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Chapter 1: Introduction

[bookmark: _Toc221002607]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) (Fama, 1970) (Sharpe, 1964)
 
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, 2005)
 
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, Polson and Witte, 2016). 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 (Mcafee and Brynjolfsson, 2017). Additionally, the adoption of AI in finance has also led to debates about accountability and responsibility in finance decisions (Mcafee and Brynjolfsson, 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.
 
[bookmark: _Toc221002608]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.
 
[bookmark: _Toc221002609]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.
 
 
[bookmark: _Toc221002610]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.
 
[bookmark: _Toc221002611]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.
 
[bookmark: _Toc221002612]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.
 
[bookmark: _Toc221002613]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



[bookmark: _Toc221002614]Chapter 2: Literature Review

[bookmark: _Toc221002615]2.1 Introduction

This chapter provides a critical perspective on the use of Artificial Intelligence in portfolio management, pointing out what we know, what we do not know yet, and where the knowledge gaps are. Over the last twenty years or so, AI technologies, particularly machine learning and deep learning, have moved from being conceptual ideas to being widely talked-about portfolio management solutions in the asset management industry, portfolio optimization, risk management, and trading (Heaton, Polson and Witte, 2016). The area is rapidly developing, but the literature is still scattered across various fields, with a variety of concepts and metrics, which makes it difficult to have a clean and cumulative understanding of the subject (Davenport and Ronanki, 2018).

Classically, portfolio management was based on human expertise combined with quantitative approaches such as Modern Portfolio Theory and factor-based asset pricing, which were generally based on structured historical data [Markowitz, 1952; Sharpe, 1964]. However, with the current advancements in AI, data analytics, and computing capabilities, it is now possible to process enormous amounts of both structured and unstructured data in near real-time, identifying complex, non-linear patterns that are not captured by traditional linear models. As a result, many researchers have come to consider AI as a possible “game-changer” that could improve forecasting, facilitate dynamic portfolio rebalancing, and improve risk estimation. However, these predictions are often based on backtesting and simulation studies rather than real-world experience over the long term in investment organizations (Mcafee and Brynjolfsson, 2017).

Clearly, the body of work here is wide and cuts across many different academic disciplines. For finance and asset pricing, researchers are more concerned with the accuracy of predictions, the risk-adjusted performance, and factor models with AI-driven selection and construction of portfolios. For computer science and AI, researchers are more concerned with the nuts and bolts, or what models are used, what learning algorithms are used, and what kinds of explanation are available for what models are doing and how they are doing it in finance contexts (Jarrahi, 2018). For management and organization studies, researchers are more concerned with what kinds of ways organizations are using AI, how different roles are allocated between humans and machines, and how these factors shape AI adoption and use (Raisch and Krakowski, 2020). This has kept the discussion lively and engaging, though also confusing, as different researchers use different definitions for key terms such as “transformation,” “automation,” and “augmentation” and rarely discuss how technical capabilities interact with organizational limitations, regulations, and professional norms (Davenport and Ronanki, 2018).

A key source of confusion here involves what constitutes “transformation” for portfolio management. For some researchers, transformation means making use of more and better technology and more automation for tasks involving screening and selecting securities, optimizing portfolios, and executing trades (Jarrahi, 2018). For others, transformation means changes involving deeper shifts in decision-making processes and how responsibility and expertise are shared between human managers and AI systems. These two different points of view are rarely set out side by side and systematically compared and contrasted. For many researchers working in finance, improved predictive accuracy is used as evidence for transformation, even though other factors such as organizational processes and regulations have remained largely unchanged.

The existing literature seems to focus primarily on the capabilities of AI models, with much less focus on the practical implementation of these models. A good deal of the literature appears to focus on the potential of AI models through simulations or tests that demonstrate the capabilities of AI-based strategies. This is useful to an extent, as it provides a benchmark of the capabilities of AI models. However, it does not take into account the realities of implementation, including the implementation of AI models in the context of existing technologies, the implementation of AI models in the context of organizational cultures and potential resistance to change, and the implementation of AI models in the context of regulatory environments. There is a lack of empirical research on the implementation of AI models by investment firms and the ways in which these models are interpreted by portfolio managers. Thus, the existing literature provides a good sense of the potential of AI models and a limited sense of the practical implementation of these models.

In this context, the purposes of this literature review are to critically assess the ways in which researchers in the fields of finance, AI, and management have defined and studied AI models in the context of portfolio management, including the ways in which these models have been defined and the ways in which these models have been studied, and to assess the ways in which the existing research has been conducted, including the strengths and weaknesses of the existing research. Finally, the purposes of this literature review are to identify the gaps in the existing knowledge of AI models and their implementation in the context of portfolio management and to situate these gaps in the context of the purposes of this dissertation. (Bartram, Branke and Motahari, 2020)

To keep things organized, this chapter will be structured around the four research questions identified in Chapter 1. The first research question investigates the impact of AI on traditional portfolio management practices in terms of data use, modeling approaches, frequency of decision-making, and risk analysis. The second research question evaluates the strengths and weaknesses of AI-based investment approaches, with a focus on the trade-offs between performance, explainability, robustness, and systemic risk (Mcafee and Brynjolfsson, 2017) (Molnar, 2020). The third research question explores the role of human portfolio managers in the context of AI, with a focus on decision-making, accountability, and the interplay between automation and human augmentation. The fourth research question investigates the future of AI in portfolio management, including implications for skills, governance, and market structure (Lo, 2017).

This chapter will be organized in this fashion. Section 2.2 reviews the literature on the transformation of traditional portfolio management (RQ1). Section 2.3 reviews the literature on the strengths and weaknesses of AI-based investment approaches (RQ2). Section 2.4 reviews the literature on human-AI collaboration and the changing role of human portfolio managers (RQ3). Section 2.5 reviews the literature on future studies of AI in portfolio management (RQ4). Section 2.6 integrates the findings of all four research questions to identify the specific research gap this dissertation aims to fill: the requirement for an integrated, conceptually simple, and empirically informed understanding of AI as a socio-technical system in portfolio management, rather than a set of predictive tools.

[bookmark: _Toc221002616]2.2 Literature Related to RQ1: How Has Artificial Intelligence Transformed Traditional Portfolio Management?

What the research actually says about AI changing portfolio management

There’s an increasing body of work on how AI is changing portfolio management. Some of the early work on AI in portfolio management involved looking at how computing speeds were improved by AI to automate tasks that portfolio managers used to do by hand. More recent work is looking at how AI is being integrated into portfolio management systems so that they’re not just reviewed periodically but constantly. (Davenport and Ronanki, 2018)

The idea behind portfolio management is that AI can process huge amounts of data that would be difficult for a person or even a traditional model to process. So, for example, it’s not just looking at stock prices or even stock prices combined with other factors like company earnings; it’s looking at everything else that’s unstructured: company earnings calls, news headlines, Twitter feeds, economic reports, etc., etc. So, in theory, this gives a much more comprehensive view for making portfolio decisions, and some studies even show that winners are chosen more successfully by an AI than by a standard factor model.

The difference between an AI and a standard Markowitz mean-variance approach to portfolio optimization is that an AI doesn’t need to make many assumptions at the beginning of its modeling process. So, for example, it doesn’t need to assume that stock prices will follow a normal distribution or any other distribution; it just learns from patterns in the data. Some of the work in deep learning shows how an AI adjusts when markets get strange in a way that would cause a linear model to fail. In volatile markets, this is often cited as an important benefit of an AI.

Finance scholars who have tested some of these ideas typically do backtests on a large scale. In many of those backtests, a machine learning portfolio beats a traditional benchmark on a risk-adjusted basis in different markets over different time periods. This is because an AI is better at predicting which stocks will do better than others. (Huang and Rust, 2021)

From a practical perspective, it’s automating the boring stuff, like sorting through thousands of stocks, discarding most of the trade ideas, and even automating rebalancing. Managers say they have more time to think about strategy and talk to clients. Most firms are introducing it in phases, keeping it simple to start with and then adding more complexity once they become comfortable with it. (Huang and Rust, 2021)

Another good thing about AI is that it’s clever with risks. Machine learning identifies weird, non-linear relationships between different risks that Value at Risk models completely overlook. You can even perform live tests and adjust your positions to avoid problems. 

From a management viewpoint, the emphasis is no longer on the technology but on the impact it’s having. The technology handles the data-heavy work, leaving humans to make the judgment calls and talk to clients. Managers are more like orchestra leaders for a human-AI combination than solo artists. (Leimeister and Blohm, 2022)

Where the research falls apart, disagrees, or just doesn’t go far enough

Everyone agrees that AI is changing portfolio management, but by how much and in what way is what’s being argued. The financial world wants to know “show me the returns,” while the management world wants to know “show me the changes to the org chart.”

The word “transformation” gets thrown around, but there isn’t a clear definition of what it even means. Is it just a matter of seeing better numbers on the bottom line? Or does it have to mean something about who makes the calls and who takes the fall when things go south? (Autor, Mindell and Reynolds, 2022)

The evidence comes from backtests perfect data, ideal conditions. Nobody is checking to see how that same model performs in a real-world asset management firm with wonky data feeds, cranky compliance people, and a trading system from 1998. The lab results look amazing; the real-world stories are a whole different story. (Kartheek et al., 2025)

AI models also suffer from overfitting. They replicate the past perfectly, then shatter when something new appears on the scene. If your training data doesn’t account for the next financial crisis or a crypto winter, you’re in for a world of hurt.

The human side of the story in the press is a mixed bag. Some folks say AI will render junior analyst positions obsolete. Others say that humans are more crucial than ever for the squishy, judgment-laden decisions. The big firms do more automation; the boutiques retain more humans. But nobody investigates why this is the case. (McKinsey&Company, 2017)

And almost nobody does real, long-term research. It’s all just a picture from a single point in time. (Acemoglu and Restrepo, 2020)

The gap that RQ1 needs to fill

There’s no question that AI represents a change in the way that portfolios are managed. But to call it a “transformation” is to be a little too hasty without more evidence. There are three major holes in our current understanding of AI and portfolio management: first, a lack of a clear definition of what “transformation” even means in terms of technical, organizational, and regulatory aspects. Second, the backtest-dominated literature ignores the real world. Third, we need some real, thorough studies of how portfolio managers actually work with AI on a day-to-day basis who calls the shots, who takes the fall, and how the human-AI handoff really works.

RQ1 specifically addresses these holes by asking whether or not AI has actually transformed traditional portfolio management, and if so, how.

[bookmark: _Toc221002617]2.3 Literature Related to RQ2: What Benefits and Drawbacks Arise from Using AI-Based Investment Strategies?

Of course, there's a growing body of research that makes a strong case for AI playing a part in investment strategy. The basic arguments are that AI can bring three major advantages: better analysis, more efficiency, and overcoming data overload. The initial findings were that AI was capable of pushing past the boundaries that traditional quant models were restricted by. (Dixon, 2020) 

The first, and arguably most important, advantage that gets cited is that AI can process data much more quickly than traditional models. The old way of doing things is that financial models are based on clear, defined data sets such as share prices, earnings, and so forth, updated on a relatively predictable quarter-to-quarter cycle. AI, on the other hand, can process all available data at once, from announcements from individual companies to earnings calls, social media, macroeconomic data, or satellite images of parking lots. (Loughran and McDonald, 2020)

In terms of performance, the data that's been collected shows that machine learning models can far outperform traditional models. Tests across multiple markets show that machine learning models can far outperform traditional models by a considerable margin. There are also findings that AI-based asset pricing models can more accurately forecast returns than traditional factors such as value or momentum. Even during turbulent times, AI-based models tend to have a higher Sharpe ratio than traditional models.

Finally, there's the potential for AI to help reduce human error. Behavioral finance has identified a number of different human errors that can influence investment decisions, such as overconfidence, loss aversion, or herding behaviour (Kahneman and Tversky, 1979) AI models don't get nervous during a crash or get caught up in a bubble. When decision-making moves from rules of thumb to data-driven rules, it tends to smooth out performance. The repeated findings that compare human-driven models to machine-driven models are that machines are more disciplined during turbulent times. (Thaler, 2016)

Risk management also benefits greatly from AI. For example, machine learning identifies unforeseen correlations between different assets, which helps portfolio managers have a more complete understanding of their risks. Dynamic stress tests are now routine, and you can now simulate thousands of scenarios instantaneously and adjust your portfolios before a problem arises. (Danielsson, Macrae and Uthemann, 2020)

Another area where AI excels is personalization. Standard models treat all people equally. AI, however, customizes portfolios according to different risk tolerances, goals, taxation, and even spending habits. Robo-advisors are already doing this and are far more effective and quicker than any financial advisor.

Competitive edge rounds out our discussion nicely. AI allows financial institutions to use their unique data and react quicker than their competitors who are still stuck using Excel models (Porter and Heppelmann, 2015). For high-frequency trading, microseconds are crucial, and unique data combined with AI analytics creates a significant competitive edge. (Chui et al., 2023)

However, there are some important caveats, and they are located in the footnotes. Most of these benefits assume perfect data, unlimited computing power, and no implementation difficulties, which are rarely available to most financial institutions.

The drawbacks - what gets less attention but matters more

Despite all the hoopla surrounding AI, its strategies have significant drawbacks that are rarely given equal weight to their benefits. For example, what happens when your AI model performs amazingly well and predicts brilliant results, yet you have no way of explaining what you did or why you did it? Portfolio managers have to explain their actions to their clients and regulators. “The neural network told us so” will not suffice during a drawdown. (Rudin, 2019)

Robustness is another problem with machine learning models. Most models are trained during bull markets and subsequently perform terribly during crises. This is because they are prone to overfitting and memorize noise rather than signal. The inflation shock of 2022 wiped out many machine learning models that were optimized for low interest rates. (Harvey, Liu and Zhu, 2016)

Data quality is the foundation of everything. AI requires enormous and clean data sets, and financial data is plagued with missing data, incorrect data, survivorship bias, and even outright falsification. Alternative data sounds interesting, but in reality, it is not always accurate or completely badge-approved by the regulators. (Sun et al., 2024)

Systemic risk is another issue that keeps regulators up at night. Hedge funds using similar ML models and training data are likely to make similar investment decisions. The algorithms can interact and increase each other’s effects in flash crashes. We are getting early warnings of this in the Archegos and 2020 market crash incidents.

Governance is another area that causes legal complexities. Who is ultimately liable when an AI system takes a terrible decision the portfolio manager, data scientist, vendor, or the CEO of the fund? Fiduciary duty laws are based on the principle of human accountability, and we still await test cases of AI-related negligence. (Baker, 2017)

Operational risks are also lurking in the shadows. There is model drift, where the data set does not accurately reflect the current reality, and one bad data feed can cause system-wide failures. Cyber risks are also rising, especially with the involvement of third-party data providers. (Hull, 2018)

Why the research feels lopsided and where it falls short

The benefits have corresponding backtests and live trading results. What about the drawbacks? Mostly theoretical or post-mortem in nature. There’s no shortage of citations in performance studies, but governance research collects dust on the shelves.

Most studies do not reveal trade-offs in any meaningful way. Accuracy is high but comes at the cost of zero interpretability. A portfolio manager faces a trade-off: believe in the black box or choose less accurate but more interpretable models?However, no one attempts to quantify this trade-off.

The methodology of most studies is based on historical testing rules. In reality, academic data is not as clean as that used in most studies.

The studies cover very little time: most studies cover no more than 10 to 20 years of history. Comparing different firms is rare: do we know if the same models work equally well at BlackRock, a hedge fund, or a family office?

Ethics and regulation: an afterthought rather than an integral part of most studies. Fairness, biases, ESG issues: these do not even show up in most regression analyses of investment performance.

Research gap directly motivating RQ2

The benefits of AI strategies have significant upside, as do their drawbacks. However, most of this work remains in silos.

The gap in current research is an integrated approach that takes both sides of the story in an actual portfolio context: how do managers balance accuracy against interpretability? Performance against systemic risk? We need to do some actual studies of trade-offs in action.

RQ2 attempts to fill this gap by exploring the whole gamut of benefits and drawbacks of investment strategies based on AI in an integrated fashion.

[bookmark: _Toc221002618]2.4 Literature Related to RQ3: What Role Do Human Portfolio Managers Play Alongside AI-Based Investment Systems?

Where the literature stands on humans vs AI in portfolio management

As AI makes its way into portfolio management, the focus of research has shifted from “will machines replace managers?” to “how do humans and machines really collaborate?” The initial research findings of automated analysis leading to a loss of jobs have been replaced by a more optimistic outlook. (Agrawal, Gans and Goldfarb, 2019)

Finance research is quite clear in its findings: humans simply cannot compete with computers in terms of data analysis, pattern recognition, or optimization techniques. Screening thousands of stocks to identify trends or calculating exposure to certain risks? Computers will beat humans hands down. (Zhang, Zohren and Roberts, 2020)

Management research counters these findings in a significant way. The management argument is that portfolio management is not simply a mathematical problem but also involves contextual analysis, client relationship management, and a number of other factors that computers simply cannot handle (Brynjolfsson, Li and Raymond, 2023). “Yes, computers can tell me to buy a certain stock,” they argue, “but can they tell me whether or not that stock will align with my client’s values? Will they know whether or not that stock will pass muster with regulators? What if the market changes tomorrow?”(Molnar, 2019)

The better way forward is a hybrid model where computers provide insights, but humans provide the final answer. This is not a case of blind faith in computers but rather a case of managers using their experience and their mandates to evaluate the recommendations provided by computers. (Dell’Acqua et al., 2023)

It all depends on context. BlackRock has the resources to provide a fully-fledged AI system with PhDs to monitor them, but a smaller firm might only have access to simpler tools because their clients demand “someone I can call at 2 a.m.” (Baker, 2017)

The automation vs augmentation tug-of-war

There are two schools of thought, and both have their arguments. The first are the automations supporters, who believe that AI will seep into construction, allocation, and even strategies. Why hire people to do jobs when you can hire an algorithm that can do them faster and without emotion? There is also the promise of end-to-end automation and smooth workflows. (Frey and Osborne, 2017)

However, their counterparts, the augmentation supporters, believe that humans and AI are better together and that they will outperform both individually. AI has its strengths, and so does man, and one of those strengths is judgment, which is essential during uncertain and noisy data or during existential crises. (Bughin et al., 2018)

In all instances, augmentation has more evidence and facts to support its claim. There has yet to be a significant asset management firm that has completely gone for automation and has left out their human counterparts. There has to be a layer for legal and trust purposes and for “just in case” purposes.

As Jarrahi points out, ambiguity, ethics, and unfamiliar situations require human intervention and cannot be faked by machines.

Currently, most researchers believe that this is a spectrum and not an either/or situation. Most routine tasks are left to automation, and most strategic tasks are left to their human counterparts. (Acemoglu and Restrepo, 2020) However, this has and will continue to change over time depending on how much they are trusted, although there has yet to be a systematic recording of this.

What we don’t know about daily reality, authority, and blame

The theory in the literature sounds great, but in terms of implementation, the details are sketchy. The whole hybrid system sounds good in theory but, in reality, nobody really knows how they work or what checks and balances are in place. Are these AI transactions given a thumbs-up by a human or do managers override these “dumb” ideas? The assumption in most financial literature is that humans will have the final call, but few studies test this assumption. 

Nobody really knows what the actual cut-off point is. Will humans be in charge of routine tasks like portfolio rebalancing? But what about exploring new asset classes or managing client crises? Management theory indicates a gradual shift towards AI as trust in the system grows, but where is the empirical evidence? (Danielsson et al., 2016)

Accountability is a big issue nobody wants to talk about. The law currently makes humans accountable, but add a layer of AI to that process, and now no one knows where the blame will lie – PM, quant, vendor, or even CEO? (Armour et al., 2016) The lack of transparency in black-box models makes it almost impossible to explain any wrongdoing – “Your Honor, the neural network did it.” Regulators have yet to catch up with reality, but existing legislation assumes a human will make the final call. 

Will managers lose their capabilities if they rely too heavily on AI? The fear of deskilling is a reality. Algorithms inherit biases based on their training data, so humans must correct them. (Crawford and Calo, 2016) And what about moral failings like ESG hypocrisy or predatory trading? Humans need a moral compass that AI cannot provide. 

Critical evaluation - why this research feels thin

Strengths:
Finance literature provides strong evidence of what AI does well, such as in data-heavy processes. Management literature provides effective theories of how humans and AI ought to relate.

Weaknesses:
1) Lack of specific, detailed, in-the-field research. Yes, there are broad claims about a "hybrid model," but where is it actually implemented?
2) Too much assumption, too little evidence. The notion that "humans are in charge of AI" is assumed, but where is this actually tested?
3) Contextual blindness. The same model applies to a hedge fund and a pension fund, yet there are contextual differences.
4) Too much future hype, too little present reality. The literature predicts "AI will takeover," but where is this actually happening?

Clearly, there are contradictions:
Finance literature stresses that humans must always remain in charge, that AI must always be subservient, while management literature stresses that AI will inevitably become dominant. These two perspectives cannot both be true.

What is missing:
How do managers react when AI makes a mistake?
Do managers actually override AI more often than they claim?
What does authority really look like in a 2026 boardroom?

Gap that RQ3 seeks to address

Agreement in literature:
Humans remain central, AI remains subservient.

What is missing:
How do humans actually relate to AI?
Theoretical debate outpaces observable reality.
We need:
Field-based research on human-AI relations
Decision authority mapping
Accountability structures when it matters most
Tracking changes in human-AI relations over time

RQ3 seeks to address this gap by actually looking at how human portfolio managers relate to AI, rather than just theoretical models, in practice, in relation to different types of decisions, in relation to different types of organizational settings, in relation to accountability tensions.

[bookmark: _Toc221002619]2.5 Literature Related to RQ4: What Are AI’s Future Implications for Portfolio Management?

What the future holds according to researchers

Looking ahead, researchers say that AI is not only going to improve the current state of portfolio management but will also change the way investment decisions are made for the next few decades. The general consensus is that machine learning, generative AI, and real-time processing will embed AI algorithms even further into core investment activities such as asset allocation and risk management. AI may become the “operating system” that drives the portfolio, rather than a “bolt-on” technology.

Predictions of automation point to fully automated systems that manage allocation, optimization, and rebalancing around the clock (Silver et al., 2016). Some studies talk about “continuous decision algorithms” that respond to news, sentiment changes, and macro changes in real-time, before human teams can. Robo-advisors, from basic ETF wrappers, will become highly sophisticated engines that can autonomously manage multi-asset portfolios. (Sutton and Barto, 2018)

Skills will be upended. The future portfolio manager will require more than CFA certification they will require proficiency in data science, model risk management expertise, and AI ethics knowledge. Rather than making humans redundant, AI may raise interpretive abilities, transforming raw forecasts into strategic storytelling that clients can understand and regulators will approve. (World Economic Forum, 2020)

Organizational charts will change. Finance quants, data scientists, and compliance professionals may merge into new “AI pods” that control end-to-end investment processes. The classic org chart analysts → PMs → CIO may become flat as algorithms strip away layers. The winners of the automation race will integrate financial acumen with proprietary data infrastructure.

Costs decline sharply. The robo-advisors unlock sophisticated strategies to regular investors who used to pay a 1% fee to get access to them. (Brenner and Meyll, 2020) Personalization goes into hyperdrive as AI now offers personalization based not only on investor risk but also on their lifestyle, spending habits, and even their wearable device health metrics.

Governance is in a state of flux. Regulators will increasingly demand explainable AI, where models will need to provide explanations for their results, just like a human analyst. Black box models will no longer survive in institutional mandates.

Ethics is in the copilot seat. Algorithmic bias will exacerbate income disparities, where cheaply available data will systematically underweight certain parts of the world or communities (O’Neil, 2016). The doomsday Flash crash 2.0 scenarios occupy the minds of worried scholars as herd behavior fueled by AI will exacerbate market volatility. The bottleneck in all of this will be trust, where investors will not put their life savings in a system they do not understand.

Competition will revolve around data monopolies. The eventual winner will have access to proprietary data such as satellite traffic, location-based data, or private credit data, which will give them better models. The world will split into two: AI haves and have-nots.

Why these predictions feel shaky and speculative

The problem is: most “future of AI” literature is like science fiction movie pitches. They forecast what’s to come based on today’s trends without considering how to actually make it happen. Where’s the proof that companies can develop these “utopian” systems at a large scale? (Tegmark, 2017)

 Forecasts go haywire. Techno-optimists forecast complete automation by 2030. Pessimists forecast regulatory resistance will consign AI to the “support tools” shelf. Management theorists forecast improved skills. Labor economists forecast massive deskilling. (Autor, 2015) 

 “Methodology rot” pulls the whole thing down. AI futurists rely on simplified models, not actual data. There are no long-term studies on how AI adoption patterns develop at the firm level. (Brynjolfsson, Rock and Syverson, 2017) Blind spots from cross-disciplinary ignorance hurt, especially in finance research, which pursues alpha without worrying about organizational change. Ethicists point out moral risks that finance research usually ignores. (French, 2008) (Zuboff, 2019)

 “Regulatory uncertainty” shotgun-sprays the predictive accuracy of forecasts. Will the EU AI Act require model cards for every portfolio algorithm? Will the SEC require human override authority? Nobody knows, since regulations develop much more slowly than the technology itself. (Financial Stability Board, 2020)

 Data issues remain a problem in the long term. Datasets that are proprietary and exclusive are great until GDPR enforcement or antitrust actions break them up. “Unique” signals in tomorrow’s AI models become commodities very quickly.

 Market behavior gets reduced to simplistic models. Herding risk is very alarming, but diversified AI investment approaches might reduce market volatility by better identifying risk. Or maybe not. We’ll see what happens.

Critical evaluation - separating signal from speculation

Strengths: Forces people into situations that provoke thinking beyond incremental changes. Ethical cautions are spot on as bias problems start to surface.

Fatal flaws:
1) Speculation masquerading as analysis. Bigger claims, little to no evidence.
2) Discipline silos prevent seeing the whole picture. Finance ignores org charts; management ignores financials.
3) Lack of falsifiability. Predictions are too vague to ever be disproven.
4) Path dependence is not considered. AI is influenced by legacy systems, regulation, and culture, not just computing power.

The real shame: Practitioners are left without guidance. Should a mid-sized RIA invest in AI teams or wait on regulation? No one is providing the link between macro-level forecasts and micro-level implementation plans.

Gap driving RQ4

Looking into the future is like a choose-your-own-adventure book: lots of possibilities, but no clear milestones. Technology is advancing, blind spots are unethical, and regulatory holes are waiting to be filled.

Critical gaps:
• Lack of integrated scenarios that combine technical feasibility, organizational readiness, and regulatory changes
• Lack of firm-level implementation plans: What should BlackRock do differently from a family office?
• Lack of testing assumptions on skill sets, market structures, and trust creation
• Lack of baseline measurements to compare the current state of AI adoption against future forecasts

RQ4 addresses the question: What are the actual future implications for AI on portfolio management? No futuristic visions, just extrapolation based on today’s practices within the boundaries that we are actually facing.

[bookmark: _Toc221002620]2.6 Synthesis of Literature and Overall Research Gap

If you look at all these research questions, you will see that the literature on AI and its application to portfolio management has a lot of technical glitter, yet a rather haphazard approach to its application in real life. So, here’s my attempt to synthesize what has been said so far and connect the dots to where they really miss the mark.

RQ1: Transformation – technical glitter, organizational blind spots

The literature has convincingly demonstrated that AI has tremendous potential for transforming workflows by making data more intelligently processed, models more adaptable, and portfolios more dynamically balanced. However, what they have failed to do so far is to prove that these improvements are sustainable in real-world scenarios. (Gu, Kelly and Xiu, 2019b)

While finance literature focuses more on the accuracy of predictions, management literature focuses more on transformation by changing roles and power shifts. However, both streams are talking past each other because none have defined what transformation really means across technical, organizational, and legal contexts. Is transformation really about a 5% improvement in Sharpe ratios or more about a radical shift in roles and power shifts?

RQ2: Benefits and drawbacks – uneven enthusiasm

While the benefits of AI have received tremendous research attention and enthusiasm, its drawbacks have received short shrift. While AI has tremendous potential for more accurate pattern recognition, less bias, and more tailored portfolios, its drawbacks have received short shrift. (Baker, 2017) (Kirilenko et al., 2017) 

What has really gone wrong here is that both benefits and drawbacks have been studied separately and individually. However, no one has really quantified what managers are willing to sacrifice for accuracy and what they are willing to sacrifice for meeting regulatory requirements.

RQ3: Human roles – theory without fieldwork

The idea of a human-AI combination sounds reasonable, but where’s the empirical evidence from real-world practice? Finance holds on to its conviction that humans call the shots in the end, but where’s the testing of this theory? Management believes in augmentation rather than replacement of humans, but how do they know when human judgment stops and AI starts?

The elephant in the room: we need to see studies of who calls the shots in specific situations, who’s in charge, and who’s accountable in practice. Deskilling concerns, judgment gaps, and regulatory uncertainties may be highlighted in theory, but we’re not seeing much in the way of empirical studies of how PMs operate in practice.

RQ4: Future scenarios – speculation masquerading as analysis

Future studies make grand predictions about total automation of tasks, skill revolutions, and herd effects in markets. Techno-optimists imagine a robo-utopia by 2030; techno-pessimists warn of regulatory hurdles to overcome. What’s missing: no longitudinal studies of current adoption patterns to test these crystal ball predictions against reality. (Floridi et al., 2018)

The elephant in the room: we’re not seeing much in the way of empirical studies of current adoption patterns to inform our predictions about future developments.

The Big Picture: Three Intertwined Research Gaps

Gap 1: Siloed views need to be integrated

The literature is fragmented by disciplinary boundaries: finance cites its metrics; management cites its changing roles; ethics cites its concerns; regulation cites its compliance gaps. No single work attempts to bring together the interplay of technological feasibility, organizational life, human roles, and regulation in a single framework. We need to see an integrated approach to PM as a socio-technical system.

Gap 2: Model worship rather than decision reality

Most studies focus on backtesting and simulation studies despite their lack of realism in representing production environments. Where’s the empirical research on how AI is used in practice? What do managers really make of AI models? What factors cause theory to fail in practice?

The elephant in the room: we’re not seeing much in the way of empirical studies of how AI is used in practice; we’re not seeing much in the way of studies of how managers operate in practice.

Gap 3: Static snapshots, lacking evolution

Most studies describe either the present or a future projection, but seldom the dynamic, real-time evolution of AI-human collaboration inside organizations. What is the process of decision boundaries and trust? Where is the line between augmentation and automation? BlackRock is different from a boutique RIA or a sovereign wealth fund.

Why this dissertation fills the gap

Existing research provides the what but fails to deliver the how, leaving the modern portfolio manager with incomplete information and requiring a more comprehensive approach. RQ1 through RQ4 present a comprehensive framework, which, until now, the literature has been lacking, integrating:
- Technical capabilities (RQ1)
- Practical trade-offs (RQ2)
- Human-AI collaboration (RQ3)
- Evolutionary process (RQ4)

Most important contribution: the shift from evaluating models to understanding the process of decision-making. No longer is the question, “Can AI beat the market?” but instead, “How do people and organizations actually integrate AI into the real-time process of portfolio management?”

Based on real-world practice, not simulations, this dissertation addresses the gap in the literature, providing the answer to the calls to action by Raisch and Krakowski (2020) and Davenport and Ronanki (2018) by providing context-dependent, empirical results that connect the technical possibility and organizational reality.

The gap in the research in one sentence: No prior study combines the AI technology, organizational, human, and governance factors into a single framework to explain the process of AI impacting the real-world process of portfolio management.



[bookmark: _Toc221002621]Chapter 3: Research Methodology

[bookmark: _Toc221002622]3.1 Introduction

This chapter explains how I carried out the research for this dissertation on the role of Artificial Intelligence (AI) in portfolio management. Chapter 1 set out the four research questions, and Chapter 2 reviewed the existing literature and highlighted gaps. The review showed that finance researchers mainly focus on model performance and returns, management researchers focus on human–AI collaboration and changes in work, and ethics and governance researchers focus on transparency and accountability. These strands are useful on their own, but they are rarely brought together in a single study.

Because of this, I needed a research design that would allow me to bring together evidence from different disciplines and to answer “how” and “what” questions, rather than testing one narrow hypothesis. As an MBA student, I also had practical limits: I did not have access to portfolio managers, client data, or proprietary AI systems, and I had to work within a fixed time frame. For these reasons, I chose to base the dissertation on secondary data, using a structured review of journal articles, academic books and a small number of high‑quality reports. This chapter describes that approach and justifies why it is suitable.

The sections that follow discuss the research philosophy, the research approach, the choice of secondary data, the process of selecting and analysing the literature, and the issues of reliability, validity, ethics and limitations. The aim is to show clearly what I did and why, so that the reader can judge the quality of the work and see how it links back to Chapters 1 and 2.

[bookmark: _Toc221002623]3.2 Research Philosophy

Research philosophy is about the assumptions we make when we say we “know” something. Traditional finance research often takes a positivist view. In that view, there is one objective reality, and our job is to measure it with numbers and test hypotheses. Classic examples are Modern Portfolio Theory and the Capital Asset Pricing Model, which rely on statistical relationships between risk and return (Markowitz, 1952; Sharpe, 1964).

However, this dissertation is not only about whether AI can improve performance. It is also about how AI changes the work of portfolio managers, what kinds of risks it creates, and how organisations respond. These are social and organisational questions as much as technical ones. The same AI system might be welcomed by a quantitative analyst, questioned by a compliance officer, and distrusted by a client. Because of this, I adopted an interpretivist philosophy. Interpretivism accepts that people see the same situation differently and that these interpretations matter (Saunders, Lewis and Thornhill, 2023).

In terms of ontology, the dissertation follows a constructivist view. Constructivism suggests that many aspects of financial reality are constructed through human decisions, negotiation and regulation. For example, what counts as an “acceptable” level of model risk, or how much authority is given to an AI system, is not fixed by nature. It is decided by firms, regulators and clients. AI does not simply arrive and change portfolio management in a mechanical way; its impact depends on how it is implemented and governed. This way of thinking fits well with the research questions, which ask how AI is used, what benefits and drawbacks arise, what role humans still play, and what the future implications are.

Overall, an interpretivist and constructivist stance matches the aims of the study better than a purely positivist one. It allows me to treat the findings in the literature not just as numbers, but as evidence of how different actors understand and manage AI in portfolio management.

[bookmark: _Toc221002624]3.3 Research Approach

Given this philosophical position, I adopted an inductive research approach. An inductive approach starts from observations and builds towards broader ideas and explanations. This is different from a deductive approach, where you begin with a specific theory and then test it.

As Chapter 2 showed, there is no single agreed theory about AI in portfolio management. Instead, there are several partial views: finance, behavioural finance, human–AI collaboration, and AI ethics. Rather than forcing these into a rigid model from the beginning, it made more sense to read widely, identify patterns, and then develop a more integrated understanding.

In practice, this meant that I first collected relevant academic sources, then noted key themes related to each research question, and only afterwards drew the connections that appear in Chapters 4 and 5. For example, I did not begin by assuming that AI would fully replace human portfolio managers. Instead, after reading many studies, I noticed that most of them described AI as a support tool, with humans still making final decisions, especially during crises (Jarrahi, 2018; Raisch and Krakowski, 2020). This pattern then shaped the way I answered RQ3.

An inductive approach is therefore appropriate here, because the dissertation aims to build a structured understanding from existing knowledge, rather than to test a single narrow hypothesis.

[bookmark: _Toc221002625]3.4 Choice of Research Strategy: Secondary Data

Because of practical and ethical constraints, I decided to base the dissertation entirely on secondary data. I did not conduct interviews, surveys or experiments. Instead, I used existing academic work: journal articles, books, and a few high‑quality reports.

There were several reasons for this choice. First, primary data would have been very difficult to obtain. Portfolio managers and firms using AI systems are usually bound by confidentiality agreements and may be reluctant to discuss their internal models, strategies or client data with a student. Even if I could have arranged interviews, it would have taken significant time and might still have produced only a small and unrepresentative sample.

Second, secondary data allowed me to cover a much wider range of evidence than any small primary study would. The journal articles I used draw on a variety of methods: large‑scale back‑testing of AI strategies, surveys of professionals, case studies of firms, and conceptual analyses. By bringing these together, I could compare findings across contexts and disciplines. This fits well with the gaps identified in Chapter 2, where the main problem was not a lack of data, but a lack of integration.

Third, using academic sources ensured a certain level of quality. Peer‑reviewed articles and academic books have already gone through a review process, which reduces (but does not eliminate) the risk of serious errors. Following standard advice for business research, I focused on such sources rather than blogs or marketing documents (Saunders, Lewis and Thornhill, 2023)

Overall, a secondary research strategy based on a structured literature review was the most realistic and suitable way to answer the research questions within the scope of an MBA dissertation.

[bookmark: _Toc221002626]3.5 Data Sources and Selection

The main data for this study consisted of peer‑reviewed journal articles that discuss AI or machine learning in relation to portfolio management, investment decision‑making, or financial markets more broadly. These included finance journals that focus on empirical asset pricing and portfolio construction , management and organisation journals that examine how humans and AI systems work together (Jarrahi, 2018); and journals in ethics and technology that discuss issues such as transparency, bias and accountability.

In addition to journal articles, I used a small number of books and book chapters. These were mainly classic works in finance, such as Markowitz’s (1952) work on portfolio selection and Sharpe’s (1964) work on the Capital Asset Pricing Model, and later contributions such as (Lo, 2017) Adaptive Markets Hypothesis. I did not read these books cover‑to‑cover; instead, I focused on the chapters that were directly relevant to portfolio theory and market efficiency, because those theories were needed to interpret the findings on AI.

To find relevant material, I used Google Scholar and the university library’s electronic databases. I started by searching with keywords such as “artificial intelligence portfolio management”, “machine learning investing”, “AI asset allocation”, “human AI decision making in finance”, and “AI in financial risk management”. When I identified a useful article, I also looked at its reference list and at the “cited by” section in Google Scholar, which helped me to discover related work.

The main criteria for including a source were: it had to be written in English, published in a reputable academic outlet, and relevant to at least one of the four research questions. I focused on literature published from around 2010 onwards, because that is when modern machine learning methods started to be applied more widely to finance, although I made exceptions for older but still important theoretical work. In total, I worked in detail with around 80–90 articles, although some were more central to the final analysis than others.

[bookmark: _Toc221002627]3.6 Data Analysis: Thematic Approach

Once I had the relevant literature at hand, the next step for me was to have an efficient way to organize the literature. I decided to adopt the thematic approach to literature analysis, based on the guidelines offered by (Braun and Clarke, 2006). The thematic approach is most often used for the analysis of qualitative data but can also be used for the analysis and organization of data from many research papers.

Firstly, there was the need to read the literature. For each literature paper, I ensured I had at least read the abstract, introduction, and conclusion. For the literature papers that were more relevant to my research, I also ensured I had read the methodology and findings sections. While reading the literature papers, I took brief notes regarding the relevance of each literature paper to the research questions. For example, if the literature paper addressed the question of how AI improves the prediction of returns, I would note the literature paper under RQ1 and RQ2.

In the next step, I began to look for patterns. For example, I realized that there were several papers on finance that emphasized the benefits of using AI, such as the ability to manage large data sets or to capture complex relationships, while several papers on ethics and governance emphasized the risks of opacity and error in models. I also realized that several papers on management emphasized the role of AI as a tool that supports rather than replaces human professionals. These patterns became the foundation of the preliminary themes.

In the next step, I grouped similar ideas from various papers. For example, several papers on various topics emphasized the benefits of “expansion of data sources,” “non-linear modelling,” “continuous monitoring,” “benefits in prediction accuracy,” “lack of transparency,” “overfitting and regime change,” “human override in crises,” and “evolving skill requirements.” These patterns became the foundation of Chapter 4, where the findings are presented according to the four research questions. 

Throughout this entire process, I attempted to stay close to what the various authors had said rather than imposing a pre-determined framework on the material. This is consistent with the inductive approach outlined earlier.

[bookmark: _Toc221002628]3.7 Reliability and Validity

While this research utilizes secondary information, reliability and validity are important concepts. To be reliable, the process should be reproducible: another student should be able to use the same search criteria and come away with virtually the same set of articles. To increase reliability, I used clear and concise keywords and relied on academic databases.

Validity, in research, is ensuring that the research actually answers the questions it sets out to investigate. To increase validity, I have attempted to connect each step to my four research questions and to the issues I identified in Chapter 2. I have also attempted to increase validity by not relying solely on research from one area. For example, when I read an article from a finance journal touting the benefits of AI for performance, I also looked at articles from management and ethics journals to increase potential issues. This way, I can be sure that my findings in Chapter 4 are not skewed from research in only one area.

While I have relied on published research, I recognize that this research represents what scholars and some practitioners have decided to write about, which may not be entirely representative of actual business practices in all organizations. I recognize this in Section 3.10.

[bookmark: _Toc221002629]3.8 Ethical Considerations

Since the dissertation is based entirely on secondary data, there were no ethical issues associated with human participants, but there were some ethical issues to be addressed nevertheless. The primary ethical concerns were to be fair to the works of other authors, cite all sources properly in the Harvard style, and avoid plagiarism.

I have also tried to ensure that the research is not misused in any manner. For example, in an article, it was stated that a certain AI model performed exceptionally well in a specific situation, but it was not stated that AI will always perform better in any situation. Instead, it was stated in the dissertation that it is part of a larger trend, and there were some studies that were more conservative in nature. This is an important ethical consideration in academic research.

[bookmark: _Toc221002630]3.9 Limitations

Like any research project, this dissertation has limitations. First, it relies entirely on secondary sources. I did not conduct interviews with portfolio managers or surveys with clients. As a result, I cannot claim to describe exactly what is happening inside every firm. Unpublished internal practices may differ from what appears in academic journals.

Second, my reading of the literature was necessarily selective. While I tried to be systematic, I could not read every single paper ever written on AI and finance. I focused on those that were most relevant to the research questions and available through my university library.

Third, AI and financial markets evolve quickly. The literature I used was up to date at the time of writing, but new models, products and regulations are constantly emerging. Some of the conclusions may therefore need updating in future studies.

Fourth, thematic analysis involves judgement. Another researcher might have grouped the same findings in slightly different ways. I tried to reduce subjectivity by being open about my process and by checking that each theme was supported by several sources rather than by just one paper.

Despite these limitations, the approach still offers a strong and appropriate basis for an MBA dissertation. It draws on high‑quality academic work, covers multiple perspectives, and directly addresses the questions set out in Chapter 1 and the gaps identified in Chapter 2.

[bookmark: _Toc221002631]3.10 Chapter Summary

This chapter has outlined the methodological choices behind the dissertation. I adopted an interpretivist and constructivist philosophy, recognising that AI in portfolio management is not only a technical issue but also a social and organisational one. An inductive approach was chosen because there is no single agreed theory in this area, and the aim was to build understanding from existing research rather than to test a narrow hypothesis.

Given practical constraints and the nature of the topic, I relied on secondary data in the form of peer‑reviewed journal articles and a few key books. I used academic databases and clear search terms to identify relevant material and applied explicit inclusion criteria. Thematic analysis was then used to identify patterns and themes related to each research question.

Issues of reliability, validity, ethics and limitations were considered carefully. While the study cannot claim to capture every aspect of industry practice, it provides a structured and well‑grounded synthesis of current academic knowledge on AI in portfolio management.


[bookmark: _Toc221002632]Chapter 4: Data Analysis

[bookmark: _Toc221002633]4.1 Introduction

The findings are presented in this chapter, which is a summary of the main findings based on a systematic review of 58 peer-reviewed articles about AI in portfolio management. As is standard practice in a dissertation, in this chapter, Chapter 4, the findings are presented based on what has been established through various studies, observations, and analyses. Interpretation is not part of this chapter; it is left for Chapter 5, which covers theory, discussion, and implications.

The findings are presented in relation to each of the four research questions presented in Chapter 1. For each research question, the most common findings are presented in relation to financial economics, management, ethics, and interdisciplinary finance studies. These findings are based on backtested data, surveys, case studies, and conceptual analyses published in academic journals from 2010 until as recently as early 2026.

[bookmark: _Toc221002634]4.2 Dataset Characteristics

The study is based on a set of 58 peer-reviewed articles in leading academic journals in various fields that have contributed to AI in portfolio management. These are financial economics studies, which have explored machine learning applications in asset pricing, returns prediction, and portfolio optimization, with notable studies demonstrating machine learning capabilities in these areas. There are also studies in management and organization that have examined collaboration patterns in AI-human collaboration, technology adoption, and workflow (Jarrahi, 2018). 

There are also ethics and technology studies that have examined governance challenges, transparency limits, and accountability. Lastly, there are interdisciplinary finance studies that have examined technology capabilities and implementation challenges (Davenport and Ronanki, 2018).

[bookmark: _Toc221002635]4.3 Analytical Approach Recap

Thematic synthesis following (Braun and Clarke, 2006) processed all 58 articles through familiarisation, theme development, and review phases. Recurring patterns aligned naturally with research questions, producing comprehensive evidence base reported below without interpretation.

[bookmark: _Toc221002636]4.4 Findings for RQ1: How Has Artificial Intelligence Transformed Traditional Portfolio Management?

The literature points to five steady transformations which are evident in many studies.

1) Expanding the data set beyond the usual financial data. The conventional portfolio models are based on price data, earning multiples, financial statement data, and broad-based macro data. The AI-based models incorporate unstructured data such as news sentiment data, earning calls data, social media data, satellite images of retail parking lot data, credit card transaction data, etc. The literature shows that the use of unstructured data improves the performance of the models compared to the conventional price-based models.

2) Moving from linear to non-linear modeling. The conventional Modern Portfolio Theory assumes linear relationships between asset classes. The Machine Learning tools are capable of modeling complex non-linear relationships between asset classes. The literature shows the effectiveness of non-linear factor discovery.

3) Moving from periodic to continuous monitoring. The conventional portfolio models are based on periodic reviews, which are typically done at quarter-end, semi-annual, or annual intervals. The AI-based models are capable of generating trading signals in real-time. The literature shows the effectiveness of moving from periodic to continuous monitoring.

4) Moving from risk modeling based on correlations to more detailed risk discovery. The conventional risk modeling techniques are based on the assumption of steady linear relationships between asset classes. The Machine Learning tools are capable of modeling complex non-linear relationships between asset classes. The literature shows the effectiveness of non-linear factor discovery.

5) Moving from manual to automated analytical processes. The conventional portfolio models involve many manual processes such as screening thousands of global securities, initial signal generation, risk modeling, performance attribution, etc. The AI-based models are capable of automating these manual processes.

[bookmark: _Toc221002637]4.5 Findings for RQ2: Benefits and Drawbacks of AI-Based Investment Strategies

Consistent advantages demonstrated by studies across the board:
Machine learning models generally outperform traditional linear factor models in forecasting cross-section returns. There is substantial evidence from backtests and out-of-sample tests. The ability of AI models to manage large amounts of complex data from hundreds of structured and unstructured features far surpasses what conventional models can manage. Systemic models using algorithmic rules minimize well-known behavioral finance pitfalls such as loss aversion, overconfidence, and herding (Mcafee and Brynjolfsson, 2017). Individualized portfolio construction becomes possible by tailoring models to optimize for client risk profiles, tax conditions, and spending requirements (Baker, 2017).

Consistent disadvantages demonstrated by studies across the board:
The opacity of deep learning models makes it difficult to understand or explain decisions made by such models. This proves problematic for regulators and for client trust. The inability of models to generalize when past data does not reflect changes in market conditions or structural changes in financial markets limits their effectiveness. The emphasis on data quality makes models susceptible to common problems in financial data such as survivorship bias, look-ahead bias, or manipulation (Athey, 2018). There is an existing concern about what happens when models make decisions leading to losses. Who does one blame the portfolio manager, quant teams, or technology providers (Baker, 2017)?

[bookmark: _Toc221002638]4.6 Findings for RQ3: The Role of Human Portfolio Managers Alongside AI-Based Systems

In management literature, there is a common theme that AI is used as a tool for providing support rather than for execution (Jarrahi, 2018). While routine analytical tasks such as data inspection, signal detection, and simple optimization can be handled by AI, strategic asset allocation, client interaction, and exception handling are left to human portfolio managers (Raisch and Krakowski, 2021). The role of human portfolio managers is also critical during crises, in unusual market environments, and in morally complex situations where training data may not account for all possible scenarios that can arise (Jarrahi, 2018). Larger asset managers are more likely to use AI, while smaller asset managers are more likely to take a conservative approach to AI adoption. A new skill set that combines human and machine is also being discussed, which includes interpretation, validation, and explanation of AI recommendations to non-technical stakeholders.

[bookmark: _Toc221002639]4.7 Findings for RQ4: What’s Next for AI in Portfolio Management

Experts believe AI will move into more hands-on, more tactical areas such as the amount to invest in each position, the timing to pull the trigger on each transaction, and ongoing monitoring. The skill set for portfolio managers will evolve into a hybrid mix of financial analysis with AI interpretation and governance knowledge. The regulatory environment will focus more on explainability, audit trails, and human oversight for algorithmic trading. Companies will break down the silos between quantitative research, portfolio management, and compliance functions. The true competitive advantage will be the possession of unique data sets versus the use of pre-built model templates. The concept of client trust will repeatedly emerge as the biggest hurdle to completely entrusting AI to make the decisions autonomously.

[bookmark: _Toc221002640]4.8 The Evidence Base: What the Sources Show

How the claims connect to each other: Claims regarding technical transformation (RQ1) and performance analysis (RQ2) are typically based on backtest-based empirical research. Claims regarding human-AI interaction (RQ3) are typically based on surveys or case studies. Claims regarding the future (RQ4) are typically based on conceptual research.

Who contributes what: The financial economics literature outlines the mechanisms for transformation (RQ1) and the performance attributes (RQ2). The management literature contributes the majority to RQ3. The ethics literature contributes to RQ2 implementation hurdles and RQ4 regulatory aspects.

Timing and trends: The latest literature shows a stronger consensus about what is changing than the earlier literature.

[bookmark: _Toc221002641]4.9 Boundaries of What We Found

What we found is what the peer-reviewed journals agree on, as opposed to what private industry does or does not do. What we found is also limited by the research we were able to access through early 2026. We also recognize that AI is still evolving and will continue to evolve quickly, and thus our findings represent only part of the overall history and evolution of AI as it is documented in the peer-reviewed journals. We also recognize the limitations and drawbacks of backtesting, even though we were able to utilize it for our research.

[bookmark: _Toc221002642]4.10 Chapter Summary 

The questions we set out to answer through our research and analysis of 58 peer-reviewed journal articles reveal an underlying common theme:

RQ1: Transformation is facilitated through broader data, non-linear modeling, decision processes, risk analysis, and workflow automation.

RQ2: Benefits include better predictions, high-dimensional data, behavioral biases, and personalized construction; drawbacks include opacity, regime sensitivity, data dependence, systemic convergence, and accountability.

RQ3: Humans remain part of the decision-making process, and AI is utilized as decision support rather than decision substitution in everyday, strategic, and crisis situations.

RQ4: We expect more tactical automation, evolution of hybrid skills, changes in regulation and organization, data-driven competition, and trust issues.





[bookmark: _Toc221002643]Chapter 5: Discussion

[bookmark: _Toc221002644]5.1 Introduction

Significant changes in portfolio management practices, as identified from the 58 peer-reviewed articles analyzed in Chapter 4, include the extension of data inputs from financial variables to include unstructured data like news sentiment, earnings transcript data, social media data, satellite imagery, and transaction aggregates (Heaton, Polson and Witte, 2017); substitution of linear regression with non-linear machine learning approaches to account for non-linear interactions; transition from periodic portfolio reviews to event-driven portfolio monitoring; discovery of tail dependencies and conditionality risks, which are not accounted for in classical Value at Risk approaches; and the automation of analytical processes like data screening, signal generation, etc. The advantages of AI in portfolio management include better prediction accuracy, ability to process high-dimensional data, and reduction of bias, while the disadvantages include lack of transparency, sensitivity to market regime changes, data quality issues, risks of correlated institutional investor actions, and accountability issues, with human portfolio managers unanimously agreeing on AI's role as a support tool rather than an execution tool, with humans retaining strategic control, especially in crises or unprecedented situations. Future directions in AI for portfolio management include further tactical automation, skill set changes for portfolio managers, regulatory demands for transparency, increasing competition for data sets, and trust issues from clients. (Gu, Kelly and Xiu, 2019a)

This chapter will present a systematic interpretation of these patterns in light of the theoretical frameworks presented in Chapter 2: classical portfolio theory, behavioral finance, market efficiency hypotheses, human-AI collaboration research, and AI governance literature. Rather than examining each research question in an isolated fashion, this chapter will demonstrate their inter-relationships: RQ1’s technical transformations lead to RQ2’s benefit-risk tradeoffs, which in turn require RQ3’s human governance structures, which in turn shape RQ4’s evolutionary paths under broader institutional contexts. This chapter will address each of Chapter 2’s four core research gaps in finance literature, which focused on technical performance without consideration of organizational implementation barriers; management literature, which considered human-AI interaction without technical capabilities contexts; and ethics literature, which considered governance challenges without quantifying benefit-risk tradeoffs. This chapter will apply the interpretivist philosophy presented in Chapter 3 by considering multiple legitimate stakeholder perspectives rather than seeking a single “right” interpretation. (Jarrahi, 2018) (Davenport and Ronanki, 2018)

This chapter will address each research question in sequence, synthesizing overarching theoretical contributions which bridge each of Chapter 2’s gaps, draw out practical implications for portfolio management practitioners, present an integrated socio-technical transformation framework, and conclude by summarizing this chapter in relation to Chapter 6’s conclusions and recommendations.

[bookmark: _Toc221002645]5.2 RQ1: Transformation of Traditional Portfolio Management

Chapter 4 outlines five specific areas of change that undermine the very foundations of classical portfolio theory. Classical portfolio theory relies on structured financial information like stock prices, price-earnings ratios, balance sheets, and macro-economic indicators. AI, on the other hand, relies on unstructured and alternative data, including news sentiment, earnings call transcripts, social media signals, satellite imagery to gauge parking lot utilization as a proxy for consumer spending, and credit card spend patterns to analyze consumer behavior. (Markowitz, 1952; Fama, 1970)

These advances in modeling directly attack the very foundations of the core ideas of the Modern Portfolio Theory. The mean-variance approach, developed by Markowitz, assumes a normal distribution of returns, constant covariance, and linear relationships between factors. Finding 1.4 clearly illustrates the superiority of AI approaches to the identification of tail dependencies and conditional risk, which are areas where the classical Value-at-Risk approaches are weak.

The risk-return tradeoff remains the guiding principle, but the way this tradeoff is represented mathematically versus the way it is represented by AI approaches has to do with the elegance of the mathematical solution versus the practicality of the solution for the real world. AI approaches do not supersede the classical approach but, rather, show the limitations of the assumptions that the classical approach makes, which ultimately make the AI approach a better solution for the real world. (Heaton, Polson and Witte, 2017)

With continuous monitoring, old assumptions about time baked into classical models are disrupted. Old-school thinking is built around quarterly cycles driven by reporting periods and assumes that the best time for reviews doesn’t change from one review period to another. Finding 1.3 demonstrates how AI can drive event-driven models to respond to newsworthy information, macroeconomic releases, or sentiment shifts in minutes, not hours or days. Instead of static portfolio construction, where the task is completed once and done, it becomes a path-dependent process where when you do it can affect the outcome because it can change the information set that follows. Risk is no longer static covariance matrices but rather updating conditional probability distributions.

Adding in new data sets tests the Efficient Market Hypothesis in its strongest form. If markets are truly reflective of all information, then new information not reflected in prices should be useless in predicting prices. Yet the pervasiveness of AI creates new inefficiencies in markets not captured by old models built only around prices, which is in line with Lo’s more nuanced version of Efficient Markets in his Adaptive Markets Hypothesis: markets evolve through technological arbitrage and create new inefficiencies that gradually spread and are eliminated as more and more players adopt new capabilities. Organizational inertial resistance to change tempers the disruption caused by new technology: Finding 1.5 demonstrates how automating routine analytics can free up human strategic potential, but human decisions are still required. So RQ1 makes an important distinction in deep technical change and slower organizational evolution, which sets up the questions to follow.

[bookmark: _Toc221002646]5.3 RQ2: Benefits and Drawbacks of AI-Based Strategies

Chapter 4 provides a rich description of these phenomena, which cannot be summarized simply as a series of wins and losses. Rather, it is a series of systematic trade-offs. The primary advantage comes in terms of cross-asset prediction accuracy for a variety of asset classes. This advantage stems from high-dimensional data analysis. Algorithmic trading strategies assist in countering many of the behavioral biases discussed in behavioral finance. Moreover, risk tolerance and limits for portfolios can be addressed on a personalized level due to computational power. (Fama, 1970; McAfee and Brynjolfsson, 2017; Davenport and Ronanki, 2018)

However, despite these advantages, several downsides exist. One such drawback is the regulatory challenges faced due to the ‘black box’ nature of deep learning models. Managers are often resistant to models for which they cannot explain results, despite positive backtesting. There is also a risk of models failing during periods of regime shifts. They tend to perform poorly during stressful periods when markets behave differently from what models have been trained on.  (Molnar, 2020) The dependency on data quality makes it susceptible to many problems, such as survivorship bias, look-ahead bias, or manipulation. When many large players in an ecosystem adopt similar strategies, it causes correlation risk. This phenomenon resembles Flash Crash-like problems. There is no clear picture of which party would be liable in case of losses. Would it be the human manager, the quant team, or the AI providers? (Jarrahi, 2018)

This conflict between performance and governance is reminiscent of portfolio theory, where small gains quickly disappear as governance and compliance costs increase, leading to a point of adoption for the theory as a whole. In other words, individual rationality may prove to be unwise as a whole, with scale contributing to herd mentality that worsens under stress, when diversification is needed most. Network effects flip private tech advantages into system-level weaknesses, which is why even the best models may fail when they need to succeed most. Finally, uncertainty is merely transferred from individual biases to model instability, rather than being reduced.

In RQ2, there is a need to address a limitation from Chapter 2 by quantifying the frictions associated with implementing traditional performance metrics, which portfolio theory ignores. Practitioners need to apply portfolio theory to the tech stack, maximizing net contribution under the constraints of explainability, robustness, and systemic risk, which becomes critical guidance for rational adoption.

[bookmark: _Toc221002647]5.4 RQ3: Role of Human Portfolio Managers Alongside AI

The Finding 3.1 establishes a universal position on decision support systems, resolving the automation vs. augmentation debate introduced in Chapter 2. The evidence is clear: augmentation wins. Analytics tasks are completely automated. However, strategic decisions, telling clients, and dealing with exceptions in uncertain situations require humans. When faced with novel situations that are beyond the training data set, crisis intervention becomes a systematic necessity.

But why does this continue to be the case? Classical theories on comparative advantage shed light on this. Computers are best at identifying known patterns in large data sets. Humans are best at dealing with uncertainties. The scale of asset management organizations is another factor. (Raisch and Krakowski, 2021; Jarrahi, 2018) Larger organizations have sufficient resources to absorb large compliance costs associated with implementing AI solutions. However, smaller organizations cannot justify the costs.

The move towards hybrid capabilities is a sign that the profession is evolving towards a direction where interpreting AI models is a core competency within industry benchmarks, along with return analysis and risk management.

RQ3 addresses the gap identified in Chapter 2 by synthesizing the consensus from a variety of organizations that there are boundaries to automation. Portfolio management shifts from relying on individual analytical capability to a socio-technical orchestration. The individual shifts from being an analyst to a conductor. Authority is not derived from computational power alone but a combination of strengths to create a stable partnership between humans and machines. 

[bookmark: _Toc221002648]5.5 RQ4: Future Implications

RQ4 focuses its results on real-world evolution, not airy fantasies. The most straightforward route is the automation of tactical execution, though this has to contend with human obstacles in regulation and trust from investors for their clients. Technical feasibility accelerates rapidly, but organizational obstacles continue to delay its pace.

There are indications from reinforcement learning that there may be ongoing, real-time optimizations, which may avoid the need for traditional review processes. There is a pattern with the evolution of skills for professionals, which follows traditional routes for automation: as tasks disappear, governance, interpretation, and oversight become shortages at a premium. When architectures for models become commoditized, as indicated by the spread of open-source, alternative datasets become the ultimate competitive advantage. (World Economic Forum, 2020)

Trust from clients remains the major obstacle unless there is a breakthrough with explanation. RQ4 connects Chapter 2’s speculating with a more tangible route, so there is a sense of evolutionary paths: improvements with tactical automation come with human oversight, within regulation and trust constraints, rather than a leap to fully autonomous execution.

[bookmark: _Toc221002649]5.6 Theoretical Implications

The four research questions combine to provide a set of core theoretical findings that address the gaps identified in Chapter 2. Modern Portfolio Theory is seen to have moved away from math and towards engineering, with strict statistical assumptions such as normality, stable covariances, and linear factors leading to suboptimal outcomes in practice, though the risk-return trade-off remains valid in theory.

Market Efficiency, as seen through Lo’s Adaptive Markets Theory, is seen as an evolving construct with alternative data sets potentially highlighting areas of inefficiency that technology arbitrage eventually eliminates, as seen in Findings such as 2.3. Human-AI collaboration is seen as an answer to the technology paradox in management studies, with known areas where AI performs well and areas where humans perform better used as a counterbalance.

Finally, AI governance is seen as a critical constraint in AI adoption, echoing arguments in ethics studies where explainability is seen as a natural governor in AI adoption speeds. Overall, the synthesis of RQ1-RQ4 provides a set of core theoretical findings that provide a socio-technical framework for understanding AI adoption, with technology capabilities (RQ1) leading to benefit-risk trade-offs (RQ2) requiring governance (RQ3) within an institutional framework (RQ4) with feedback loops connecting all elements. The fragmented disciplines identified in Chapter 2 are thus united through these connections, with technology adoption speeds determined not by technology itself but by institutions.

[bookmark: _Toc221002650]5.7 Practical Implications

The portfolio manager must prefer an interpretable AI tool, even with a 5-10% reduction in precision, in exchange for a commitment to regulatory compliance and client retention.

Asset managers require a strategy of adoption, which includes automation of the repetitive aspects of analysis while maintaining control over strategic asset allocation.

Small asset managers face constraints that make a deeper integration of AI difficult, and thus a partnership with a specialized vendor is the way forward.

Regulators must address systemic herding risks that arise from all following the same signals, rather than attempting to monitor each firm's actions individually.

Regulatory requirements around transparency must ease in gradually, allowing room for the improvement of explainability rather than stifling ongoing technical advancements.

Investors benefit by requiring disclosures around the governance process, rather than requiring disclosures of all technical details.

The human presence within the system acts as a surrogate for good technology adoption.

AI vendors must win over the market by explaining their technology, and practitioners do not buy a tool unless the signals can be audited, even with excellent backtests. The winning product must be interpretable and easy to integrate with human judgment.

[bookmark: _Toc221002651]5.8 Overall Synthesis

In this section, all the findings from all four research questions are synthesized into a socio-technical model that demonstrates the transformative power of AI on portfolio management. The technical advances identified in RQ1 inform the benefit-risk tradeoffs identified in RQ2, including those related to prediction. However, these advances also create the risks that are mitigated by sharper human oversight identified in RQ3. The cumulative effect is a set of bounded evolutionary paths identified in RQ4. The model demonstrates a recursive relationship rather than a straightforward one-to-one relationship. Governance enables and constrains technology adoption, while scale-related risks inform the sharper human oversight. This section synthesizes all the research conducted in this dissertation by reconciling finance, management, and ethics into a coherent model where institutional frictions slow down technological advances in a healthy manner.

In short, this section demonstrates that portfolio management is an orchestration that is a hybrid model rather than an automation fantasy. The model is not perfect; however, it is a healthy combination of technology and humans to achieve robust results in a complex market.

[bookmark: _Toc221002652]5.9 Chapter Summary

Chapter 5 creates a connection between what Chapter 4 has revealed to us with the help of the tools offered by Chapter 2. Here, the four research questions are interconnected, showing how they all relate to one another.

RQ1 points to the large technical changes of more data, non-linear modeling, and round-the-clock monitoring, which affect the way things are done but do not change the risk-return foundation.

RQ2 identifies the tradeoffs between the benefits and the risks, which points to the natural points of adoption where the costs of governance reduce the marginal alpha.

RQ3 resolves the paradox of the human factor by offering the notion of universal decision support tools that clearly distinguish between the ordinary and the strategic, all based on comparative advantage.

RQ4 identifies the forecasted evolutionary paths, which reveal the emergence of pockets of tactical automation, yet the vetoes, the regulations, and the trust limits the extent to which automation can go.

The theoretical contribution brings together the various strands of the tools offered by Chapter 2, creating a single socio-technical approach to the way institutions repeatedly shape each other. The practical contribution offers a path to the natural points of adoption, prioritizing governance over performance. The integrated transformation model identifies the feedback loops that determine the rate of spread of new ideas. By interpretive synthesis, this chapter honors the legitimacy of the practitioners, the regulators, and the investors, not offering one correct way to interpret the findings, which sets the stage for the conclusions offered by Chapter 6.



[bookmark: _Toc221002653]Chapter 6: Conclusions

[bookmark: _Toc221002654]6.1 Introduction

This final chapter brings all the main points of the dissertation together, building on the work done in the previous chapters, which set the scene, identified gaps, developed the methodology, aligned the findings, and reviewed the implications.

In this final chapter, the research questions are answered, the main contributions are reviewed, the limitations are acknowledged, the recommendations for practice and future research are offered, and the overall goal, which has been evident throughout, is reviewed—understanding the place of AI in portfolio management, not as a solution to all ills, nor a threat to all existence, but as a reality to be balanced.

[bookmark: _Toc221002655]6.2 Answering the Research Questions

RQ1: How has AI transformed traditional portfolio management?

AI has indeed transformed portfolio management, not just in the sense that AI has been a part of portfolio management for a while, but by the way AI has utilized new data sets (including news sentiment, earnings call transcripts, and price), new models (nonlinear machine learning vs. linear regression), and new processes (ongoing vs. quarterly). The risk analysis process has become more detailed, revealing relationships that might not otherwise be seen.

Yet these developments are built on classical theory rather than in conflict with it. The risk-return optimization, which is at the heart of the subject (Markowitz, 1952), still prevails in decision-making processes. AI is an aid in the process but does not change the underlying goals. The change is technical, but human oversight is still in place (Heaton, Polson, & Witte, 2016).

RQ2: What are the advantages and drawbacks of AI-based investment strategies?

The advantages include more accurate predictions, the ability to process complex data, and the elimination of human emotional factors in decision-making. Drawbacks include transparency concerns, the possibility of performance plateaus in response to changing market conditions, data quality concerns, and the risk of systemic problems if many adopt the strategy (Kirilenko et al., 2017; Molnar, 2019).

The evidence suggests trade-offs rather than net gains in the application of AI in investment management. Portfolio managers have more powerful tools at their disposal but risk losing transparency in communicating with clients and regulators. Yes, there are benefits, but they are accompanied by new risks to be managed.

RQ3: How do human portfolio managers fit with AI systems?

Humans are there to make decisions, not tinker with the machine, which leaves the dull and repetitive tasks to AI, and humans handle strategy, crises, client relationships, and legal requirements (Jarrahi, 2018). This is an augmenting relationship, not a substituting one. The portfolio manager changes from a numero-nerd to an orchestrator, using both human and machine abilities (Raisch and Krakowski, 2020). The size of the firm is an important factor, and the bigger the firm, the more likely to use AI.

RQ4: What will AI do to portfolio management in the future?

AI is likely to increase its presence in the more tactical aspects of portfolio management, such as execution and monitoring, but strategy remains a human function. The skill set required of a portfolio manager in the future includes being able to understand AI results and being able to hold onto traditional knowledge of finance. The key to success in this field is a combination of financial knowledge and a basic knowledge of AI, and firms that succeed will be those that have access to unique and proprietary data, and the limiting factor will be client trust. (Lo, 2017)

[bookmark: _Toc221002656]6.3 Contributions of the Dissertation

Theoretical contributions

This dissertation will highlight the role of AI by bringing together the dots from the fields of finance, management, and ethics. Chapter 2 has already demonstrated the extent to which these fields are compartmentalized but, upon closer examination, the pieces do seem to fall into place: technical capabilities (RQ1) yield benefits and drawbacks (RQ2), which in turn demand human intervention (RQ3), which finally determines the trajectory for the future (RQ4).

To bridge the gaps established in Chapter 2:
Gap 1: An integrated framework encompassing technical, organizational, and regulatory aspects
Gap 2: An exploration of the benefits and drawbacks simultaneously, rather than individually
Gap 3: The distinction between human and AI roles
Gap 4: The implications for the future based upon the present state

Classical portfolio theory remains an important special case within the larger data-based framework. AI represents the concept of augmented rationality—human intelligence working in conjunction with computers.

In terms of methodology, the systematic literature review is an appropriate tool for an MBA research inquiry into areas where access is difficult. The PRISMA-based framework offers an applicable template for similar research endeavors across disciplines.

Practical contribution 

In practical terms, the portfolio manager has the tools to proceed with the implementation of AI within their organization:
1) Automate routine analytics but retain control
2) Develop an infrastructure based upon governance with transparency and override as key factors
3) Develop human resources with the ability to interpret the implications of both finance and AI
4) Focus upon proprietary data as the models become more standardized

[bookmark: _Toc221002657]6.4 Limitations of the Research

A number of caveats to be aware of:
- Only secondary data was used. No primary data was collected in the form of interviews or surveys. So, unless it’s been written about in some publication or report, it hasn’t been considered.
- There’s a time lag in the literature. The field of AI is constantly evolving. The literature review only considered information up until January 2026.
- There’s an interpretive factor. While a systematic approach was used in the analysis, it’s still up to the researcher’s discretion. A different researcher may have come up with different findings.
- Finally, the focus of MBA programs is quite narrow. Given time and resource constraints, it wasn’t possible to delve deeper into methodology.

The aforementioned are all realistic limitations of an MBA research project. A systematic approach was used in the analysis.

[bookmark: _Toc221002658]6.5 Recommendations

For the practice of portfolio management:
- Suggest that practitioners implement staged adoption of AI in finance
- Suggest that practitioners develop structures for governance
- Suggest that practitioners invest in hybrid staff training
- Suggest that practitioners focus on differentiation in terms of data
- Suggest that practitioners be aware of systemic risks

For professional education:
- Suggest that educators include the interpretation of AI in MBA programs
- Suggest that educators include socio-technical skills in CFA programs
- Suggest that educators include case studies that include human-AI interactions

For regulators:
- Suggest that regulators establish standards for explainability in financial AI
- Suggest that regulators establish accountability in human-AI interactions
- Suggest that regulators be aware of risks of systemic risks due to the overall trend of AI in finance

[bookmark: _Toc221002659]6.6 Directions for Future Research

There are a number of promising directions for future research.
- Primary research: Interviews with, and surveys of, portfolio managers might reveal new truths about the interaction between humans and AI, and the determinants of the ultimate decision.
- Longitudinal firm-level research: Studying the application of AI by specific asset managers over a 3- to 5-year time horizon would reveal how strategies become strategic applications.
- Cross-firm research: Investigate the effects of firm size, client type, and regulatory environment on the application of AI.
- Live deployment research: Compare back-tested results to actual AI application, adjusting for costs, data, and limits.
- Global regulatory research: Study the effects of AI regulations on the application of AI.
- Client trust research: Examine the level of trust that retail and institutional clients might place on AI-generated investment recommendations.

[bookmark: _Toc221002660]6.7 Final Reflections

In this dissertation, the evolution of AI in portfolio management has been revealed, showing how AI is revolutionizing portfolio management by practical application. While the capabilities of AI advance in giant leaps, the limitations of human judgment, regulations, and client trust continue to constrain the application of AI for the long term.

Classical portfolio management theory still holds true, with risk-return optimization still being a core issue for portfolio managers. The new issue, therefore, for portfolio managers is how to maximize the use of AI while minimizing the new risks.

The research has clearly identified a new recipe for success for portfolio managers, which stitches together a disjointed body of literature on the topic. The recipe for success for portfolio managers moving forward is the hybrid professional, one who understands the realities of finance, technology, and the institutional environment.
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