-
ness to maintain a better generalization ability
of trained models.” (Amagai et al. 2023, p. 1)

"Data augmentation was applied for portfolio
management, using both main timescale data
for rebalancing the portfolio and shorter time-
scale data to enlarge the number of learning
data.” (Amagai et al. 2023, p. 2)

"By utilizing memory augmentation, Al models
can retain data over longer periods, allowing
systemsto improve the generalization ability of
trained models.” (Amagai et al. 2023, p. 2)

"Efficient memory structures should be able to
scale gracefully with the quantity of infor-
mation stored, especially in financial markets
where large amounts of data must be rapidly
retrieved." (Munkhdalai et al. 2006, p. 1)

"Memory-augmented neural networks
(MANNS) support efficient data storage and re-
trieval operations, ensuring that relevant finan-
cial information can be accessed without de-
lays." (Munkhdalai et al. 2006, p. 3)

"The augmentation of neural networks with ex-
ternal memory improves data retrieval pro-
cesses, which are critical for managing large-
scale financial portfolios." (Munkhdalai et al.
2006, p. 4)

Appendix 7.2: Historical Memory for Predictive
Analysis

"Memory augmentation supports better predic-
tive analysis by allowing Al systems to retain
key financial data across different time scales,
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leading to more accurate forecasts.” (Yang et
al. 2023, p. 4)

"The memory units within MEMGAN models
decode historical financial data into interpreta-
ble patterns, which aids in forecasting market
trends.” (Yang et al. 2023, p. 5)

"By leveraging augmented memory, Al can in-
tegrate historical data into predictive algo-
rithms, making it possible to identify future
anomalies.” (Yang et al. 2023, p. 6)

"Memory-augmented neural networks facilitate
learning from past financial data, allowing for
more accurate market predictions.” (Munkhda-
lai et al. 2006, p. 7)

"Patterns from historical data are extracted by
neural memory systems, which enable better

detection of trends and predictive performance
in portfolio management.” (Amagai et al. 2023,

p. 3)

"Neural memory models help in recognizing
subtle market patterns, which might otherwise
go unnoticed in traditional financial analysis."
(Yang et al. 2023, p. 5)

"Al systems using augmented memory excel at
recognizing long-term patterns in financial da-
tasets, improving the prediction of future mar-
ket behavior." (Munkhdalai et al. 2006, p. 6)

Appendix 7.3: Adaptive Learning Systems with
Memory Enhancement

"Recurrent neural networks with augmented
memory mechanisms enable adaptive learning
by retaining previous knowledge and applying
it to evolving financial data.” (Munkhdalai et
al. 2006, p. 2)

"Memory-augmented models rapidly adapt to
changes in financial markets by incrementally
learning from past portfolio decisions.”
(Munkhdalai et al. 2006, p. 4)

"Writing to memory enables the system to store
information about past financial conditions,
which helps adjust investment strategies dy-
namically.” (Yang et al. 2023, p. 6)
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"Incremental learning within memory-aug-
mented models is essential for managing port-
folios, as it allows Al to adapt to new market
conditions while retaining critical past infor-
mation.” (Munkhdalai et al. 2006, p. 6)

Appendix 8. Quotes from relevant publications to highlight the evidence of Figure

10

Higher Dimensionality in Financial Portfolio Management with Al

Appendix 8.1: Feature Selection in High-Di-
mensional Data

"Technological innovations have revolution-
ized the process of scientific research and
knowledge discovery. The availability of mas-
sive data and challenges from frontiers of re-
search and development have reshaped statisti-
cal thinking" (Fan and Li 2006, p. 1).

"In high-dimensional data mining, it is helpful
to distinguish two types of statistical endeav-
ors. In many machine learning problems, the
interests often center around the classification
errors, or returns and risks of selected portfo-
lios rather than the accuracy of estimated pa-
rameters™ (Fan and Li 2006, p. 2).

"Dimensionality reduction and feature extrac-
tion play pivotal roles in all high-dimensional
mathematical problems. The intensive compu-
tation inherent in these problems has altered the
course of methodological development” (Fan
and Li 2006, p. 3).

"The challenges of high-dimensionality arise in
diverse fields of sciences and the humanities,
ranging from computational biology and health
studies to financial engineering and risk man-
agement” (Fan and Li 2006, p. 4).

"Principal Component Analysis (PCA) is
widely used in dimensionality reduction to
tackle high-dimensional data and reduce the
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feature space, thus improving model perfor-
mance and simplifying portfolio selection”
(Gyamerah et al. 2023, p. 12).

"PCA significantly decreases the computational
burden of machine learning models by extract-
ing the most relevant features from the dataset,
which makes it a popular method in high-di-
mensional financial data" (Gyamerah et al.
2023, p. 15).

"High-dimensional data often leads to overfit-
ting, and PCA helps to mitigate this issue by
focusing on key components rather than the en-
tire dataset" (Gyamerah et al. 2023, p. 17).

Appendix 8.2: Handling High-Dimensional Data
for Portfolio Optimization

"Many financial analyses require timely data
to support time-critical decision making. In this
paper, we develop a novel indexing method to
reduce latency of querying high-dimensional
data, improving its efficiency in portfolio man-
agement” (Lu et al. 2014, p. 2).

"We focus on the latency issue and develop a
novel method to improve the query processing
speed for high-dimensional financial data in re-
lational databases” (Lu et al. 2014, p. 2).

"Handling high-dimensional data in financial
portfolio management requires efficient algo-
rithms and models capable of processing vast
amounts of variables in real-time" (Lu et al.
2014, p. 4).

"Our novel PL-tree indexing technique signifi-
cantly improves the timeliness and perfor-
mance of high-dimensional data in financial
applications, especially for time-critical deci-
sions" (Lu et al. 2014, p. 5).

Appendix 8.3: Risk Management Using High-Di-
mensional Data

"The challenges of high-dimensionality in fi-
nancial engineering often involve assessing
risks across large, complex datasets, which re-
quires both innovative algorithms and robust
statistical models" (Fan and Li 2006, p. 1).

"Using machine learning, Al systems can ex-
tract relevant features from high-dimensional
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data to assess and mitigate financial risks"
(Becker 2015, p. 12).

"The availability of massive amounts of data in
finance necessitates methods like machine
learning to process and identify patterns in
high-dimensional data for risk management”
(Becker 2015, p. 25).

"By leveraging high-dimensional data, Al sys-
tems can significantly enhance financial risk
assessments, identifying potential anomalies or
risks hidden in complex datasets” (Becker
2015, p. 30).

"Al-driven anomaly detection techniques, such
as Local Outlier Factor (LOF) and Isolation
Forest, are essential for detecting anomalies in
high-dimensional financial data, improving risk
management" (Agrawal 2023, p. 3).

"Anomaly detection algorithms, particularly in
high-dimensional spaces, must account for
complex relationships between data points that
traditional techniques often overlook™
(Agrawal 2023, p. 4).

"By integrating anomaly detection with predic-
tive analytics, financial firms can identify and
respond to risks in real-time, reducing the like-
lihood of significant market disruptions™
(Agrawal 2023, p. 6).

"Model-based anomaly detection approaches,
such as Support Vector Machines and Random
Cut Forest, are particularly effective in high-di-
mensional datasets for identifying deviations
from expected market behavior" (Agrawal
2023, p. 8).

Appendix 8.4: Machine learning Models for
hight-dimensional Data

"Technological innovations have had a deep
impact on society and scientific research. They
allow us to collect assive amounts of data at
relatively low cost" (Fan & Li, 2006, p. 1)

"In the analysis of microarray data, one of the
first statistical challenges is to remove system-
atic biases, which is collectively referred to as
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normalization in the literature” (Fan & Li,
2006, p. 4)

"Support Vector Machines (SVMs), introduced
by Boser, Guyon, and Vapnik, optimize a line
that is furthest from two data classes, which
helps manage the complexity of high-dimen-
sional datasets” (Rubio Adeva, 2023, p. 22)

"Al systems can quickly identify suspicious ac-
tivities that deviate from the norm by training
machine learning algorithms on large datasets
of normal and malicious behavior" (Agrawal,
2023, p. 3)

"The neural network achieved both the best
AUC-ROC (0.889) and the best average preci-
sion (0.192), indicating its superior perfor-
mance in dealing with high-dimensional data”
(Rubio Adeva, 2023, p. 3)

"Dimensionality reduction methods such as
Principal Component Analysis (PCA) or Auto-
encoders may be used to reduce the number of
dimensions, helping to alleviate the curse of di-
mensionality™" (Agrawal, 2023, p. 3)




