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The global investment management industry is entering an era where Artificial Intelligence (AI) is transforming how portfolios are constructed, managed, and evaluated. Over the last decade, technological innovation has redefined how investors process data and make financial decisions. (ARTIFICIAL INTELLIGENCE: CURRENT AND FUTURE USAGE WITHIN INVESTMENT MANAGEMENT Final Report from the Technology Working Group, 2024) reports that AI has already become integral to asset management, influencing portfolio construction, trading, and risk assessment. This evolution reflects the growing need for data-driven, adaptive investment strategies in increasingly volatile markets.

Historically, portfolio management was grounded in classical financial theories such as (Sharpe, 1964) Capital Asset Pricing Model (CAPM), which links expected returns with systematic risk, and (Fama, 1970) Efficient Market Hypothesis (EMH), which assumes that markets fully reflect available information. These frameworks have long guided rational investment decisions, but their predictive accuracy has been challenged by behavioural insights and market inefficiencies. (Kahneman and Tversky, 1979) Prospect Theory demonstrated that investors often act irrationally due to cognitive biases, which traditional models fail to capture.

This gap between theory and real-world behaviour has encouraged the adoption of AI, which can analyse complex, non-linear data and identify patterns beyond human perception. (Gao et al., 2024) argue that AI and machine learning (ML) have become vital in financial analytics, helping institutions manage uncertainty and volatility. As a result, AI-enabled models now complement or replace traditional quantitative approaches, improving accuracy and adaptability in portfolio management.

Research Aim

To evaluate how Artificial Intelligence is reshaping portfolio management, focusing on its effectiveness, limitations, and ethical implications within modern investment practices.

Research Objectives
1. To explore the evolution of portfolio management from traditional theories to AI-driven models.

2. To assess the current applications of AI in investment management, including machine learning and deep learning approaches.

3. To evaluate the advantages and challenges of using AI for portfolio optimisation and risk management.

4. To examine governance, transparency, and ethical considerations associated with AI in finance.

5. To identify how AI adoption may influence the future direction of portfolio management.


Research Questions

1. How has AI transformed the traditional approach to portfolio
management?

	2.	What benefits and drawbacks arise from using AI-based investment strategies?

	3.	How do governance, ethics, and transparency affect the adoption of AI in finance?

	4.	What implications does AI have for the future of investment management?
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2.1 Traditional Theories and Limitations

The foundations of portfolio management are built on (Sharpe, 1964) CAPM and (Fama, 1970) EMH. CAPM quantifies the trade-off between risk and return, suggesting investors can achieve optimal diversification by holding a mix of market and risk-free assets. The EMH complements this by proposing that markets are informationally efficient, making it impossible to consistently outperform them.

However, behavioural economists have long argued that investors are not always rational. (Kahneman and Tversky, 1979) introduced Prospect Theory, which explains how individuals tend to overreact to losses and underreact to gains. (Barberis, 2018) further developed this behavioural perspective, demonstrating that investor psychology affects asset pricing and market anomalies. These studies reveal the limitations of models based solely on rational assumptions, suggesting the need for adaptive systems capable of responding to real behavioural and market conditions.

2.2 Rise of Artificial Intelligence in Portfolio Management

AI’s introduction into finance has revolutionised the analytical process. (Gao et al., 2024) show that machine learning techniques such as neural networks and support vector machines can enhance prediction accuracy in asset pricing and risk assessment. AI’s strength lies in its ability to process vast amounts of data from diverse sources—macroeconomic indicators, social media sentiment, and historical market trends—allowing it to detect patterns that humans may overlook.

Deep learning, a subset of AI, extends this by employing multi-layered neural networks that continuously learn and adapt. (Jiang, Xu and Liang, 2017) proposed a deep reinforcement learning model for portfolio management, demonstrating superior adaptability in dynamic markets compared to static rule-based systems. Similarly, (Bautista Penayo, Vedrana Pribičević and Novak, 2025) found that machine learning models outperformed traditional allocation methods in scenario testing, offering improved returns with lower volatility.

These advancements illustrate that AI provides both analytical power and operational efficiency in portfolio management. However, challenges remain around interpretability and reliability, as AI models are not always transparent in how they generate recommendations.

2.3 Transparency, Governance, and Ethics

AI systems introduce complex ethical and governance issues. (Burrell, 2016) describes the “opacity problem,” where the internal logic of machine learning algorithms is not easily interpretable even to their creators. This creates difficulty in explaining investment decisions to stakeholders and regulators. (Kleinberg et al., 2019) highlight how algorithmic systems can unintentionally reproduce bias, leading to unfair or discriminatory outcomes. In financial contexts, biased training data could distort portfolio allocations or credit assessments.

(Jobin, Ienca and Vayena, 2019) examined global AI ethics guidelines and noted that while principles such as transparency and fairness are widely promoted, implementation remains inconsistent.  (Mertzanis, 2025) expanded on this by analysing governance structures within AI-led investment management, arguing that firms must align AI innovation with regulatory compliance and ethical oversight. These studies suggest that while AI enhances analytical precision, it also demands robust ethical and governance frameworks to maintain trust and accountability.

2.4 Human–Machine Collaboration and Strategic Implications

AI adoption does not replace human judgment but rather transforms it. (Mcafee and Brynjolfsson, 2017) emphasise the “machine–platform–crowd” model, where technology augments rather than eliminates human expertise. Portfolio managers increasingly act as supervisors of algorithms—validating model outputs and applying contextual understanding where AI lacks nuance.  (Ebikella Mienye et al., 2024) note that deep learning techniques are effective in financial forecasting but still depend on human oversight to interpret and apply model predictions responsibly.

In this new paradigm, behavioural understanding remains valuable. Even with AI’s objectivity, human biases influence how algorithms are trained and used. This intersection of behavioural finance and data science forms a critical area for further exploration, highlighting how AI and human decision-making can complement one another.

2.5 Identified Gap

Existing literature demonstrates the growing application of AI in finance but provides limited longitudinal analysis of its real-world performance sustainability and ethical integration. Studies such as (Bautista Penayo, Vedrana Pribičević and Novak, 2025) and  (Jiang, Xu and Liang, 2017) highlight performance benefits, while (Burrell, 2016) and (Mertzanis, 2025) underline governance concerns. This research aims to bridge these perspectives by evaluating both the technical efficiency and ethical viability of AI-driven portfolio management.
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3.1 Research Design


This dissertation adopts a mixed-methods design, integrating quantitative performance analysis with qualitative thematic evaluation. As (Creswell and Clark, 2018) note, combining multiple methods strengthens the depth and validity of academic research. The quantitative component will examine existing secondary data on AI portfolio performance, while the qualitative element will interpret governance and ethical dimensions.

The study will primarily use secondary data due to time and access constraints. Reports, peer-reviewed articles, and published back-testing results will form the empirical basis. The qualitative analysis will employ reflexive thematic analysis as proposed by (Braun and Clarke, 2019), enabling the identification of recurrent ethical and strategic themes in the literature.

3.2 Data Sources

Data will be drawn from credible academic sources, including studies that benchmark AI portfolio models (e.g. (Jiang, Xu and Liang, 2017); (Bautista Penayo, Vedrana Pribičević and Novak, 2025)), governance analyses (Mertzanis, 2025), and official industry reports such as the Investment Association (2024). These provide both technical and policy perspectives, ensuring balanced coverage.

Since the research is fully based on secondary data, it avoids issues of participant bias or data confidentiality. All data will be critically reviewed to ensure quality and relevance.

3.3 Data Analysis

The quantitative analysis will synthesise reported outcomes from existing AI portfolio management experiments, comparing them with traditional models like CAPM and EMH frameworks. This includes examining key performance indicators such as risk-adjusted return, volatility, and Sharpe ratios.

The qualitative analysis will focus on identifying patterns within ethical, transparency, and governance discussions. Themes such as “algorithmic bias,” “model opacity,” and “ethical accountability” will be coded and interpreted in line with (Braun and Clarke, 2019) reflexive thematic framework.

3.4 Ethical Considerations

While the study does not involve human participants, ethical awareness remains essential. Issues of AI bias, interpretability, and transparency ((Kleinberg et al., 2019); (Burrell, 2016)) will be addressed to ensure an objective interpretation. All secondary data sources will be appropriately acknowledged and used solely for academic purposes. The project will adhere to institutional research integrity standards.

3.5 Feasibility and Risk Management

Given its reliance on secondary sources, the research is both practical and achievable within the timeframe. The main potential risk is restricted access to proprietary AI models or incomplete reporting in literature. This will be mitigated by triangulating evidence across multiple publications and data points. The structured design and focused objectives make the project feasible for completion by January 2026.
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The study is expected to demonstrate that AI-driven portfolio management offers superior performance in terms of adaptability, accuracy, and predictive power compared with traditional models. Reinforcement learning and deep learning systems, as shown by (Jiang, Xu and Liang, 2017) and (Bautista Penayo, Vedrana Pribičević and Novak, 2025), are anticipated to outperform static, rule-based allocation frameworks by dynamically adjusting to changing market conditions.

However, these advantages are likely to come with challenges. (Burrell, 2016) highlights interpretability issues in AI systems, which could make it difficult for investors and regulators to trust algorithmic decisions. Moreover, the study anticipates ethical implications, including bias and accountability, as discussed by (Jiang, Xu and Liang, 2017). While AI enhances efficiency, its opacity may hinder transparency, calling for stronger governance frameworks as recommended by (Mertzanis, 2025).

Overall, findings are expected to confirm that AI significantly enhances portfolio management performance but also necessitates human oversight, ethical regulation, and ongoing model validation.
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This study recognises several limitations. Firstly, as it relies exclusively on secondary data, it depends on the validity and completeness of previously published research. Secondly, AI’s “black box” nature (Burrell, 2016) restricts full interpretability of algorithms, making it challenging to assess decision-making logic. Thirdly, as (Kleinberg et al., 2019) note, algorithmic bias may distort results and undermine fairness.

Furthermore, the research scope is constrained by time and data availability, as proprietary financial models are rarely disclosed in full. Finally, rapid technological evolution means that by the time of submission, new AI techniques may already have emerged, limiting the study’s long-term generalisability. Despite these limitations, cross-referencing diverse academic and industry sources helps ensure a balanced and credible analysis.
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Early November 2025: Submit proposal and ethics form by 2nd week of November.
Mid-Late November 2025: Begin comprehensive literature review. Collect secondary data including fund performance data, industry reports, and financial databases.
December 2025: Complete data collection. Conduct statistical analysis of performance data including risk-adjusted returns, regression analysis, and comparative performance evaluation.
Early January 2026: Complete all quantitative analysis. Begin drafting findings and analysis chapters.
Mid-Late January 2026: Draft all remaining dissertation chapters including introduction, literature review, methodology and conclusion. Review, proofread and finalise. Submit by January 31, 2026.
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This dissertation proposal outlines a structured plan to explore how Artificial Intelligence is transforming portfolio management. By combining insights from finance, behavioural economics, and data science, the study aims to assess both the performance advantages and ethical challenges of AI-driven investment strategies.

The research contributes to ongoing debates on the balance between automation and human judgment in finance. It will provide a nuanced understanding of how AI optimises portfolio decisions while demanding transparency, governance, and ethical oversight. In doing so, the project seeks to bridge the theoretical gap between traditional investment models and modern AI-enabled approaches, offering practical insights for both scholars and practitioners.
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