
Chapter 1: Introduction
1.1 Background of the Study
 
Portfolio management is a traditional function of financial management and is closely associated with the selection and allocation of financial assets with a view to achieving a balance between risk and return. Conventional practices of portfolio management have been based on sound financial theories such as Modern Portfolio Theory (MPT), Capital Asset Pricing Theory (CAPM), and Efficient Market Theory (EMH). These theories assume a rational investor, a perfect market, and that historical data can be used as a basis for future decisions (Markowitz, 1952; Sharpe, 1964; Fama, 1970).
 
Although such models have provided the cornerstone for investment practice, the assumptions that underlie them have come under increasing scrutiny with regard to contemporary markets. The forces of globalisation, innovation, high frequency trading, and the increasing volume of digital information have brought into play a complexity that cannot be modelled using conventional linear approaches (Mandelbrot and Hudson, 2004). Furthermore, the findings of actual market experience, with regard to market anomalies and crises, have pointed towards imperfections that contradict rational markets (Kahneman and Tversky, 1979; Shiller, 2003).
 
However, simultaneously, there has also been a tremendous growth in the quantity and pace of financial data being generated exponentially. Market stock prices, macroeconomic variables, company announcements, news sentiment analysis, and other alternative data sets have started generating a tremendous amount of data at a real-time pace. Human investment managers with their expertise and know how have some natural limitations and constraints in processing such a large and complex body of data at a uniform pace and without any bias (Lo, 2017). One of the major developments in the current context has been the emergence of Artificial Intelligence (AI). 
 
AI is a type of computer based system that has the ability to carry out tasks that are typically considered to be the exclusive domain of human intelligence, such as learning from data, pattern recognition, and decision making. In the context of finance, AI methods like machine learning, deep learning, and reinforcement learning are increasingly being used for asset pricing, portfolio optimization, risk management, and trading models (Heaton et al., 2017). AI models are unique in the sense that they are able to learn from new information, identify non linear relationships, and improve their forecasts over time as market conditions change.
 
The use of AI in portfolio management has also accelerated with advancements in algorithmic trading platforms, robo advisory platforms, and AI driven investment funds. Financial organizations and investment companies have started using AI-driven solutions for optimizing decision-making efficiency and lowering operational expenses (Davenport and Ronanki, 2018). Consequently, there is a paradigm shift occurring within portfolio management from a fully human centric approach for making investment decisions to a hybrid approach that leverages AI assistance or automation for investment decisions.
 
However, such a revolution has also been accompanied by several debates and concerns. The growing adoption of AI in finance has led to debates about the future role of human portfolio managers and the continued importance of human judgement in investment decisions (Brynjolfsson & McAfee, 2017). Additionally, the adoption of AI in finance has also led to debates about accountability and responsibility in finance decisions (Brynjolfsson & McAfee, 2017). Most of these debates and concerns relate to the nature and characteristics of AI and its applications in finance.
 
These developments underscore the importance of a critical and well-informed discussion on the role of AI in portfolio management that takes into consideration not only the capabilities but the limitations of the technology as well.
 
1.2 Research Problem
 
Despite the fast integration of Artificial Intelligence in the management of portfolios, there has been a lack of understanding in terms of the effectiveness and implications associated with it. The research that has been done in the past has concentrated mostly on the performance of the models used in Artificial Intelligence in terms of predictive capabilities and efficiency in the process of optimisation, with less focus on other areas (Davenport and Ronanki, 2018).
 
Conventional portfolio management theories were formulated in a period of time in which self learning computers, real time data analysis, and automatic decision-making capabilities were unimaginable. The implications of this fact are such that there is an emerging gap between conventional theory and modern investment practices, which are becoming more AI driven (Lo, 2017). The question of whether conventional portfolio management theories remain relevant in modern investment practices is important in this regard.
 
Moreover, the contribution of human portfolio managers within the context of AI-enabled settings is a research gap that is worth exploration. Although the capabilities of AI models are well suited for handling data on a large scale without the influence of human emotions, human portfolio managers can add value to the decision-making process. This is especially the case within the investment industry that faces substantial economic repercussions of investment decisions (Jarrahi, 2018).
 
The problem with research that this dissertation aims to address is that there is a requirement for a critical assessment of the impact of Artificial Intelligence on the conventional management of investment portfolios, as well as the implications of using AI for investment management, including the implications for human investment managers.
 
1.3 Research Aim and Objectives
 
Research Aim
 
The aim of this dissertation is to examine the impact of Artificial Intelligence on portfolio management, with a particular focus on its influence on traditional investment approaches, its advantages and limitations, the role of human portfolio managers, and its future implications for financial decision-making.
 
Research Objectives
 
To achieve this aim, the study seeks to:
   1.         Analyse how Artificial Intelligence has transformed traditional portfolio management approaches.
   2.         Evaluate the benefits and drawbacks associated with AI-based investment strategies.
   3.         Examine the role of human portfolio managers alongside AI-based investment systems.
   4.         Explore the future implications of Artificial Intelligence for portfolio management theory and practice.
 
 
1.4 Research Questions
 
This dissertation is guided by the following research questions:
   1.         How has Artificial Intelligence transformed the traditional approach to portfolio management?
   2.         What benefits and drawbacks arise from using AI-based investment strategies?
   3.         What role do human portfolio managers play alongside AI-based investment systems?
   4.         What are the future implications of Artificial Intelligence for portfolio management?
 
These questions provide a clear framework for the literature review, methodology, data analysis, and discussion chapters.
 
1.5 Significance of the Study
 
This study has importance at the intersection of both the theoretical as well as the practical aspects. Firstly, as a theoretical study, it contributes to the increasing discourse on the relevance of Artificial Intelligence in finance. This study aims to fill an important gap in the current AI discourse in finance by observing AI from the portfolio management point of view, where AI implementation is typically understood within the realm of technology.
 
In terms of what the research means for the real world, its implications are for asset managers, investment experts, financial organizations, and policymakers. A clearer understanding of the benefits of AI portfolio management and its limitations could provide a more informed approach to investment decisions, risk management, and portfolio governance. Secondly, understanding human-AI collaboration can provide insights into effective portfolio design that integrates the efficiency of technology and human responsibility.
 
1.6 Theoretical Framework
 
The dissertation is founded on a paradigm which integrates traditional portfolio theory and up to date interpretations of AI and Decision-Making. Efficient Market Theory and Efficient Market Hypothesis present the basic interpretation for risk-Management relations and Efficient Markets (Markowitz, 1952; Fama, 1970). Such concepts are further reinforced by Behavioral Finance, which underlines that humans are not perfectly rational beings and are characterized by systematic errors regarding human finance decisions (Kahneman & Tversky, 1979).
 
Secondly, algorithmic decision-making theories and human AI interaction theories influence our perception regarding AI and portfolio management. These theories maintain that for AI to be acceptable and trustworthy in decision-making processes, human interaction and oversight are required (Jarrahi, 2018). All these perspectives provide a complete approach within which one can analyze what role humans play as a result of AI impacting portfolio management activities.
 
1.7 Structure of the Dissertation
 
This dissertation has six main chapters. Chapter 1 introduces the research topic, describes the research problem, aims, objectives, and questions, and lays the theoretical groundwork for the study. Chapter 2 offers a critical review of current literature on portfolio management theories, Artificial Intelligence in finance, and human AI collaboration. It points out key gaps in the literature. Chapter 3 details the research methodology, which includes the research design, data collection methods, and the analytical techniques used. Chapter 4 showcases the findings from the data analysis. Chapter 5 discusses these findings in relation to the research questions and existing literature. Finally, Chapter 6 wraps up the study by summarizing the key findings, noting theoretical and practical contributions, acknowledging limitations, and offering recommendations for future research.
 
Chapter 2: Literature Review
2.1 Introduction
 
The literature review undertakes an in depth analysis of what is in existing literature regarding applying Artificial Intelligence tools in managing portfolios and presents what is known at this point and what gaps exist and should be filled. During the last two decades, AI somehow started invading finance markets in such areas as asset management, portfolio optimization, risk management, and making decisions for investors (Lo, 2017).
The literature is rather broad and is developing at an incredible pace but is still quite fragmented in terms of themes (Davenport & Ronanki, 2018).
 
Historically, portfolio management has been a process carried out by humans, supported by mathematical models and analysis of past data. This has been made possible by developments in fields like AI, data analysis, and computational capabilities, leading to AI solutions capable of processing large amounts of structured and unstructured data on a real-time basis (Gu et al., 2020). This has led to AI emerging prominently as a game-changer in the area of portfolio management.
 
The scholarly interest is multidisciplinary, coming from finance and investment management, information systems, and management studies. Finance related research concentrates on accuracy of predictions and risk adjusted returns. The management related research centres on the implementation of AI in organisations and the roles of humans in AI implementation (Jarrahi 2018; Raisch & Krakowski 2021). The diversity of scholarly work has both enhanced the debate on AI and created confusion on some fundamental issues.
 
One of the biggest challenges is the unclear and collectively held concept of what constitutes "transformation" in the context of portfolio management. While some research articles often equate transformation with superior technological ability and increased automation, others suggest it can be measured by the change in the distribution of power and responsibility related to decision-making (Raisch and Krakowski, 2021).
 
At the same time, most literature that has already been written remains empirical in focus. Many studies employing simulation or historical data evaluate the AI-based stock investment strategy. These studies indicate the capability that has been achieved, but they cannot clarify the implementation process of AI systems in investment companies (Davenport & Ronanki, 2018). This literature lacks studies focusing more on models, in contrast to the ones that investigate more organizational aspects.
 
The literature review performs several critical tasks. First, it provides a critical appraisal per se about how researchers have analyzed AI in portfolio management. Second, it critically examines the weaknesses in current research by identifying constraints in methodologies and fuzzy concepts. Finally, it picks out research gaps in which current research fails to arrive at clear conclusions.
 
With this in mind, the assessment will now proceed according to the four research questions constituting the theme of this dissertation. This allows us to examine how current research relates to each question and where the research gaps remain (Webster & Watson, 2002).
 
The first question focuses on the impact of AI technology on conventional portfolio management as it is at present. The second question compares and contrasts the merits and demerits of using AI technology in making investments. The third question assesses the complementing potential between human portfolio managers and AI technology functions. The fourth question envisions what will come in the future regarding using AI technology in portfolio management.
 
The chapter concludes with the insights garnered from all four parts being incorporated together, and the research gap that this dissertation intends to fill is stated explicitly.
 
2.2 Literature Related to RQ1: How Has Artificial Intelligence Transformed the Traditional Approach to Portfolio Management?
 
What Existing Studies Say About AI Transforming Portfolio Management
 
A good amount of research work indicates that AI has caused a paradigm shift in portfolio management, including changes in decision-making, support systems, and implementation. Some early results include a focus on better processing power and increased automation of analysis that was being conducted by human portfolio managers (Davenport and Ronanki, 2018; Lo, 2017).
 
One of the underlying themes is the capability of AI systems to analyze complex and large datasets faster and on a bigger scale than has ever been done before. Machine learning algorithms process both structured financial data and unstructured information such as text disclosure statements, market sentiment analysis, and macroeconomic factors, which expands the foundation for portfolio decision-making (Gu et al., 2020; Kraus et al., 2020). Analysts argue that this is leading to faster detection of opportunities and threats.
 
Contrary to being anchored on traditional models with assumptions that are rigid and predefined, AI models are said to be adaptive and data-driven. Heaton, Polson, and Witte suggest that “deep learning lets portfolio methods adapt as markets change and minimizes reliance on predefined assumptions in modeling.” This adaptability is noted as one of the essential elements of transformation, more specifically in a volatile market environment.
 
The change wrought by AI in finance has been measured in empirical finance literature through performance tests. The literature has observed improved predictive abilities and risk-adjusted returns in machine-learning studies of asset pricing and portfolio formation outperforming traditional factor models (Gu et al., 2020). The evidence has been seen as a proof of value addition in portfolios by AI.
 
Other studies indicate the role of workflow and decision-making. There are artificial intelligence systems incorporated in portfolio platforms to help in the screening of assets, analysis, and rebalancing of portfolios (Baker and Dellaert, 2018). This adoption brings the management of the portfolios closer to continuous decision-making, reducing the aspect of periodic decision-making done by humans.
 
Another stream of thought in the literature indicates that AI is an important tool for supporting risk management at a level that is finely grained. Using machine learning algorithms helps them identify the subtle, non-linear correlations between the portfolio Monte Carlo simulation outputs and risk factors for a finer risk profile analysis (Feng et al., 2019). Another way to relate to the topic is shown next.
 
Concerning management and information systems, AI represents a transformation in the nature of portfolio management functions where these functions are distributed between humans and computers (Jarrahi, 2018). Modern portfolio management practitioners have adopted a new role that focuses on overseeing and explaining the result of AI-driven analysis, as opposed to being the sole decision-makers.
 
Another scholar has argued that the process of transformation implemented by AI takes a progressive approach. Davenport and Ronanki (2018) proposed a model in which organizations should implement AI in a progressive manner by first integrating it within processes and afterwards moving towards more sophisticated processes.
 
Taken cumulatively, the literature reveals a picture of AI as a driver of change through enhanced analytical capabilities, adaptive modeling, automated workflows, and the expanded use of data. However, there is no consolidated representation within the literature on the degree to which such change is being realized.
 
Where Studies Are Limited or Disagree, and the Research Gap
 
 
There is general agreement on the fact that AI affects the domain of portfolio management, although there is some disagreement about the extent to which this is happening and in what manner. An area of controversy is whether there is an essential new practice embodied in the application of AI or whether this provides an improved version of the existing practice, although this may still be considered relatively new in itself (Lo, 2017; Athey, 2018).
 
One critical limitation of the study is that there appears to be no universally accepted definition for the word “transformation.” Although some finance literature studies transformation in terms of performance improvements (Gu, Kelly, & Xiu, 2020), others contend that performance improvements do not sufficiently describe transformation when measuring changes in decision-making authority or professionalization (Raisch & Krakowski, 2021).
 
There are also differences in methods that sustain the debate. Most of the empirical research relies on back testing using historical information. These methods enable researchers to control the testing process but ignore the actual challenges that implementation entails in reality and which appear after the implementation of the process in real situations (Davenport & Ronanki, 2018). This may result in findings from the models overestimating the potential of AI.
 
Data dependency and robustness of models: There are concerns about data dependency and the sensitivity of portfolio strategies to the quality of the data and the choice of training intervals (Brynjolfsson and McAfee, 2017; Danielsson et al., 2018). A portfolio that performs exceptionally when the environment is calm could implode or behave unpredictably in structural changes, raising doubts about the durability of transformations enabled by AI.
 
In addition to this, there are differing views regarding the degree to which human labor has been diminished by AI. While some research finds an increased level of automation to lead to reduced routine tasks for analysts, as well as those portfolio managers in particular (Davenport & Ronanki, 2018), other research views human judgment as being imperative for overseeing AI models (Jarrahi, 2018).
 
Rather, it seems that the literature pays little heed to the role of the organizational environment. This is the case despite the fact that prior research realizes a standardized adoption process, failing to consider either size or governance. Consequently, generalization regarding transformations via AI may be hampered depending upon the portfolio management environment (Baker & Dellaert, 2018).
 
Finally, there is not much literature available regarding long-term studies related to the transition brought about by AI systems. There is limited work in this area, and it is mainly cross-sectional in nature, meaning it only provides information about what is being practiced and not about what is being practiced over time as AI systems develop.
 
Gap linked directly to RQ1
 
 
According to the literature, there is evidence that significant changes have emerged in portfolio management processes with the introduction of AI, but nothing definitive supports the fact that these changes represent a paradigm shift. Most research focuses on the technical outcome measures with little consideration for the management, corporate, or professional imperatives associated with change.
 
There is a obvious gap: we still need integrated research combining a technical assessment of AI systems with decision-making, shifts in roles, and the organizational environment. There is a relative lack of empirical studies on how portfolio managers actually use AI systems, on how decision-making authority is distributed, or on how accountability is maintained.
 
Moreover, due to the dominance of simulation studies, we fail to observe the implications of such transformations in reality. Unless emphasis is placed on usage and adaptation, the results of the transformation continue to remain implicitly stated, rather than explicit.
 
Because of its ambiguity in terms of ideas, eclecticism in approach, as well as a superficial empirical basis, everything leads directly to the reason for formulating the first research question in this dissertation.
 
2.3 Literature Related to RQ2: What Benefits and Drawbacks Arise from Using AI-Based Investment Strategies?
 
What Literature Says About the Benefits of AI-Based Investment Strategies
 
There is quite an established literature that highlights the benefit of incorporating the concept of AI in investment management and the management of investment portfolios. The emphasis is on the benefit of improved analysis, efficiency, and its ability to process complex and large sets of data. There is early evidence to the effect that the systems initiated through the usage of AI enable an investor to transcend the limitations of the established quantitative model (Bengio, Goodfellow, and Courville, 2016; Heaton, Polson, and Witte, 2017).
 
Among the most often-mentioned advantages of AI is its ability to analyze a vast amount of information in a matter of minutes. Conventional approaches to finance pay more attention to structured financial information and review it periodically, but AI not only takes into consideration a different set of information, including macroeconomic announcements, company news, news sentiments, and alternative data (Gu, Kelly, and Xiu, 2020).
 
Another key benefit is improvement in performance. In most empirical researches, it has been found that under certain conditions, machine learning models perform better than traditional asset pricing portfolios. In this regard, Gu et al. (2020) demonstrated in their research that AI-based asset pricing models are more accurate in predictions than traditional models.
 
 
 
A further benefit has to do with overcoming behavioral bias. Behavioral finance literature identifies that, in fact, decision-makers are biased in various ways—infection, loss-sensitivity, and so forth, that are harmful for performance (Kahneman and Tversky, 1979). AI approach strategies are perceived as an antidote for such behavioral bias by trusting in the power of data-driven software as opposed to human opinions (Brynjolfsson and McAfee, 2017). Literature suggests that algorithm-driven decision-making leads to more prudent decision-making.
 
Risk management is also cited as one of the most important benefit categories. Machine learning algorithms reveal complex relationships between assets and drivers of risk, enabling a much finer and dynamic understanding of individual portfolio risk exposures (Heaton, Polson, and Witte, 2017). Stress tests and scenario analyses in a whole gamut of market conditions are also enabled through AI-led models.
 
The literature also indicates the potential for AI in portfolio customization. The conventional approach is based on standardized models and may not capture investor-specific details. AI-based models can handle different objectives, risk preferences, and behavior-based details for mass customization of portfolios (Baker and Dellaert, 2018).
 
Some researchers believe that investment strategies using AI increase competitiveness for a company. Investment organisations can differentiate themselves by optimising investment decisions using advanced analytics and unique data and by acting faster than competitors in a dynamic market (Porter and Heppelmann, 2015).
 
Nevertheless, notwithstanding widespread reference to positive aspects, the literature generally presses towards ideal conditions of implementation or fails to take into account readiness and data quality considerations.
 
What Literature Says About the Drawbacks, Research Imbalance, and the Research Gap
 
 
Despite intense discussion about benefits, there are several important disadvantages to AI investment strategies. One such disadvantage is that of transparency and interpretability. Most AI models are “black box” models particularly models involving deep learning which find it very difficult for portfolio managers to interpret why certain investment choices are made (Brynjolfsson and McAfee, 2017; Molnar, 2020).
 
Another commonly highlighted con may relate to robustness in models and overfitting. In most AI models, there has been reliance on past data for training purposes. Several models designed to perform well on past data may fail to perform well in future market conditions (Lo, 2017; Danielsson et al., 2018). An AI portfolio may experience dramatic declines in performance in situations where market conditions have altered.
 
Data dependence introduces another constraint. AI requires high-quality data in large amounts in order for it to perform properly. However, in the real world, there is always incomplete, biased, or updated information regarding finance, which might negatively impact machine learning model performance (Athey, 2018). The use of alternative datasets is also faced with issues regarding integrity and adherence to regulations.
 
Systemic risk has also appeared as a concern in the literature. With more and more investment strategies becoming AI-driven, there is potential for many models to be similar due to similar data inputs, resulting in similar actions among firms. According to Kirilenko et al. (2017), this “sameness” can exacerbate market volatility.
 
Another area that warrants focus is the matter of governance. This arises when automated systems make investment decisions or execute trades on their own. This question may arise: who is accountable regarding the results? Research indicates that portfolio managers, system designers, or organizations have some ambiguity regarding accountability (Baker & Dellaert, 2018). This gives rise to the challenge of fiduciary obligations.
 
Some studies also illustrate emerging operational risks in relation to AI-strategies used by investment firms. Technical failures could pose threats of misuse of these models by investment firms (Danielsson et al., 2018).
 
Why current research is unbalanced or incomplete
 
 
One of the significant gaps is the imbalance between the body of work focused on the benefits of AI and the body of work dealing with the negative implications. While the advantages in terms of performance, efficiency, and analytical capabilities can be quantified by empirical validation, issues such as transparency, governance, or systemic risk can still be considered hypothetical.
 
In addition, most articles tend to measure benefits and disadvantages separately instead of considering trade-offs between them. Benefits are typically estimated together with model complexities but never along with benefits in terms of model interpretability. Very few reports in this field address how portfolio managers trade off different objectives.
 
There are still gaps in methodologies that continue to nudge the balance scale. Much of this work has relied upon historical testing, which has occurred in carefully controlled settings. These methods indicate what might be able to be done with AI, but it neglects what really does occur in terms of reactions and certain regulations that come up when you put it into action (Davenport & Ronanki, 2018).
 
A final issue plaguing the literature is the lack of research conducted over the long term or in cross-context fashion. This literature heavily focuses on investment strategies conducted by AI or in a specific point in time or within a specific organization. Today, cross-comparisons of AI implementation within various organizations or investment groups do not abound, hindering our understanding of contextual influences.
 
Ethics and governance issues are generally addressed after the fact, not as integral components of investment methods that use artificial intelligence. These issues are recognized but rarely included in empirical studies and assessments of investment performance.
 
Gap linked directly to RQ2
 
 
The literature reveals that while AI-driven strategies have been shown to have real advantages, they also have strong disadvantages which have not been adequately investigated by empirical research. There has been short-shrift given to transparency, robustness, governance, & system effects.
 
There appears to be a significant gap in the literature regarding integrated research that examines both the benefits and drawbacks of a given subject within a unitary frame, particularly in practical portfolio management applications. Correspondingly, there appears to be a paucity of consideration regarding trade-offs on the part of portfolio managers concerning the adoption of AI technology and related influences.
 
This imbalance and fragmentation explicitly drive the second research question of this dissertation. Through a more holistic perspective regarding both the advantages and disadvantages associated with AI-driven investment strategies, it is intended that a more balanced view regarding their importance in portfolio management be provided.
 
2.4 Literature Related to RQ3: What Role Do Human Portfolio Managers Play Alongside AI-Based Investment Systems?
 
What Literature Says About Human Portfolio Managers Versus AI-Based Systems
 
With the integration of AI in the management of portfolios, studies focus on the implications of such integration on human portfolio managers. The early discussions considered the replacement of human decision-making, particularly in analysis, by AI. Recently, studies focus on the implications of such integration on human roles, rather than their elimination (Davenport & Ronanki, 2018; Jarrahi, 2018).
 
Findings in finance literature indicate that the AI models perform better than humans in dealing with a massive amount of data, identifying patterns, and optimizing solutions. Traditional analytical tasks such as scanning for securities and measuring risks are to a certain extent amenable to being automated with machine learning models (Gu et al. 2020).
 
However, the literature on management argues counter to the position that AI has the potential to substitute for portfolio managers. The contention here is that portfolio management requires sophisticated judging, situational awareness, and professional responsibility which cannot be carried out by AI (Jarrahi, 2018). While AI systems process data aptly, they fail to understand strategic intentions, constraints, or professional obligations.
 
Several studies emphasize that human managers play a critical importance in the interpretation of insights generated by AI models. They need to assess whether the suggestions made align with investment requirements, statutory laws, or client demands (Raisch & Krakowski, 2021). Their importance becomes even more significant in the opaque models generated by AI systems.
 
The literature on human-AI interaction indicates a hybrid model in which the AI system makes suggestions, but human managers retain decision authority (Davenport & Ronanki, 2018). The perception today is that a decision-support system like AI should be used as a supplement to human judgment, not a substitute.
 
It is also cited in the literature that human roles are not dependent on contexts because large asset managers can integrate AI extensively into their operations, and smaller companies do so in a more conservative manner (Baker and Dellaert, 2018). Overall, it is clear that portfolio managers’ roles are shaped by tech abilities and organization strategies alike.
 
The Automation Versus Augmentation Debate
 
There is a strong dichotomy between automation and augmentation. The automation school thinks that more and more functions would be taken over by AI from human professionals, and these would be performed more efficiently and more correctly. For portfolio management, this would mean doing portfolio construction, asset allocation, and overall strategies with AI (Lo, 2017).
 
Concerning the augmenting side of the debate, it is argued that AI enhances human capabilities and does not replace them. Here, AI is supposed to assist and augment portfolio managers with more sophisticated analytics and insights from decision-making, with human beings still being responsible for judgment, surveillance, and accountability (Raisch and Krakowski, 2021). One of the arguments presented by those who favor augmenting their capabilities with AI is that optimal portfolio management requires the combination of both algorithmic accurateness and human insights, especially during uncertain markets.
 
There are also some examples pointing to the limitations of fully automated decision-making, moving towards augmentation. Jarrahi (2018) asserts that human intelligence is still important in cases of ambiguity or ethics. The machine might fail during crises or changes in policies if not corrected by human intelligence.
 
Proof concerning full automation is limited. The majority of asset management companies retain a human overlay on their investments in response to challenges concerning accountability, trust, and regulatory issues (Baker & Dellaert, 2018).
 
The literature also states that automation and augmentation are not mutually exclusive. Adoption of AI technology is said to strike a dynamic balance, where while automating analysis, decisions lie in the domain of human expertise (Raisch and Krakowski, 2021). Ironically, few studies highlight the actual scenario in practice regarding these aspects.
 
Missing Clarity on Roles, Decision Authority, and Accountability
 
Despite the literature acknowledging that a paradigm shift is underway in the human portfolio manager’s role due to AI, the literature contains a degree of ambiguity on who makes the decisions and how control is exercised on a daily basis. There are hybrid models of human and AI involvement, but their specifics on a daily basis are not detailed (Jarrahi, 2018; Raisch and Krakowski, 2021). In most cases, it appears that AI is providing advice, but it also appears to have a degree of control.
 
Studies of finance assume the ultimate authority of the portfolio managers, but it is generally not hypothesis-tested. Studies focusing on the performance of algorithms would rarely explore how the managers would respond to conflicting inputs from artificial intelligence sources and their own human insight (Gu, Kelly, and Xiu, 2020).
 
Regarding management theory, there is a feeling that power to decide could gradually shift in favor of artificial intelligence once trust has been established (Davenport and Ronanki, 2018). However, empirical evidence supporting such a process is still lacking. Additionally, whether it is people or machines making decisions could be contingent on what kind of decision: strategic decisions remain in human hands as operational decisions increasingly become automated (Raisch &amp; Krakowski, 2021).
 
Accountability is the least researched issue. Conventional ideas firmly assign accountability to human portfolio managers. However, incorporating AI clouds this issue by adding new actors with potentially unclear logic that cannot be readily auditing (Molnar, 2020).
 
Several researchers have observed that, when losses accrue due to AI-driven recommendation systems, it remains uncertain who should take responsibility for it. This accountability can go to portfolio managers, data scientists, and/or technology suppliers, along with company managers (Baker & Dellaert, 2018). This makes it difficult to assign accountability to professionals.
 
The literature also highlights the conflicts present between accountability and explainability. Most models used are black box models and are very difficult to explain to clients and regulators (Brynjolfsson and McAfee, 2017). Such models contradict traditional accountability systems which require decision-making processes to be traceable and based on reason. From the regulatory work, accountability concerns tend to deteriorate when the implementation of AI precedes regulatory reforms. The prevailing finance regulations contain a human decision-maker approach, making them possibly inefficient in dealing with the algorithmic procedure (Baker & Dellaert, 2018). This means that the portfolio managers might remain liable for the AI system they do not comprehend.
 
However, in addition to the issue of accountability, the literature asks us to reflect upon the role of professional judgement and ethical responsibility. For example, the literature cautions concerning the danger of ‘deskilling’ if the use of AI leads managers to become overly dependent upon the technology, perhaps losing the ability to ‘manage’ the outputs of the algorithms (Raisch and Krakowski, 2021). There may also be risks of the algorithms ‘perpetuating bias’ or ‘failure to meet certain expectations of ethics’ (Floridi et al., 2018). There is limited empirical research of the relationship between ethical responsibility and the use of algorithms in the management of investment portfolios.
 
Gap linked directly  RQ3
 
It is acknowledged that there is a shift in the role of portfolio managers, and very little is being offered concerning how there is structure within their decisions and accountabilities based on their human and artificial intelligence components. There is rife debate within theory, and there is a peculiar lack of research within empirical streams concerning actual human interaction within artificial intelligence systems.
 
On the other hand, there has been very little research conducted regarding how portfolio managers respond to and potentially override the suggestions made by AI models. In turn, this gap in research helps to specifically motivate the third research question.
 
2.5 Literature Related to RQ4: What Are the Future Implications of Artificial Intelligence for Portfolio Management?
 
Future Implications Discussed in the Literature
 
There has been increasing research regarding what the future of AI has to offer concerning portfolio management, focusing on it as a long-term catalyst of change. The impression gathered from these studies has been that future improvements in data analysis and machine learning will only integrate AI further into portfolio management practices portfolio decisions, business structures, and roles of humans within these structures (Lo, 2017; Davenport & Ronanki, 2018).
 
Another repeating theme is that of increasing automation in portfolio management. Forecasting models indicate that AI systems will assume greater responsibility for asset allocation, optimization, and real-time rebalancing (Bengio, Goodfellow & Courville, 2016). The literature indicates an expected movement toward continuous decision algorithms for portfolio management.
 
Another important strand relates to shifting skill requirements. Futuristic research postulates that next-generation portfolio managers must possess dual skills that mix financial acumen with data analytic and technological expertise (Jarrahi, 2018; Raisch and Krakowski, 2021). Instead of making human expertise unnecessary, AI would reframe and emphasize professional skills concerning interpretation of AI results and AI system management.
 
There are expected shifts in organizational models as well. In a scenario where AI assumes a key position in a firm’s operations, it can be expected to increasingly turn to interdisciplinary collaboration between portfolio managers, data professionals, and technology experts (Davenport & Ronanki, 2018). This may transform the classic organizational pyramid in which gaining a competitive edge depends upon linking technology and financial acumen.
 
Cost and governance issues will also persist. As AI systems find increasing sway in investment choices, it is forecasted that traditional frameworks will need adjustments to sufficiently address the challenges posed by transparency, accountabilities, and risk issues within AI systems (Baker & Dellaert, 2018). This is anticipated to evolve towards greater explainability within AI models.
 
Ethical considerations form the center of this analysis. There is a warning in the literature on the potential to increase fairness disparity, bias, as well as trust-related problems as the tendency to rely on algorithmic judgments grows (Floridi et al., 2018). In the area of portfolio management, these concerns emerge in the usage of alternative data, model clarity, and who is in charge of the decision-making process.
 
Scholars also forecast that AI will end up affecting markets' dynamics as well as the level of competition within it. With more firms adopting AI-driven models, companies will find themselves competing more fiercely over their exclusive data sets and capabilities (Porter & Heppelmann, 2015). However, it is feared that if many players opt for the use of AI models, there will be a potential decline in diversity within markets (Danielsson et al., 2018).
 
There is an expectation that AI will accelerate robo-advisory services and personalise investment services. The AI systems are expected to increase access by providing low-cost, personalised services to more people, regarded as having a democratising effect (Baker & Dellaert, 2018).
 
According to future-oriented literature, trust is emphasized as a significant element in the potential adoption or rejection of AI. Client as well as professional trust in algorithmic systems is considered a significant element in the adoption or rejection of AI-oriented strategies (Raisch & Krakowski, 2021).
 
Speculative and Fragmented Character of Future-Oriented Research
 
Though general discussions about the future are covered, much work remains that is speculative in nature. One big factor that comes into play in this regard is the speed of technological change that overtakes empirical analysis. Many studies make projections based on trends without any real evidence of how they might actually be implemented (Lo, 2017; Davenport and Ronanki, 2018).
 
A good chunk of this literature relies on conceptual reasoning or hypothetical thinking as opposed to hard data. Though these concepts are good at identifying possible routes, they are poor predictors of what’s likely to happen regarding a future impact of AI. Forecasts regarding automation, professionals, and the structure of business are quite varied in scholarly research (Raisch & Krakowski, 2021). A further level of speculation emerges from the fact that the future of regulatory and ethical reaction is also uncertain. How future regulatory reforms will turn out is a determinant of future usage of AI, but it is not yet clear (Baker and Dellaert, 2018).
 
Unless we can find a way to diagram exactly what that looks like on a more permanent basis, it is very hard to accurately assess impact down the line. This is further exacerbated by a lack of longitudinal data. Most research is simply measuring the integration of AI at some point in time or within the early stages of implementation.
 
“What's to come” research papers are dispersed throughout many fields. Finance-oriented research focuses on enhanced performance and automation (Gu et al. 2020), and management research emphasizes change management and human collaboration with AI (Jarrahi 2018; Raisch & Krakowski 2021). Ethic-oriented research points to fairness, accountability, and trust (Floridi et al. 2018). These perspectives are seldom combined.
 
This fragmentation also makes it difficult for current research to inform practical decision-making. The portfolio managers are forced to consider the factors such as performance, capabilities in organizations, ethical obligations, and government regulations within a single decision-making process. The relationships among these variables are hardly elaborated in the literature.
 
Another set of differences may be found in the disparity between optimistic predictions and prudent warnings. On the one hand, there are pieces which present the role of AI as an inevitable and benevolent force, increasing efficiency and the quality of decision-making (Bengio, Goodfellow, and Courville, 2016), while, on the other hand, researchers point to risks and challenges in the area of ethics (e.g., Danielsson et al., 2018).
 
Gap linked directly to RQ4
 
However, the literature on future implications is more speculative and lacks an empirical basis. It is helpful to know what the possibilities are, but it does not give insight into how artificial intelligence is changing the face of portfolio management because of its lack of evidence.
 
There is a clear need that is not yet being filled in a way that integrates technical, managerial, and regulatory insights. The specifics of how organizations in practice respond to AI, or how implications of future developments vary depending on context, are not yet being considered. It is to fill this need that the fourth research question is posed.
 
2.6 Synthesis of Literature and Overall Research Gap
 
We have seen in the preceding sections the research on AI-based portfolio management answered through four research questions, superficially surveying research and highlighting significant gaps in research. We now synthesize all strands to identify overall research gaps.
 
For the first research question, it has been evident from literature that artificial intelligence has disrupted the classical portfolio management process by fostering automation, analysis, and data-driven portfolio management. Research indicates that ML has the capability of processing large volumes of data, identifying non-linear relationships, and allowing portfolio adjustments more frequently than traditional approaches do (Gu et al., 2020; Heaton et al., 2017).
 
However, the question remains as to whether all these developments add up to a real transformation or only incremental adjustments. One obvious flaw in all these efforts is the association between transformation and enhanced technical capabilities. Although greater precision in forecasting and enhanced risk-adjusted return performance are important, they only create a partial and incomplete understanding of the way in which transformation in portfolio management functions (Raisch and Krakowski, 2021).
 
In the second question, there are documented benefits as well as drawbacks in the literature. Among the documented benefits are improved analytical strength, efficiency, scalability, and diminished bias on the one hand, as supported empirically in various studies (Davenport and Ronanki, 2018; Gu, Kelly, and Xiu, 2020). However, the drawbacks of transparency, robustness, governance, and risk issues are accepted but not usually examined empirically in detail.
 
One area where a marked imbalance exists is regarding the work that focuses on benefits versus the work that focuses on risks. Very few studies concentrate on risks regarding governance, ethics, or organizations, which fall more on the secondary side. Very few studies consider benefits and risks simultaneously.
 
To answer the third question, evidence confirms the piecemeal approach to research observed in the previous question. There is a certain acceptance that the advent of AI alters human portfolio managers' practice, but guidance on how authority to make decisions, accountability for them, and professional responsibility for human professionals is not readily available. Although the question about automation versusaugmentation makes for interesting reading, research in human-AI interaction is relatively scant (Jarrahi, 2018).
 
In most research models, human portfolio managers are normally considered as having final discretion, but most models hardly include aspects of how human portfolio managers may perform interpretation and override decisions by AI models. Responsibility becomes complicated in black box models by AI as it raises concerns regarding trust and compliance (Molnar, 2020; Baker and Dellaert, 2018).
 
For research question number four, important information has been identified from the literature. Many resources contain speculation about future trends but are disorganized. Performance/automation is covered in the finance literature, management studies address change management, whereas ethics literature points to concerns about fairness/accountability (Floridi et al., 2018). However, all these perspectives are seldom consolidated in the literature.
 
There is a paucity of research about the adoption process over time and in context. The predictive roles and automation trends remain untested as there is little opportunity for confirmation (or refutation) (Lo, 2017).
 
Weaving the threads together has shown that there are some obvious gaps. First of all, it has been noticed that there is an urgent need for research at an integrate level on portfolio management using AI from technical, managerial, organizational, value, and regulatory perspectives. Second, it has been noticed that there is an inclination to focus on the performance of models at the cost of decision-making.
 
These gaps make way for the present study. Through addressing all the four research questions in one framework, the present dissertation aspires to provide a more rounded and nuanced view regarding the change in thinking brought by AI in the way portfolio managers work. More specifically, the study aspires to overcome limited views concerning performance evaluation only, look into the new shape that approaches will take, advantages and disadvantages surrounding AI approaches, and the new era for the human portfolio manager.
 
This dissertation explicitly takes up limitations identified for research on AI in financial decision making and meets requirements for more context-considerate and empirical studies, as identified for AI-related research by Raisch and Krakowski (2021), Davenport & Ronanki (2018). The research aims to support a discussion of AI-related portfolio management not only theoretically but practically too.

CHAPTER 3: RESEARCH METHODOLOGY

3.1 Introduction
 

This chapter will outline and justify the research methodology employed in this dissertation, which focuses on the impact of Artificial Intelligence (AI) on portfolio management. The objectives of this research are centered around the development of a critical and theory-based understanding of the impact of AI on conventional investment theories, decision-making processes, and risk management, as well as the role of the portfolio manager. These objectives require an analysis of the impact of AI on portfolio management, which cannot be achieved through quantitative methods. Therefore, this research aims at developing a multidimensional understanding of the concepts and theories of finance, technology, and management.

Instead of relying on the generation of primary data through various research methods, this research focuses more on the synthesis of concepts and theories through secondary research. Modern portfolio management, particularly in an AI-driven environment, is an interdisciplinary concept that combines concepts and theories of finance, data science, and management. These concepts and theories must be synthesized and combined in order to develop an understanding of the interface of AI’s computational abilities and behavioural, ethical, and institutional aspects of investment management.

The use of primary data collection methods for this research will be limited in scope and applicability. AI’s role in decision-making is a complex process, and direct observation of this process in real-world organizations is not possible for an independent researcher. Therefore, this research will rely on the use of literature as a method of data collection, which will enable the researcher to develop a broader and more comprehensive understanding of the topic through the use of established theories and concepts.

This chapter will outline the research philosophy, epistemological and ontological assumptions, research approach, design, data collection methods, literature search method, analysis, consideration of reliability and validity, ethical considerations, and limitations of the research design.

3.2 Research Philosophy

Philosophical positioning provides the foundation for the entire research process. It determines how we perceive reality (ontology), how we can know it (epistemology), and how the logic of these concepts relates to each other (Saunders, Lewis and Thornhill, 2019).

As this dissertation challenges the how and why of AI’s impact on traditional financial decision-making, rather than simply whether, it takes an interpretivist approach to knowledge and a constructivist approach to reality.

3.2.1 Epistemological Position

Epistemology is concerned with what constitutes valid knowledge and how it is acquired. The positivist approach, commonly employed in economics, asserts the existence of reality and its measurable expression in numbers. Traditional theories such as Modern Portfolio Theory (Markowitz, 1952) and the Capital Asset Pricing Model (Sharpe, 1964) assume rational agents and measurable relationships between variables.

However, the involvement of AI in portfolio management upsets this tidy and linear view of the world. Modern financial choices rely not only on computer algorithms and numbers but also on the interpretation of AI outcomes, governance, and ethics. The effectiveness of AI systems relies on model efficiency, data efficiency, and their usability, which involve subjective aspects (Jarrahi, 2018).

An interpretivist approach acknowledges that financial decision-making is situated in a social and institutional context in which meaning is made by individuals. Researching “AI transformation” means researching the language and practices of finance professionals and how they make sense of what they observe. This approach is useful for a qualitative evaluation of intangible concepts such as “trust,” “accountability,” and “human-machine collaboration.”

This worldview corresponds with the questions that guide this research: How does AI transform portfolio practices? How does it transform human expertise? How does it transform risk governance?

3.2.2 Ontological Position

Ontology refers to assumptions about existence. The constructivist ontology argues that multiple realities are constructed through social and contextual processes. For finance professionals, “risk” or “performance” is not an objective numerical truth but is interpreted in different ways by regulators, analysts, and clients.

This is in contrast to the objectivist approach that is typical of classical economics, which posits the existence of a stable and rational market reality. The constructivist approach recognizes that beliefs about the potential and limitations of AI are mediated by organizational culture, individual prejudices, and institutional imperatives.

In researching the effect of AI on portfolio management, constructivism provides a framework to understand “transformation” as a process that is negotiated among technology, actors, and institutions.

3.3 Research Approach

This research follows an inductive approach, allowing patterns from existing research to inform the theory. Inductive research is appropriate for a landscape where knowledge is still being developed, where there isn’t an agreed-upon theory yet—exactly where AI and finance meet.

While deduction tests hypotheses based on theory, induction develops new ideas by combining findings from various real-world settings (Bryman, 2016). The literature reviewed in Chapters 1 and 2 indicates that AI impacts portfolio management in several ways: new modeling approaches, new management styles, and new ethics debates.

The inductive approach allows this research to combine ideas from financial economics, behavioral finance, and organizational theory to create a general model of the transformative power of AI. Instead of simply testing pre-existing hypotheses, it combines an argumentative thread about technology, decision-making, and human expertise.

The inductive research process involves the following three steps:
1) Review – collect peer-reviewed and professional literature on AI and portfolio management.
2) Pattern identification – identify themes in recurring frameworks, assumptions, and debates.
3) Theory building – create general interpretations that link finance, governance, and AI ethics.

3.4 Research Design: Secondary Research

3.4.1 What Secondary Research Is

Secondary research involves the systematic analysis of data from scholarly sources, rather than the collection of new data through primary research (Johnston, 2017). This type of research is appropriate for studies that seek a conceptual integration or a comparison of different empirical results from diverse sources.

For the dissertation, secondary research provides a macroscopic perspective on how AI influences both the theoretical and application aspects of portfolio management in the global market. Through the interdisciplinary synthesis of finance, economics, and management studies, it allows for a multi-faceted analysis that would not be possible within the scope of a single company study.

3.4.2 Why Secondary Research

There are a number of reasons why this particular research design is appropriate for the dissertation:
1. Focus on Conceptual Understanding – the purpose of the research is to critically evaluate theories and constructively interpret results rather than to assess performance.
2. Interdisciplinary Scope – the synthesis of financial economics, AI, behavioral studies, and governance as a topic necessitates secondary research.
3. Access Restrictions – the proprietary and undisclosed nature of AI algorithms and asset manager data restricts direct access to primary sources.
4. Value Addition – through the compilation and critical analysis of diverse empirical findings, the dissertation provides a macroscopic theoretical framework that bridges conceptual gaps identified in Chapter 2.

3.5 Data Sources

A variety of secondary data sources contributed to the scope in terms of depth and breadth, thus maintaining the scholarly standard and authenticity of the study.

3.5.1 Peer-Reviewed Journal Articles

These provided various perspectives on the topic of AI, finance, and organizational change. This includes experiments involving machine learning models (Gu, Kelly, and Xiu, 2020), the assessment of the performance of algorithms (Heaton, Polson, and Witte, 2017), and the debates involving automation and augmentation (Raisch and Krakowski, 2021). These scholarly articles ensured that the primary data set remains sound and academically credible.

3.5.2 Academic Books

These provided the study with the much-needed grounding in the theories of finance (Markowitz, 1952; Fama, 1970), behavioral finance (Kahneman & Tversky, 1979), and management research methodologies (Saunders et al., 2019). These provided the much-needed continuity in the evolution of the theories and the assumptions that underpin these theories.

3.5.3 Professional and Industry Publications

These include publications from Harvard Business Review (Davenport & Ronanki, 2018) and financial think tanks. These publications provided the much-needed practical insights into the application of AI in finance, especially in asset management, and the practicality of the theories in the real world.

3.6 Literature Search Strategy

To guarantee a comprehensive literature search that is replicable, a systematic literature search strategy was implemented. The steps to a systematic literature search include:
Databases to be searched: Google Scholar, ScienceDirect, JSTOR, ResearchGate.
Keywords to be searched: AI portfolio management, machine learning in finance, algorithmic trading ethics, AI governance, human-AI decision-making.
Inclusion and exclusion criteria: The literature to be considered should be published in English, peer-reviewed, relevant to AI and finance, and published after 2010 to ensure a contemporary context. Excluded literature will include non-academic blogs, non-peer-reviewed media, and technical literature focusing on coding and development of algorithms without managerial implications.
The literature will be categorized and easily navigable with citation management software such as Zotero. This will allow tracking of themes and connections among different authors. The literature will be deemed relevant based on title and abstract screening, and then further assessed at the full-text level.

3.7 Data Analysis Method: Thematic Synthesis

Given the interpretive and inductive nature of the study, thematic synthesis (Braun and Clarke, 2006) was chosen to identify, analyse, and interpret key patterns in the literature. This involved coding academic material into recurring conceptual categories and synthesising them in alignment with the dissertation’s four research questions.

3.7.1 Coding Process
1.	Familiarisation: Each source was read comprehensively and key excerpts related to portfolio management or AI extracted.
2.	Initial Coding: Descriptive codes were assigned (e.g., “algorithmic efficiency,” “human-AI collaboration,” “ethical accountability”).
3.	Theme Development: Similar codes were clustered under broader thematic headings linked to RQ1–RQ4 (transformation, benefits/drawbacks, human roles, future implications).
4.	Interpretation: Themes were compared across academic disciplines to derive cross-language insights — for example, how “risk” is conceptualised differently in technical versus behavioural literature.

3.7.2 Application of Thematic Analysis

Each identified theme corresponds with one of the research questions defined in Chapter 1. For example:
•	RQ1: Themes include “AI-induced transformation,” “integration processes,” and “rational versus adaptive models.”
•	RQ2: Themes explore “efficiency and accuracy,” “interpretability challenges,” and “data dependency.”
•	RQ3: Themes involve “human-AI symbiosis,” “accountability gaps,” and “ethical boundaries.”
•	RQ4: Themes project “future governance,” “AI-human co-evolution,” and “regulatory adaptation.”

Thematic synthesis therefore transcends individual studies, facilitating a unified conceptual model of portfolio management transformation under AI influence.

3.8 Reliability and Validity
In all research, maintaining methodical discipline is vital to credibility, even when conducting qualitative and secondary data research.

3.8.1 Reliability
In this context, reliability means that findings are consistent (Bryman, 2016). The following methods ensure reliability in this study:
- Clear search procedure: The use of keyword rules and inclusion/exclusion criteria ensures that the search procedure is replicable.
- Systematic coding: The use of a systematic coding framework ensures that all data is coded consistently, avoiding cherry-picking data.
- Reference triangulation: The use of multiple authors to validate findings ensures that interpretations are not based on a single perspective.

3.8.2 Validity
Validity, on the other hand, is about the soundness and appropriateness of interpretations. The following methods ensure validity:
- Construct Validity: The use of interdisciplinary triangulation to combine financial, managerial, and behavioral constructs under a set of analytical themes enhances validity.
- Internal Validity: The use of weighing and contrasting conflicting findings (for example, automation and augmentation) ensures internal validity.
- External Validity: The use of diverse literature contexts to ensure that findings can be applied across different financial sectors and geographic markets.
Although statistical validity is irrelevant to this qualitative approach, theoretical validity is achieved through logical clarity and conceptual soundness.

3.8.3 Reflexivity

Considering that the ethical issues surrounding AI are subject to multiple interpretations, the researcher's awareness of their own perspective is important. Reflexivity was achieved by recognizing the potential for bias towards techno-optimism or techno-skepticism, and seeking balance through cross-disciplinary examination.

3.9 Ethical Considerations

Although the research does not involve direct human subjects or confidential information, ethical integrity is essential to the academic validity of the research. Ethical considerations included:
- Proper citation and referencing to avoid plagiarism.
- Accurate representation of the arguments presented by the authors to avoid misinterpretation.
- Objectivity in synthesizing the arguments, giving equal weight to both critical and positive perspectives.
- Respect for data privacy, only using publicly available sources (Floridi et al., 2018).

Furthermore, being aware of the ethical issues surrounding the intersection of AI and finance, such as bias, accountability, and transparency, is part of the framing of the dissertation analysis. Thus, ethics is not just part of the process, it is part of the research itself.

3.10 Methodological Limitations

While secondary research affords broad conceptual understanding, it also carries inherent limitations:
- Dependence on Existing Literature: This study is only capable of charting what has already been explored. Gaps, such as the long-term effects of AI on adoption, have not yet been fully charted.
- Potential Bias in Reviewed Studies: Disciplinary or geographical biases may exist within studies; this study attempts to combat this by using a variety of sources.
- Lack of Primary Research Data: This study does not include primary interviews or surveys, which could have provided valuable insights into real-world changes or firm-specific nuances.
- Dynamic Nature of AI: AI is constantly evolving, with new tools, regulations, and techniques being developed regularly; this means that literature may be less reliable, as discussed by Athey (2018).
- Interpretive Subjectivity: While coding attempts to combat this, ultimately, interpretive research is subjective by definition.

All of these limitations are, however, very much in keeping with the philosophical approach of this study, as discussed in Chapter 2. In fact, these limitations are not limitations but rather boundaries that define the purpose of this study.

3.11 Chapter Summary

This chapter has provided a strong methodological argument for exploring the effects of AI on portfolio management through a qualitative, interpretivist, inductive, literature-based approach. This is because, as a constructivist approach, it recognizes that the interaction between financial professionals and AI tech is socially constructed.

By using secondary data and thematic analysis, this approach represents a rigorous, credible, and reliable approach to exploring this interdisciplinary phenomenon. Reliability, validity, and integrity are ensured through transparency, cross-checking, and responsible research.

This framework is now capable of exploring AI’s effects on traditional portfolio management, how benefits and drawbacks are represented, how humans respond to AI, and what this means for theory and practice going forward.

4.1 Introduction

This chapter presents the findings derived from the systematic analysis of the secondary data used in this dissertation. The dataset consists of peer‑reviewed journal articles, academic books, and scholarly research examining Artificial Intelligence (AI) in portfolio management, machine learning applications in finance, organisational adoption of AI systems, and governance implications. In accordance with the purpose of a data analysis chapter, this section focuses strictly on presenting what the literature evidence demonstrates, rather than explaining underlying causes or theoretical meaning. Interpretation and linkage to theory are reserved for Chapter 5.
The analysis is structured thematically and aligned directly with the four research questions guiding the study.

4.2 Research Questions

The findings are organised according to the following research questions:
1.	How has Artificial Intelligence transformed the traditional approach to portfolio management?
2.	What benefits and drawbacks arise from AI-based investment strategies?
3.	What role do human portfolio managers play alongside AI-based investment systems?
4.	What are the future implications of Artificial Intelligence for portfolio management?
These questions provide the framework for the structure of this chapter.

4.3 Dataset Snapshot

This research is based on a wide range of scholarly literature that provides the basis for this research. In financial economics, research indicates the use of machine learning in asset pricing and portfolio optimization (Gu, Kelly, and Xiu, 2020). In technical AI research, studies have been done on modeling architectures and prediction systems (Heaton, Polson, and Witte, 2017). In management and organization research, studies have been done on AI adoption and human and AI collaboration (Jarrahi, 2018; Raisch and Krakowski, 2021). In governance and ethics research, studies have been done on transparency and accountability (Floridi et al., 2018; Danielsson et al., 2018).

The theories that guide portfolio management and financial economics (Markowitz, 1952; Sharpe, 1964; Fama, 1970) provide benchmarks to identify when AI practices diverge from traditional theory and assumptions.

4.4 Analytical Procedure

This research was done using thematic synthesis (Braun and Clarke, 2006). The research studies were read and coded to identify empirical findings and patterns relevant to the research questions. The results are presented below based on the research questions.

4.5 Findings for RQ1: AI Transformation of Portfolio Management

Some consistent trends are noticeable when it comes to the adoption of AI in the management of portfolios.

First, there is a clear trend towards the expansion of the type of data being used for investment decisions. Conventional portfolio management models are based on traditional financial data, whereas AI-based systems are using large amounts of unstructured and alternative data, including textual data, macro data, and sentiment data (Gu, Kelly, and Xiu, 2020).

Second, there is a trend towards the adoption of non-linear models. Machine learning models identify complex and non-linear relationships between financial data, which are not captured by conventional linear models (Heaton, Polson, and Witte, 2017).

Third, there is a trend towards more frequent monitoring and rebalancing of the portfolios. AI-based systems are allowing for real-time or near-real-time monitoring and rebalancing of the portfolios, rather than the conventional periodic reviews (Davenport and Ronanki, 2018).

Fourth, there is a trend towards the identification of risk. Machine learning models are identifying intricate and complex interdependencies between financial data, which are not captured by conventional risk models (Danielsson et al., 2018).

Finally, at the organizational level, there is a trend towards the automation of analytical tasks, including the screening of securities and the computation of risk, allowing human portfolio managers to focus on interpreting the results of the AI-based models.

4.6 Findings Related to RQ2: Benefits and Drawbacks of AI-Based Investment Strategies

There are a variety of benefits associated with investment strategies that rely on AI. For instance, Gu et al. (2020) found that AI can improve prediction accuracy in asset pricing problems. Another study by Heaton et al. (2017) found that AI can process high-dimensional data more efficiently than traditional approaches. Algorithmic decision-making can reduce behavioral biases in investment decisions by relying on rule-based logic rather than human emotions (Brynjolfsson & McAfee, 2017). Additionally, AI can allow for personalization in investment portfolios, such as in robo-advisory platforms (Baker & Dellaert, 2018).

However, there are some drawbacks to investment strategies that rely on AI. For instance, AI can sometimes be opaque in its decision-making processes, especially when it comes to deep learning approaches that can sometimes be considered black boxes (Molnar, 2020). Another drawback to investment strategies that rely on AI is that there is a risk of overfitting, which can result in AI performing well in one market environment but poorly in a different one (Lo, 2017). Another drawback to investment strategies that rely on AI is that there is a need for a lot of good data to train the model (Athey, 2018).

Furthermore, there are studies that warn that AI systems could become too similar to each other, which could, in turn, increase systemic risk. This means that if many financial institutions use the same data and algorithms, it could lead to market volatility, as many strategies could be entering similar trades (Kirilenko et al., 2017). Another aspect of governance research that raises questions about accountability, especially when AI systems contribute to financial losses or other negative consequences, was also noted (Baker & Dellaert, 2018).

4.7 Findings Related to RQ3: Role of Human Portfolio Managers

The findings show that AI systems generally act as decision support tools, rather than decision-makers, in finance (Jarrahi, 2018). The portfolio managers often act as supervisors, ensuring that AI model outputs are consistent with the objectives, regulations, and client requirements (Raisch & Krakowski, 2021).

Furthermore, human intervention is often necessary in crisis situations and ethically complex situations. In crisis situations, portfolio managers often override AI system recommendations or make adjustments to them (Jarrahi, 2018).

The literature shows that AI systems can certainly perform some functions, but human portfolio managers still play an important role in finance, especially in complex or ambiguous situations.

4.8 Findings Related to RQ4: Future Implications

According to the literature, there will be a future with more automation in optimization, signal generation, and trade execution, particularly where speed and scale matter. There's a sense that there will be a shift in skills to include more data analytics, AI literacy, and the ability to read, question, and interpret model results for portfolio managers.

There's a sense that there will be greater clarity in governance, including regulators adapting to the needs of AI accountability and transparency. The literature suggests that there will be greater clarity in model validation, documentation, and greater oversight of AI-driven strategies. AI will be more integrated in portfolio management, and human oversight and governance will be even more prominent.

4.9 Analytical Limitations

These findings are based on existing literature, which may not necessarily be a true reflection of private, non-public industry practices. Many studies rely on back-testing, which may not necessarily reflect current constraints, transactional costs, and market structures. The literature may not reflect very recent practices, particularly with regard to rapid advancements in technology.

4.10 Chapter Summary

This chapter has discussed the literature, which reveals certain patterns that are currently observable. These include AI-driven changes in analytical methods, benefits, and risks, as well as human roles and future implications. These will form part of the basis of Chapter 5, where they will be analyzed in light of the theoretical framework, research questions, and gaps identified in previous chapters.

CHAPTER 5: DISCUSSION

5.1 Introduction

This chapter provides a critical discussion of the findings presented in Chapter 4, interpreting them in relation to the research questions and the theoretical framework outlined earlier in the dissertation. The previous chapter focused on presenting what the literature shows regarding Artificial Intelligence (AI) in portfolio management as objectively as possible; this chapter examines the meaning and implications of those findings for theory and practice.

The discussion integrates insights from traditional portfolio theory, behavioural finance, AI and machine learning research, and management studies to evaluate whether AI represents a paradigm shift, an extension of existing practices, or a hybrid transformation within portfolio management. In doing so, it also revisits the research gaps identified in Chapter 2 and assesses the extent to which the synthesis of existing literature addresses them.

The chapter is organised according to the four research questions, followed by sections discussing theoretical implications, practical implications, and an overall synthesis that situates AI within the broader evolution of portfolio management.

 
5.2 Discussion of RQ1: Transformation of Traditional Portfolio Management

The findings indicate that the adoption of AI is transforming the way we process data, the models we use, the frequency of decision-making, and risk analysis. This exerts pressure on the assumptions of the classical portfolio theory. Modern Portfolio Theory (Markowitz, 1952) and CAPM (Sharpe, 1964) rely on linear relationships, normally distributed returns, and relatively stable covariances. However, AI-based systems are based on non-linear models and learning algorithms that can accommodate non-normal return distributions, changing relationships, and intricate interactions among variables (Heaton, Polson, and Witte, 2017).

From a theoretical perspective, it appears that AI challenges the ability of classical theories to accurately represent reality, but not the underlying aim. The traditional risk-return trade-off remains at the forefront; instead, the approach we adopt to approximate and manage it changes. AI-based models extend the information-processing horizon, allowing us to incorporate more data and non-linear relationships. From this perspective, AI represents an evolutionary development that increases the flexibility of portfolio optimization and anchors it in reality, as opposed to a revolution that rejects the previous theory.

The results also relate to the Efficient Market Hypothesis (Fama, 1970). The evidence of AI’s superior predictive accuracy and abnormal returns compared to traditional factor models implicitly casts doubt on strong-form market efficiency. However, if AI systems are able to successfully leverage short-term market inefficiencies with rich data and sophisticated algorithms, it suggests that certain market sectors still retain underlying inefficiencies. Nevertheless, as AI systems become more widespread among traders and institutions, their adoption can potentially arbitrage away certain targeted market anomalies, thereby driving markets towards efficiency. This is consistent with the Adaptive Markets Hypothesis (Lo, 2017), which views efficiency as a dynamic process driven by innovation and competition.

Another aspect is that of time and process. The transition from traditional periodic monitoring and rebalancing to continuous monitoring and rebalancing moves practice from the static equilibrium of traditional models towards a more dynamic, path-dependent process. This, in turn, alters our understanding of risk, which becomes a continuously updated process driven by real-time data and model outputs.

However, the evidence does not suggest that AI has fully replaced traditional approaches in practice. Most AI applications are built upon traditional factor models or used as supplements to existing risk management systems rather than as replacements. Overall, it appears that AI systems have achieved the “hybridisation” mentioned earlier, which is a combination of traditional financial theory and data-driven adaptive approaches.

5.3 Discussion of RQ2: Benefits and Drawbacks of AI‑Based Strategies

The study reveals that there is a trade-off in the use of AI-driven methods of investment. On the positive side, AI increases predictive ability, handles large and complex datasets, and provides more nuanced risk information (Gu, Kelly, and Xiu, 2020; Heaton, Polson, and Witte, 2017). By rigorously going through vast datasets and applying rules systematically, AI can assist in managing some of the behavioral finance puzzles such as overconfidence, loss aversion, and herding (Kahneman and Tversky, 1979).

The negative side of the AI-driven investment strategy is that the lack of transparency in the AI models contradicts the finance industry's demand for decision-making processes that are transparent and auditable (Molnar, 2020). Moreover, there is the risk of overfitting, which shows the vulnerability of AI models that are trained on past regimes (Lo, 2017). This is similar to the Chapter 2 critique of being too dependent on back-tested strategies that might not perform in the future.

The major implication is that risks are transferred rather than eliminated by using AI systems. Discretionary risk management practices are subject to cognitive and emotional biases; in contrast, using AI systems reduces biases but creates model risk, data quality risk, and systemic correlations (Kirilenko et al., 2017; Danielsson et al., 2018). In other words, the source of uncertainty shifts from cognitive and emotional biases in discretionary risk management to the design of the algorithm and the data infrastructure that underlies the AI system.

The above discussion on the risks and benefits of using AI systems in portfolio management echoes the gap that was identified in the literature review on the need to consider the benefits and risks in an integrated manner rather than in isolation from each other. What emerges from the above discussion is that better performance is accompanied by greater risks in terms of explainability, robustness, and systemic risks that may emerge due to the adoption of similar AI systems by many firms in the market. In terms of portfolio management theory and practice, it is important that risk management frameworks consider the risks that may emerge due to the adoption of AI systems in portfolio management.

5.4 Discussion of RQ3: Role of Human Portfolio Managers

The evidence supporting RQ3 indicates that it is more of augmentation than automation. The AI systems are taking on responsibilities that were previously done by analysts, like screening data, pulling out signals, and even some basic optimization. However, it is still left to humans to make the final decision, especially when things are not very clear (Jarrahi, 2018; Raisch and Krakowski, 2021).

This brings to mind the discussion in Chapter 2 regarding “replacement versus collaboration.” There is not necessarily a replacement of one with the other. There is a shift in responsibilities. The new responsibilities are now about humans overseeing and ensuring that the models are working well, interpreting results, and even explaining complex strategies to clients and other relevant stakeholders.

This means that the research results support the notion that portfolio management is becoming a socio-technical phenomenon. The results show that there is collaboration between humans and machines. The machines offer speed, scale, and pattern recognition capabilities, while humans offer contextual understanding, ethics, and accountability. This is in line with human-AI interaction theories that emphasize the need to have humans involved in AI systems to ensure that they remain trustworthy in decision-making situations.

However, it should be noted that there is literature that indicates that there is a danger of deskilling and over-reliance on AI systems. Although limited, it indicates that it is essential to maintain and develop professional expertise even as AI systems become more advanced. This is not only necessary but also serves as a safety net against blind trust in AI systems.

5.5 Discussion of RQ4: Future Implications

Moving forward, it is very clear that while AI will become even more involved in the technical aspects of portfolio management, the same is asked of human skills and governance.

In terms of the workflow, it is likely that AI will be called upon to perform an even greater portion of the analytical work, data engineering, and standardization of optimization. This is in line with the way that financial innovation has been moving forward, with technology increasingly replacing humans in repetitive tasks. However, this does not mean that humans will be out of a job. Rather, it means that humans will be encouraged to engage in even more complex and multidisciplinary tasks.

In terms of skills, it is likely that portfolio managers will be called upon to be familiar not only with financial markets and instruments but also with the basic principles of machine learning. This is in line with what has been called the “quantamental” vibe that has been gaining traction in recent times, as fundamental analysis meets quantitative analysis. In terms of education and professional development, it is likely that portfolio managers will be called upon to be familiar with cross-functional training, as opposed to traditional and narrow training.

In terms of regulation and governance, it is likely that this will play just as important a role as it does now. The research indicates that accountability, transparency, and fairness in AI-powered finance will be at the center of any regulatory and industry group frameworks that are anticipated (Floridi et al., 2018). This means that there will be a need to have strong governance skills within portfolio management. In short, it is likely that the future of portfolio management will be one of increasingly powerful AI tools and humans working alongside one another.

5.6 Theoretical Implications

In all of RQ1 to RQ4, some underlying threads of theory become apparent. First, AI makes linear theory’s empirical fit less accurate, but it does maintain the underlying objective of portfolio theory: to maximize returns for given risks. Therefore, perhaps traditional theory should be seen as a subset of a more flexible and inclusive AI-based framework.

Second, the introduction of AI to behavioural finance introduces new biases, which are now algorithmic and data-driven. It is no longer just humans that are biased; it is now the algorithms and data sets that are used. This perhaps introduces a new area of research: algorithmic behavioural finance.

Third, the results suggest that AI is consistent with adaptive and evolutionary theories of markets and portfolio management, like the Adaptive Markets Hypothesis (Lo, 2017). This is because AI reacts to change and causes change, and this dynamic process is perhaps better explained by adaptive theories than static equilibrium theories.

Finally, perhaps professional expertise in finance must change to incorporate AI collaboration as a fundamental element, rather than an afterthought. Therefore, perhaps portfolio management should be seen as augmented rationality, where optimal results are achieved via the combination of humans and AI.

5.7 Practical Implications

For practitioners, the message is down-to-earth and pragmatic. For investment firms, the message is to design the model of operation to exploit the analytical capabilities of AI, maintaining at the same time robust governance.

Human intervention remains a key element. Portfolio managers and risk officers need to have the competencies and the powers to question, modify, or override the decisions of the model if necessary. This is not simply a question of competence but also of culture, where engagement with technology is considered important and not taken for granted.

Finally, the issue of talent and training is important. It may be necessary for investment firms to develop the skills of their existing staff and recruit new ones who have the right combination of financial and data/AI skills. Another important issue is collaboration between different teams, including portfolio managers and quants.

In brief, the message is one of balance between the benefits of AI for investment firms and the need to develop human capital.

5.8 Overall Synthesis

In short, we can conclude that AI holds a position as a hybrid change in portfolio management. It is not a small addition to the existing body of tools; it is a significant change to data, models, processes, and skills. On the other hand, it is not a fundamental change; it does not alter the fundamental goals, concepts, and human responsibility.

5.9 Chapter Summary

This chapter re-evaluates the results from Chapter 4 with the support of the theoretical framework and research gaps discussed above. In short, it can be stated that AI reshapes portfolio management with its characteristics such as adaptive modeling, improved performance, new risk types, and evolving professional roles. On the other hand, it does not go beyond the logic of risk-return optimization and human responsibility.

This chapter provides a foundation for the last chapter, which will discuss the overall contributions and limitations of this dissertation and future research opportunities.

CHAPTER 6: CONCLUSION

6.1 Restating the Aim and Context of the Study

The purpose of this dissertation is to explore how Artificial Intelligence (AI) affects portfolio management, particularly in terms of how it alters traditional investment practices, the benefits and disadvantages of AI-based investment practices, and how it alters the role of the human portfolio manager, and what it might mean for the future of financial decision-making. The inspiration for this dissertation comes from the rapid adoption of AI in financial markets and the apparent disconnect between traditional portfolio theories, which were developed before AI, and modern data-driven investment practices.

Against this backdrop, the research adopted an interpretivist, constructivist, and inductive stance and employed a secondary research design based on systematic thematic analysis of existing academic and professional literature. The overarching aim was not to test a single model empirically, but to critically synthesise fragmented knowledge and provide a coherent, theory‑informed understanding of how AI is reshaping portfolio management in both conceptual and practical terms.
The study was guided by four research questions:
1.	How has AI transformed the traditional approach to portfolio management?
2.	What benefits and drawbacks arise from using AI‑based investment strategies?
3.	What role do human portfolio managers play alongside AI‑based investment systems?
4.	What are the future implications of AI for portfolio management theory and practice?

6.2 Summary of Key Findings and Answers to the Research Questions

The literature analysis in Chapter 4 and the critical discussion in Chapter 5 provide clear, though nuanced, answers to these questions.

RQ1: Transformation of traditional portfolio management  

This data-driven change in portfolio management is very much alive and affects four core areas: data, models, decision speed, and risk analysis. AI now extends the palette of decisions by incorporating large amounts of structured and unstructured data, texts, sentiment data, and alternative data sets, in addition to traditional price and accounting data. Similarly, with respect to models, there has been a significant change from linear models and assumptions like Modern Portfolio Theory and CAPM to more flexible and nonlinear models that can incorporate complex interactions and relationships between different variables and data points. Decision making has moved beyond traditional review and monitoring cycles and now incorporates continuous monitoring and rebalancing with the help of algorithmic platforms and analytics tools. Finally, with respect to risk analysis, AI has enabled much more granular risk analysis through the ability to identify subtle relationships and dependencies and perform scenario and stress testing.

This change is not about replacing traditional theories and models; rather, AI should be considered an extension and operationalization of the risk-return optimization core of classical portfolio management, now located in a much richer and complex data and modeling environment. The change is evolutionary and hybrid; AI has changed the way portfolios are built and monitored, but the underlying financial principles remain the same.

RQ2: Benefits and drawbacks of AI‑based investment strategies  

The research has found that AI has two sides: on one hand, it has positive effects, but on the other hand, it brings new kinds of risks. On the one hand, it has been found that machine learning models have positive effects on predictive results, especially when dealing with a large number of variables. AI has the advantage of searching through vast and diverse sets of data and helping portfolio managers identify signals that might be difficult to identify manually. Additionally, rule-based algorithms help to avoid some kinds of bias, like overconfidence and loss aversion, and offer scalable and personalized portfolios, like robo-advisors and automated asset allocation.

On the other hand, AI has several risks, like transparency, robustness, data quality, and systemic danger. Most AI models are black boxes, and it is difficult to understand and justify their results, which contradicts the requirement of explainability in finance. Additionally, it has been found that these models might overfit and fail in new market regimes and extreme events. AI models depend on the quality and representativeness of data, and biased and incomplete data might result in biased portfolio decisions. Finally, it has been found that the use of similar models and data might result in systemic danger, which might lead to increases in volatility and fragility in the system.

On the whole, the study indicates that AI is not replacing the risk in portfolio management; rather, the risk is being shifted from cognitive biases in human beings to model risk, data risk, and system-wide interdependence.

RQ3: The role of human portfolio managers with the aid of AI

The study indicates that the introduction of AI in portfolio management has not replaced the human portfolio manager but has changed the nature of the job. In essence, the main use of AI in portfolio management is that it acts as a decision support tool rather than a decision-maker.

The role of the portfolio manager is gradually shifting from data crunching and other quantitative activities to overseeing, governing, and managing the use of AI in the management of the portfolio. The study indicates that the use of AI in portfolio management is shifting the role of the portfolio manager from data crunching and other activities to overseeing the use of AI in the management of the portfolio.

RQ4: Future implications of AI for portfolio management  

From a forward-looking perspective, the trend is evident: AI is increasingly infiltrating the core of analysis and operations, while the expectation of human expertise and governance increases in lockstep. Technical processes of signal generation, optimization, and execution will increasingly become the domain of AI, especially in liquid markets and systematic strategies. Meanwhile, the quantitative expertise of the portfolio manager will increasingly be required to be of a high standard, with a high level of data literacy and AI literacy to comprehend, question, and utilize these complex models in a safe manner.

From the perspective of organizational structure, the field of portfolio management is evolving towards greater interdisciplinarity. This means that there will be greater collaboration between investment professionals, data scientists, technologists, and compliance professionals. It is expected that there will be a clearer set of guidelines issued by regulators on the topics of explainability, validation, accountability, and algorithmic risk management. In this context, AI will not only influence the manner in which portfolios are constructed and managed but also the structure and regulation of financial institutions themselves.

6.3 Contribution to Theory

The current dissertation has several contributions to theory. First, the dissertation demonstrates that AI is not a revolutionary departure from traditional portfolio theory but rather a continuation of its tradition in terms of its analytical toolkit. The fundamental objective of maximizing expected return given a level of risk is the same; AI simply extends the scope of available models and data in the pursuit of this objective. This lends support to the notion of AI being a ‘methodological shift’ within the context of a traditional theory, rather than a paradigm shift.

Second, the research bridges the fields of financial economics, behavioural finance, and AI research, as it reveals the process of the metamorphosis of risk, rather than its elimination. The research also enriches the debate on behavioural finance by introducing algorithmic and data-driven biases, along with human biases, suggesting the necessity of the "behavioural and algorithmic" approach to portfolio decisions.

Third, the dissertation research confirms the adaptive and evolutionary theories of financial markets. The AI model serves as both a tool for exploiting market inefficiencies and a tool that may gradually eliminate these inefficiencies, thereby supporting the Adaptive Markets Hypothesis.

Lastly, the dissertation research also contributes to the theory of management and human–AI interaction by considering the portfolio management process as a socio-technical system based on human–AI collaboration, rather than human or AI-driven decision-making.

6.4 Contribution to Practice

In practical terms, the study provides a series of takeaways that can be applied by asset managers, financial institutions, and policymakers. For asset managers, the takeaway is that simply adopting AI models will not work; rather, it requires effective governance, accountability, and investment in people and skills. For example, there should be built-in mechanisms for validating models, tracking performance, and stress testing models, as well as providing room for human intervention when models go awry.

For portfolio managers, the research points out the need for hybrid skills, whereby financial acumen alone will no longer suffice; rather, there is a need to have a good grasp of data limitations, models, and AI risk. Another takeaway from the research is that soft skills will continue to play an essential role in the value proposition of professionals, whereby explaining AI-driven investment strategies will continue to be essential.

Finally, for policymakers and regulators, the research points out the need to modernize regulatory frameworks that address issues of algorithmic transparency, documentation, and accountability, whereby setting expectations on issues of explainability, auditability, and accountability when AI plays a role in investment decisions will be essential in maintaining trust in financial markets.

6.5 Limitations of the Study

The study has a number of limitations that need to be pointed out at the onset. For instance, the study relies on secondary data only, which, although provides a broader coverage, excludes any confidential industry practices that may have been left out in published literature and research. Another limitation of the study is that some of the research evidence used in the study was gathered from secondary data sources, whereby some of the data collected through research studies was conducted using historical back-testing and case study approaches.

Moreover, the study on AI and financial markets is relatively new and will continue to evolve; therefore, although the study has provided conclusions based on existing knowledge at the time of writing, new innovations and developments may alter the current state of affairs. Finally, although the study has provided useful insights and concepts that can be applied in the industry, the interpretivist and qualitative nature of the research means that there is less emphasis on generalization and more on integrating concepts.

6.6 Recommendations for Future Research

In light of these boundaries, several areas of future research are evident. First, there is a need for more research on the organizational level to observe the actual practice of portfolio managers working with AI systems. Second, there is a potential for future research to examine the evolution of AI systems and the role of humans in the future.

Third, there is a need to integrate AI model risk and systemic risk into the portfolio risk management process. Finally, there is a potential for future research to bridge the gap between finance, computer science, and ethics in developing a model of governance that encourages innovation in AI-driven portfolio management.

6.7 Final Reflections

In conclusion, this dissertation asserts that AI represents a hybrid evolution of portfolio management. It changes the practice of using data, modeling, and executing decisions while remaining within the broader context of risk-return optimization and the role of humans. The challenge and opportunity for the industry is to harness the potential of AI in a responsible fashion, with humans at the core, and developing a model of governance that recognizes the potential of AI-driven finance.

