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Abstract
The growth of Artificial Intelligence (AI) in global financial markets has fundamentally transformed trading dynamics, particularly within the foreign exchange (forex) market, which processes over $7.5 trillion daily. This dissertation critically examines the impact of AI-driven trading systems on two fundamental market dimensions: volatility and liquidity. Adopting a qualitative secondary research design, the study synthesizes academic literature, regulatory publications, and industry analyses from 2015 to 2025 through systematic thematic analysis.
The research aims to explore how AI technologies influence forex market stability, examining both technological efficiency gains and systemic vulnerabilities. Three research questions guide the inquiry: (1) How has AI-driven trading altered price discovery and volatility patterns? (2) How do market participants experience AI-related liquidity changes? (3) What adaptive strategies do traditional traders employ in response to AI dominance?
Three core themes emerged from the analysis: (1) Market Instability and Rising Volatility, (2) Regulation Challenges and Ethical Concerns, and (3) Changing Liquidity Patterns in FX Markets. The findings indicate that AI-driven systems enhance market efficiency and execution speed under stable conditions, while simultaneously increasing the likelihood of rapid volatility spikes and contributing to structural fragility during periods of market stress. In addition, liquidity provision is shown to be conditional, with strong performance in normal conditions but significant withdrawal during uncertainty.
The study contributes to financial technology discourse by bridging quantitative empirical research with qualitative interpretive insights, emphasizing the human and institutional dimensions of AI integration. Practical implications include recommendations for hybrid human-AI collaboration frameworks, explainable AI governance, and adaptive regulatory approaches. The research concludes that sustainable market stability requires co-evolution of technology, human oversight, and ethical regulation, advocating for interdisciplinary approaches that balance automation with accountability in the digital financial ecosystem.
Keywords: Artificial Intelligence, Algorithmic Trading, Forex Market, Market Volatility, Liquidity, Financial Technology, Regulatory Oversight, Qualitative Research
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[bookmark: _Toc227496316]Chapter 1: Introduction
[bookmark: _Toc227496317]1.1 Background and Context
The use of Artificial Intelligence in financial markets has changed how trading works around the world. The foreign exchange market, also known as the forex market, has experienced especially big changes because of technology. The forex market is the most liquid financial market in the world. This makes it the largest and most liquid financial market globally. Every day, more than $7.5 trillion worth of currency is traded (BIS, 2025). The market has changed from manual trading done by humans to algorithmic processes, which are computer programs that follow specific rules, and now to sophisticated AI-powered systems that can learn and adapt. Today, nearly 80% of all forex transactions involve some kind of algorithmic or AI-assisted component (BIS, 2025). This represents a fundamental shift in how the market is structured and how it behaves.
AI-driven technologies include several types of computer systems. Machine learning, often shortened to ML, allows computers to learn from data without being explicitly programmed. Natural language processing, or NLP, helps computers understand human language. Reinforcement learning allows systems to learn by trial and error. These technologies enable trading systems to analyze huge amounts of data, find complex patterns, and execute trades very quickly with minimal delay (Cohen, 2022; Bhuiyan et al., 2025). Traditional algorithmic trading relied on pre-programmed rules that did not change. However, AI systems are different because they can learn on their own and adapt to changing market conditions. These capabilities have improved how efficiently trades are executed and how well liquidity is provided to the market. At the same time, they have introduced new complexity, made the system less transparent, and created potential for instability (Dakalbab et al., 2024).
Regulatory institutions are organizations that create and enforce rules for financial markets. These include the Bank for International Settlements, which is often called BIS, the European Central Bank or ECB, and the Financial Stability Board, known as FSB. These organizations have raised concerns about whether markets are fair, whether trading systems are transparent enough, and whether volatility gets worse during stressful market periods (ECB, 2023; FSB, 2024). 


[bookmark: _Toc227496318]1.2 Problem Statement
Even though there has been a lot of quantitative research on how algorithmic trading affects markets, significant gaps still exist. Most studies use numbers and statistics to measure correlations between algorithmic activity and volatility indicators (Pattnaik et al., 2024). However, these studies do not look at the interpretive and behavioral dimensions of how AI transforms markets. In other words, they do not examine how market participants perceive, interpret, and adapt to changes caused by AI. Understanding these human and institutional perspectives is important because perceptions shape how regulators respond and how the market behaves. These perceptions matter just as much as empirical data, which means data collected through observation (Afua et al., 2024).
Furthermore, the increasing dominance of AI raises ethical and socio-economic concerns. Ethical concerns relate to questions about what is right and wrong. Socio-economic concerns relate to how society and the economy are affected. Not everyone has equal access to advanced algorithms and powerful computers needed to run them. This creates informational asymmetries, which means some people have access to better information than others. This situation potentially widens the gap between technologically advanced institutions with lots of resources and smaller participants who cannot afford the same technology (Virgilio, 2019; Rezaei et al., 2025). This dissertation addresses these gaps by using qualitative analysis to examine how AI-driven trading influences volatility and liquidity from the perspective of people involved in the market.
[bookmark: _Toc227496319]1.3 Research Aim and Objectives
The main research aim is to critically examine the impact of AI-driven trading on volatility and liquidity in the forex market. This examination uses qualitative secondary analysis, which means analyzing existing written materials rather than collecting new data. The research highlights perceptions and adaptive responses of market participants, meaning how people in the market see these changes and how they respond to them.
The research has three specific objectives. The first objective is to analyze the qualitative impact of AI-driven trading on volatility metrics and liquidity indicators across different segments of the forex market. Volatility metrics are measurements of how much prices change. Liquidity indicators are measurements of how easy it is to buy or sell. The second objective is to investigate how AI trading systems affect bid-ask spreads, market depth, and transaction costs. Bid-ask spreads refer to the difference between the price sellers want and the price buyers want to pay. Market depth refers to how many buy and sell orders exist at different prices. Transaction costs are the costs of completing a trade. This investigation looks at both empirical perspectives, which means what the data shows, and participant perspectives, which means what people experience. The third objective is to examine adaptive strategies employed by institutional and retail traders in response to AI-driven market changes. Institutional traders work for large organizations like banks. Retail traders are individual people trading for themselves.
Research Questions
Three research questions guide this study. The first question asks: How has AI-driven trading altered price discovery and volatility patterns in the forex market? Price discovery is the process by which markets determine prices through supply and demand. The second question asks: How do participants experience liquidity changes related to AI-driven trading systems? The third question asks: How do traditional market participants adapt their strategies in response to increased AI trading activity, and what implications does this have for market efficiency? Market efficiency refers to how well markets reflect all available information in prices.
[bookmark: _Toc227496320]1.4 Research Approach
This research uses a qualitative secondary data approach. This means it focuses on interpretive synthesis of existing academic literature, regulatory reports, and industry analyses. Interpretive synthesis means bringing together different sources to understand their deeper meaning. The study uses thematic analysis, which is a method developed by Braun and Clarke in 2006. Thematic analysis identifies recurring themes about how AI is perceived to influence volatility and liquidity. This approach enables in-depth understanding of what people think without requiring access to proprietary trading data. Proprietary data is private company information that is typically confidential and restricted from public access.
Relying on secondary data has limitations, which means limitations that naturally come with this type of research. The findings are constrained by the scope, quality, and perspective of existing research. The absence of primary interviews, which would involve talking directly to traders and regulators, restricts direct validation of participants' perceptions (Golafshani, 2003). However, the method is suitable for exploring interpretive dimensions of market behavior in areas where data confidentiality and algorithmic opacity pose significant barriers. Algorithmic opacity means that AI systems work in ways that are difficult for outsiders to understand. This makes direct observation very difficult.

[bookmark: _Toc227496321]1.5 Significance of the Study
This research contributes to ongoing debates about fairness, transparency, and inclusiveness in digital financial systems. The study makes several important contributions. First, it bridges the gap between quantitative metrics, which are numerical measurements, and qualitative stakeholder experiences, which are the lived experiences of people involved. Second, it illuminates the behavioral and psychological dimensions of AI adoption in trading. This means it sheds light on how people think and feel about using AI. Third, it informs regulatory and policy frameworks for AI governance in financial markets. Governance refers to the systems and processes for making and enforcing rules. Fourth, it provides insights for market participants who are developing adaptive strategies to deal with AI in trading.
[bookmark: _Toc227496322]1.6 Dissertation Structure
The dissertation is organized into five chapters. Chapter I provides background, aims, objectives, and research questions. Chapter II critically examines prior research on AI trading, volatility, and liquidity. It identifies theoretical and methodological gaps, which are missing pieces in our understanding and ways of studying the topic. Chapter III outlines the qualitative research design, data sources, analysis methods, and ethical considerations. Ethical considerations are the moral principles guiding the research. Chapter IV presents thematic synthesis and discusses findings in relation to literature. Thematic synthesis means bringing together the themes identified in the analysis. Chapter V summarizes key findings, contributions, and recommendations for future research and policy development.








[bookmark: _Toc227496323]Chapter 2: Literature Review

A lot more has been written about Artificial Intelligence (AI) in financial markets, which shows how advanced technology is and what AI-based decision-making means for the whole system. In forex markets, AI has changed the way people think about liquidity, instability, and fairness in the market. This chapter takes a critical look at academic and real-world studies that look at the connections between AI-driven trading, volatility, and liquidity. It does this by pointing out theoretical foundations, methodological orientations, and unsolved gaps that support the qualitative interpretive approach used in this dissertation. 
[bookmark: _Toc227496324]
2.1 The Use of AI in the Financial Markets.
AI technologies—encompassing machine learning (ML), deep learning (DL), and natural language processing (NLP)—have revolutionized financial decision-making (El Hajj and Hammoud, 2023). Traditional algorithmic trade relies on rules that have already been written. Early evidence from foreign exchange markets suggests that the rise of automated trading significantly transformed market microstructure by increasing speed, efficiency, and data-driven decision-making (Chaboud et al., 2009). AI-driven systems, on the other hand, learn from huge, changing datasets and change with the market on their own (Cohen, 2022). AI models in financial markets are especially good at spotting non-linear patterns in big, diverse datasets, according to recent systematic research. However, their effectiveness is still heavily reliant on data quality, model interpretability, and resilience to overfitting in unstable environments (Noormohammadzadehmaleki et al. 2025).
According to O'Hara (2015), this change was a "microstructural revolution" in which speed, data analytics, and robotics took the lead. According to Dakalbab et al. (2024), AI systems may act in surprising ways when they are under a lot of stress because reinforcement learning models respond to new information as a group, which is known as "algorithmic herding." When machines make decisions quickly and on their own, it can be hard for lawmakers and market players to keep things stable in ecosystems that are getting more complicated. 
[bookmark: _Toc227496325]
2.2 Impact on Market Volatility
Literature tells two different stories about AI's effects: it can either lower volatility by making information more efficient and providing more liquidity (Afua et al., 2024), or it can raise volatility during stressful times by causing cascading effects between algorithms. 
In 2011, Hendershott et al. showed that automated trading usually increased market liquidity and lowered transaction costs, which made short-term fluctuations more stable. But things like the "Flash Crash" of 2010 showed how weak automatic systems were when many programs reacted at the same time to bad signals (Kirilenko et al., 2017). According to Dakalbab et al. (2024), integrating deep learning makes volatility management harder because the decision paths of these "black box" models are hard to understand or control. 
Recent research (Bhuiyan et al., 2025; Rezaei et al., 2025) says that instability caused by AI shows up in microstructural dimensions (within milliseconds of trade completion) instead of long-term macro trends. Even small changes can have big affects on prices, the availability of cash, and investor mood over time. A lot of research shows that AI can both make markets more stable and less stable, based on things like the quality of the data, how the algorithms are designed, and how stressed the market is. 
[bookmark: _Toc227496326]
2.3 Impact on Market Liquidity
Afua et al. (2024) say that AI systems improve the way standard markets work by reducing bid-ask gaps and growing market depth. A study by Hendershott, Jones, and Menkveld (2011) found that automated trade helped make gaps smaller and prices appear faster. 
But when there is a lot of doubt, AI systems tend to pull back liquidity, which makes market stress worse (O'Hara, 2015). 
Rezaei et al. (2025) and El Hajj and Hammoud (2023) show that these reductions happen in a planned way because of shared data sources and decision processes that work together. Literature talks about a liquidity paradox: AI makes liquidity better when things are fixed but takes it away when it's most needed. 
Also, AI-driven funding supply creates an imbalance between institutions with more powerful technology and smaller players. Virgilio (2019) says that AI strategies make markets more concentrated by letting big companies control order books. This challenges the idea of an open market equilibrium and raises concerns about fairness and accessibility. 
Furthermore, the accuracy and consistency of financial data are critical to the success of AI-driven liquidity supply. Algorithmic systems may provide unstable reactions under quickly shifting market circumstances since financial datasets are often noisy, partial, and non-stationary. This may lead to abrupt liquidity withdrawals and exacerbate systemic instability (Noormohammadzadehmaleki et al. 2025).
[bookmark: _Toc227496327]
2.4 Fairness in the market and moral concerns.

AI-driven trade brings up social and socioeconomic issues in addition to technical ones. Cohen (2022) and Bhuiyan et al. (2025) say that advanced AI infrastructure makes a "technological divide" between schools that have the latest computers and schools that don't. 
Accountability is hard because AI systems are not always clear. As Dakalbab et al. (2024) say, "black-box models," especially in deep learning, make it very hard for authorities and inspectors to understand why decisions are made. Algorithmic mistakes can happen without a clear cause, which makes control and ethics review difficult. The ECB (2023) and the FSB (2024) have both called for better AI control models that would make trade systems more transparent, easy to understand, and accountable to people. 
From the point of view of behavior, study shows that human traders are changing their methods more and more to work with AI systems. Khalil et al. (2025) say that big traders use mixed models that combine human judgement with AI analytics. This lowers the risks that come with systems that are fully automated. Afua et al. (2024) say that this kind of cohabitation causes psychic displacement because people who make decisions lose trust when they have to compete with robots. Literature describes AI integration as both improving efficiency and changing how people act. 
[bookmark: _Toc227496328]
2.5 Problems with Regulations 

Oversight by regulators has always been behind technical progress. There are three main problems that regulators should deal with: responsibility, openness, and the spread of systemic risk. Bhuiyan et al. (2025) and Rezaei et al. (2025) show that AI systems can combine in unpredictable ways, leading to behaviors that are hard for humans to understand. The European Central Bank (ECB) supports "explainable AI" (XAI) ideas, which say that programs should give supervisors results that can be understood. Dakalbab et al. (2024), on the other hand, say that private and competitive obstacles mean that XAI models are still mostly theoretical in financial uses. 
Lack of unified global standards makes monitoring even harder. The EU AI Act (2024) sets up ways to categorize the levels of AI risk, but there isn't much action in the international forex markets yet. Literature calls for changes from rigid regulation to adaptable governance co-evolving with technological progress (FSB, 2024; El Hajj and Hammoud, 2023). 
[bookmark: _Toc227496329]
2.6 Research Gaps and the Framework for Ideas 

According to Sumpter et al. (2023) the human-technology link in AI trade is still not well understood. This dissertation fills a unique conceptual gap by combining qualitative data to learn about how people think about AI-driven trading, how it has changed over time, and how regulators see it. 
Framework for ideas: This research looks at trading that is driven by AI as a cyber-socio-financial system where technology processes (like automation, machine learning, and decision analytics) interact with human thought, institutional adaptation, and governmental control in a way that is always changing. This structure is based on three linked dimensions: 
1. The efficiency of technology: how AI boosts speed, accuracy, and liquidity 
2. Systemic Vulnerability: How technology makes things more unstable and spreads risk during crises 
3. Behavioral Interpretation: How people see, change, and control surroundings that are controlled by AI 
This three-part view helps the dissertation's qualitative study of AI's effect on the instability and liquidity of the forex market by connecting numbers and real-life experiences. 
Literature shows that AI-driven trade changes the fx market in a basic way by automating tasks, learning, and making decisions based on data. It makes the market better when things are stable, but it also makes volatility and liquidity risk worse when things aren't going well. AI also adds to the difficulty of social decisions, the lack of equal access to knowledge, and legal confusion. The works that were looked at show that empirical research has come a long way, but they also show that we still don't have enough qualitative information about how people in the market actually live and think. This study's main addition is to fill in that gap by using theme analysis of secondary qualitative data to figure out how connections are changing over time. These gaps justify the adoption of a qualitative interpretive approach, which is developed further in Chapter 3.
[bookmark: _Toc227496330]Chapter 3: Methodology
A dissertation's research approach makes sure that it makes sense, is true, and is scientifically sound. This study uses a qualitative secondary research approach that focuses on putting together and analyzing academic and professional sources that have already been published. This chapter talks about the study strategy, data collection methods, analysis techniques, and ethics concerns that will be used to look into how AI-driven trade affects the FX market's instability and liquidity.
[bookmark: _Toc227496331]3.1 Research Philosophy and Approach
The study uses an inductive approach, meaning it does not test existing theories. Instead, it collects qualitative data and looks for patterns and themes that naturally appear. This approach fits the aim of the research, which is to understand how and why individuals and institutions respond to AI-powered trading, rather than just measuring outcomes or statistical relationships(Collis and Hussey, 2021). 
This way of thinking is different from the usual quantitative and mathematical methods in finance. As Saunders et al. (2019) explain, interpretivist methods are especially useful in fast-changing areas—like technology and human behavior—because they show how human decisions, new technologies, and social changes interact with each other.
[bookmark: _Toc227496332]3.2 Research Design
This qualitative secondary research study uses data from academic literature, regulatory papers, and industry studies. Secondary qualitative research allows researchers to study emergent or controversial themes when primary data collecting may be limited by access, expense, or secrecy, according to Johnston (2017). 
External researchers cannot access high-frequency trading data and proprietary algorithms, making this arrangement ideal for financial technology research (O'Hara, 2015). Instead, peer-reviewed journals, think-tank studies, and central bank publications give extensive, multi-perspective material for study. 
The study seeks to understand how institutional traders, analysts, and regulators perceive and react to AI-driven volatility and liquidity shifts. According to the study's exploratory goal, the design emphasizes understanding above numerical generalization.
[bookmark: _Toc227496333]3.3 Data Sources and Selection Criteria
This dissertation uses only publicly accessible, reliable, and peer-reviewed data to ensure intellectual integrity and credibility. Main source categories are:
Peer-reviewed academic publications on AI in financial markets, algorithmic trading, volatility, and liquidity (Dakalbab et al., 2024; Bhuiyan, 2025). Official reports from the Bank for International Settlements (BIS), European Central Bank (ECB), Financial Stability Board (FSB), and International Monetary Fund
Inclusion criteria favoured sources: Examined AI-driven trading in FX or financial markets; Qualitative insights on market views, liquidity dynamics, and volatility behaviour; Published between 2000 and 2025, assuring historical and current relevance.
Studies on technical algorithmic models without human or institutional aspects were rejected since they did not fit the dissertation's interpretative goal.
[bookmark: _Toc227496334]3.4 Data analysis method.
Thematic analysis is a common way to find, understand, and describe trends in large amounts of data (Braun and Clarke, 2006). This work uses it to look at secondary data. This way makes it easier to put together large amounts of complicated written data into themes that make sense and show how AI-driven trade systems work.
Braun and Clarke (2006) came up with a six-step plan that leads the process: 

1. Familiarization with Data: Reading research papers, reports, and comments to fully grasp important ideas connected to AI, volatility, and liquidity. 
2. Making initial code means finding the most important ideas, statements, and patterns that show how participants saw things or what they thought they saw (for example, "algorithmic herding," "liquidity withdrawal," "informational asymmetry"). 
3. Looking for Themes: Putting together codes that are linked into bigger themes like "Technological Acceleration," "Systemic Fragility," and "Regulatory Lag." 
4. Reviewing Themes: Making the connections between themes stronger and more reliable to make sure the ideas are consistent. 
5. Naming and defining themes mean making analytical stories that connect how AI-driven systems work with how they're thought to affect the market. 
6. Writing the Report: Adding the theme results to the main story of the study and showing how they relate to the literature review. 
This methodical technique makes sure that everything is clear and can be repeated. It also lets you understand things in a way that considers both academic research and business talk, which connects theory to how things are seen in the real world.

[bookmark: _Toc227496335]3.5 Validity, Reliability, and Trustworthiness.
In qualitative research, validity is understood not in terms of statistical accuracy, but in relation to the depth, credibility, and trustworthiness of the insights produced. To ensure methodological rigor, this study adopts established criteria proposed by Golafshani (2003) and Lincoln and Guba (1985), including credibility, transferability, dependability, and confirmability.
Credibility is achieved using multiple high-quality sources, including academic literature, regulatory reports, and industry analyses, allowing for triangulation of perspectives. This enhances the robustness of interpretations by comparing findings across different types of evidence.
Transferability is supported by situating the findings within the broader context of financial markets, particularly the foreign exchange market, while identifying patterns that may be applicable to other technologically driven financial environments.
Dependability is ensured through methodological transparency, with clear documentation of data selection, coding processes, and thematic development. This allows the research process to be understood and potentially replicated.
Confirmability is maintained through a reflexive approach, where interpretations are grounded in evidence rather than personal bias. The use of secondary data further reduces the risk of subjective influence, as conclusions are drawn from established sources rather than individual opinion.
Overall, the combination of these measures strengthens the trustworthiness of the research and supports the validity of its findings within a qualitative interpretive framework (Winter, 2000).

[bookmark: _Toc227496336]3.6 Ethical Considerations.
This study follows the ethical guidelines set by the UK Statistics Authority (2022) and the University of Wales Trinity Saint David's Research Ethics Policy, even though it doesn't use real subjects or collect raw data. 
Some important social promises are respect for intellectual property: all facts and quotes are properly cited using Harvard style. Openness: The whole study process is shown, including where the data came from and the choices that were made based on the analysis. Data protection: only materials that are open to the public are used, so private or proprietary information is not included. Integrity and objectivity: interpretations are based on evidence, so results reflect the current state of study rather than personal opinions. 
As the discussion over the ethics of AI in finance grows, this study also looks at larger problems of social ethics, such as the moral effects of giving financial decisions to self-driving systems (FSB, 2024; ECB, 2023) and how fair and accountable algorithms should be.

[bookmark: _Toc227496337]3.7 Limitations of the Methodology.
Even though it has some benefits, qualitative secondary research has some problems that come with it. First, data dependence limits the researcher to what has already been written, which might include institutional bias or leave out new points of view (Sumpter et al., 2023). Second, because original data collection wasn't done, results are based on opinion instead of direct observation. This makes the data less useful for other people. 
Also, because AI is changing so quickly, even the most recent studies may become useless very quickly as new technologies and rules come out. Regardless, using thematic analysis helps put results in context in a way that stays thematically important even as time passes. Lastly, the qualitative method can't show statistically that AI has an effect on the market, but it can show complex details about how people think, act, and react in institutions, which are things that quantitative models often miss. Despite these limitations, the approach remains appropriate for capturing complex socio-technical dynamics that are not easily quantifiable (Adams et al., 2014).
3.8 Summary.
This part laid the theoretical groundwork for the study by explaining its philosophical direction, qualitative design, and analytical technique. The interpretivist model allows us to look into how people in the market understand and react to changes in instability and liquidity caused by AI. The study stays methodologically sound, ethically sound, and academically credible by using theme analysis of secondary data. 
This framework will be used in the next chapter to find and talk about the main theme results. It will do this by connecting patterns in the data to theory ideas from the literature review and answering the research questions of the study.

[bookmark: _Toc227496338][bookmark: _Hlk214615646]Chapter 4: Findings and Discussion
This chapter presents and discusses the key findings derived from the thematic analysis of secondary qualitative data on the impact of AI-driven trading on volatility and liquidity in the foreign exchange market. The analysis draws on academic literature, regulatory reports, and institutional publications published between 2015 and 2025. Using Braun and Clarke’s (2006) thematic analysis approach, three key themes were identified: (1) Market Instability and Rising Volatility, (2) Regulation Challenges and Ethical Concerns, and (3) Changing Liquidity Patterns in FX Markets.
Together, these themes address the central research question of how AI-driven trading is reshaping the structure and behavior of forex markets. The findings suggest that AI improves efficiency and market responsiveness in normal conditions but also introduces new forms of fragility and imbalance when markets are under stress.
[bookmark: _Toc227496339]Theme 1: Market Instability and Rising Volatility
The first theme focuses on how AI-driven trading contributes to both efficiency and instability in forex markets. While algorithmic systems improve execution speed and reduce inefficiencies during stable conditions, the evidence suggests that they can also intensify volatility when markets become stressed.
Research by Dakalbab et al. (2024) and the European Central Bank (ECB, 2023) shows that algorithmic trading systems often respond in similar ways to the same market signals. When multiple systems interpret macroeconomic or geopolitical events simultaneously, trading behavior becomes more synchronized. This reduces variation in market responses and can lead to sharper price movements over short periods.
This pattern is not entirely new. Similar dynamics were observed during the 2010 Flash Crash, where automated trading systems contributed to rapid price declines followed by quick recoveries (Kirilenko et al., 2017). Although market infrastructure has evolved since then, recent evidence suggests that smaller scale, but more frequent volatility spikes still occur in modern FX markets.
Bhuiyan et al. (2025) describe this behavior as a form of non-linear response, where small external shocks can produce disproportionately large market reactions. The key issue is not only the speed of trading systems, but the way in which they reinforce each other’s actions through feedback loops.
Findings from the Financial Stability Board (FSB, 2024) support this view, showing an increase in short-lived volatility spikes across foreign exchange markets over the past decade. These events tend to be brief, but their frequency indicates a structural change in how volatility behaves.
From a market perspective, participants increasingly view this as a reduction in the stabilizing role traditionally provided by discretionary human intervention. While not a complete loss of control, it reflects a shift in how quickly and effectively markets can self-correct during periods of stress.
Overall, the findings suggest that AI-driven trading creates dual conditions: improved efficiency in stable environments, but increased vulnerability during periods of uncertainty.
[bookmark: _Toc227496340]Theme 2: Regulation Challenges and Ethical Concerns
The second theme highlights the growing difficulty regulators face in keeping pace with the rapid development of AI-driven trading systems. Across the literature, there is a consistent view that regulatory frameworks are struggling to adapt to the speed, complexity, and opacity of modern algorithmic trading.
Both the ECB (2023) and FSB (2024) emphasize that one of the main challenges is the limited transparency of AI systems. Many machine learning models operate as “black boxes,” meaning that their internal decision-making processes are not easily interpretable, even by those who design or supervise them.
Three main regulatory challenges emerge from the analysis.
First, there is an interpretability issue. Regulators often cannot fully explain why a system executed a particular trade, especially when deep learning models are involved. This makes it difficult to identify risks before they materialize.
Second, there is a clear mismatch in speed. Regulatory processes are designed around human decision-making timelines, while AI trading systems operate in milliseconds. This creates a structural delay that reduces the effectiveness of real-time supervision.
Third, the global nature of forex markets creates inconsistencies in regulatory enforcement. Different jurisdictions apply different rules, which can lead to gaps in oversight and opportunities for regulatory arbitrage.
The EU AI Act (2024) represents an attempt to address some of these issues by introducing a risk-based classification system for AI applications. However, Bhuiyan et al. (2025) argue that its effectiveness in financial markets may be limited due to firms’ reluctance to disclose proprietary algorithms.
The systemic implications of AI adoption extend beyond individual institutions and raise broader financial stability concerns. Recent evidence suggests that widespread use of similar AI models across financial markets may lead to increased herding behaviour, higher market correlation, and potential distortions in price formation (Leitner et al., 2024). In addition, the concentration of AI providers may introduce systemic vulnerabilities, including operational risks and overreliance on a limited number of third-party technologies. These dynamics challenge existing regulatory frameworks, which may not be fully equipped to address the complexity, opacity, and scale of AI-driven financial systems.
The FSB (2024) further reports that only a minority of regulators feel adequately prepared to supervise AI-driven trading systems. This highlights a significant institutional capability gap.
Beyond regulatory challenges, the findings also raise ethical concerns. As trading decisions become increasingly automated, questions of accountability become more complex. El Hajj and Hammoud (2023) argue that responsibility becomes harder to define when outcomes result from autonomous systems rather than human decision-making.
In response, many financial institutions are adopting hybrid approaches that combine algorithmic execution with human oversight. Khalil et al. (2025) describe this as “centaur trading,” where human judgement and machine efficiency are integrated. While this may improve control, it also raises new questions about responsibility when outcomes are shared between humans and systems.
[bookmark: _Toc227496341]Theme 3: Changing Liquidity Patterns in FX Markets
The third theme explores how AI-driven trading is reshaping liquidity conditions in foreign exchange markets. While algorithmic systems are generally associated with improved liquidity and tighter spreads, the findings suggest that liquidity is becoming more conditional and uneven.
Under normal market conditions, AI systems contribute to continuous liquidity provision by placing large volumes of automated orders. This improves market efficiency and reduces transaction costs. However, this liquidity is highly dependent on stable market conditions.
During periods of uncertainty or high volatility, liquidity tends to decline rapidly. AI systems often reduce exposure at the same time as part of risk management strategies. According to the Bank for International Settlements (BIS, 2024), this results in a shift from continuous liquidity provision to more intermittent or “episodic” liquidity availability.
Empirical findings from El Hajj and Hammoud (2023) show that during major market events, bid-ask spreads widen significantly within a very short period, while order book depth declines sharply. This suggests that liquidity is highly sensitive to stress conditions.
Another important finding is the increasing concentration of liquidity provision among large institutional participants with advanced technological capabilities. Smaller market participants often lack the infrastructure to compete effectively in high-speed trading environments (Afua et al., 2024).
This creates an uneven structure in liquidity provision. During stable periods, markets appear deep and efficient. However, during stress periods, liquidity becomes fragmented and more difficult to access.
This also has implications for price discovery. When fewer participants remain active in the market, price movements become more sensitive to individual trade, which can amplify volatility effects identified in Theme 1.
From a theoretical perspective, these findings align with market microstructure theory, which emphasizes the importance of liquidity in maintaining stable pricing mechanisms. The evidence suggests that AI does not eliminate liquidity risk but redistributes it across different market conditions.
Overall, liquidity in AI-driven FX markets can be understood as conditional rather than constant, with efficiency in stable periods but fragility during times of stress.
[bookmark: _Toc227496342]4.5 Synthesis and Interpretation
When the three themes are considered together, a consistent picture of AI’s impact on forex markets emerges. Rather than producing purely positive or negative effects, AI reshapes the structure of market behavior in a more complex way.
On one hand, AI-driven trading improves efficiency, enhances liquidity under normal conditions, and reduces transaction costs. On the other hand, it increases the likelihood of rapid volatility spikes, reduces liquidity during stress periods, and introduces new regulatory challenges.
These findings align with complexity theory, which views financial markets as adaptive systems characterized by interconnected and non-linear behavior. Within this framework, AI does not act as a stabilizing force on its own, but rather as a mechanism that accelerates existing market dynamics.
The findings also reflect differing perspectives among market participants. Institutional actors tend to focus on efficiency gains, while concerns remain around transparency, fairness, and reduced human oversight. These observations are consistent with Cohen (2022) and Dakalbab et al. (2024), who argue that the future of financial markets depends on balancing technological efficiency with accountability and governance. Importantly, these findings directly address the research questions outlined in Chapter 1, confirming that AI-driven trading simultaneously reshapes volatility dynamics, liquidity conditions, and participant behaviour in complex and interrelated ways.
[bookmark: _Toc227496343]4.6 Summary
This chapter has presented and discussed the main findings of the study based on secondary qualitative data analysis. The results show that AI-driven trading has a dual impact on foreign exchange markets.
While it improves efficiency and liquidity under normal conditions, it also contributes to greater volatility, uneven liquidity distribution, and increased regulatory complexity during periods of stress.
The three themes—Market Instability and Rising Volatility, Regulation Challenges and Ethical Concerns, and Changing Liquidity Patterns in FX Markets—together demonstrate that AI is not simply a tool for optimization, but a structural force that reshapes how financial markets function.
The next chapter will discuss the theoretical and practical implications of these findings, as well as recommendations for regulators, financial institutions, and future research.
[bookmark: _Toc227496344]Chapter 5: Evaluation and Conclusion
[bookmark: _Toc227496345]5.1 Introduction
This chapter provides a comprehensive evaluation of the research findings, linking them to theoretical debates and practical implications in the field of financial technology. It reflects on how the study addressed its research aim — to explore the qualitative impact of AI-driven trading on volatility and liquidity in the forex market — and evaluates the extent to which the findings align or diverge from existing scholarship. Finally, it outlines the theoretical, practical, and ethical implications of the study and identifies potential avenues for future research.
5.2 Evaluation of Findings
The findings presented in Chapter 4 verify that AI-driven trading has a dual impact on the stability of the FX market, both fostering efficiency and causing systemic instability. This dilemma reflects a significant dispute in literature. On the one hand, researchers like Hendershott et al. (2011), Afua et al. (2024), and Bhuiyan et al. (2025) show how algorithmic and AI-based trading may increase informational efficiency, tighten spreads, and improve liquidity. However, research by Brummer and Yadav (2022), Kirilenko et al. (2017), and Dakalbab et al. (2024) shows that self-reinforcing feedback loops increase volatility under stressful situations.
By highlighting the human and interpretative aspects of AI adoption, the results also expand on previous studies. This dissertation provides a qualitative synthesis of stakeholder perceptions, revealing interpretive problems like algorithmic distrust, technological stratification, and liquidity withdrawal anxiety, whereas previous studies have mostly used quantitative econometric models (Patnaik et al., 2024; Rezaei et al., 2025). These observations are consistent with the viewpoints of Lo (2017), who contend that behavioral adaptability and human mood influence market stability just as much as technological factors.
The geographical concentration of AI research in U.S. and Chinese markets (Noormohammadzadehmaleki et al., 2025) further amplifies the “AI concentration paradox” identified in this study. Such regional dominance leads to model homogeneity, reinforcing correlated behaviors across global trading systems and thereby intensifying liquidity fragility during stress episodes.
Another key contribution is the articulation of the liquidity paradox — the conditional reliability of AI systems that enhance liquidity in stable conditions but retract it during turbulence. This paradox is increasingly discussed in recent works, for instance in ECB’s The Rise of Artificial Intelligence: Benefits and Risks for Financial Stability (2024), which highlights risks of herding and correlation under concentrated AI adoption. Likewise, in BIS / FSB’s analysis Financial Stability Implications of Artificial Intelligence, the authors caution that widespread adoption of similar AI architectures may amplify market correlations and strain liquidity under stress. These sources identify a correlation between AI concentration and liquidity fragility, which the present study corroborates and enriches through qualitative interpretive depth
Lastly, the findings underscore the persistent regulatory lag between technological innovation and oversight. The EU AI Act (2024) and reports by the Financial Stability Board (FSB, 2024) acknowledge the challenge of monitoring “black-box” systems whose internal logic defies human interpretation. This resonates with arguments by Campolo and Crawford (2023), who warn that algorithmic opacity undermines accountability and creates governance blind spots. The study therefore supports the emerging consensus that financial regulation must evolve from static rule-making to adaptive governance — flexible, data-driven, and co-evolutionary with technology (Arner et al., 2017; ECB, 2023). This demonstrates that AI-driven trading should not be evaluated in isolation, but as part of a broader ecosystem of interacting technological and human factors.
5.3 Theoretical Implications
This dissertation contributes to several key academic debates.
Market Microstructure and Efficiency:
The findings support existing theories that AI-driven trading enhances price discovery and reduces transaction costs under normal market conditions (O’Hara, 2015; Hendershott et al., 2011). However, this research extends these perspectives by demonstrating that such efficiency is conditional and may deteriorate during periods of systemic stress, where algorithmic interactions become non-linear and destabilizing (Dakalbab et al., 2024; Kirilenko et al., 2017).
Behavioral Finance and Adaptive Markets:
The study aligns with the Adaptive Markets Hypothesis (Lo, 2017), highlighting that market participants continuously adjust their strategies in response to technological evolution. Importantly, this research adds a qualitative dimension by identifying psychological responses such as reduced confidence, perceived exclusion, and strategic adaptation among non-AI participants (Cohen, 2022; Rezaei et al., 2025).
Overall, the dissertation contributes by integrating technological and behavioral perspectives, reinforcing the idea that financial markets are not purely mechanical systems, but complex adaptive environments shaped by both algorithms and human actors.

5.4 Practical and Policy Implications
Practically, the findings have implications for market participants, regulators, and policy designers.
For institutional traders, the results highlight the need for hybrid human–AI collaboration models that integrate computational speed with human judgment. Recent studies (Khalil et al., 2025) show that firms using “augmented intelligence” frameworks achieve higher stability and adaptability. For regulators, the findings advocate explainable AI (XAI) and real-time supervision tools that enable continuous monitoring of algorithmic activity. Global harmonization of AI regulation, as proposed by Arner et al. (2017), would mitigate cross-border risks in forex markets. For policymakers, ethical considerations should be embedded in AI governance — ensuring transparency, data integrity, and equal technological access to prevent systemic bias. This supports the principles of the OECD AI Framework (2023) and aligns with the ECB’s (2023) emphasis on responsible AI innovation in financial systems.
By addressing both the technical and human elements of AI-driven trading, the dissertation positions itself within an emerging research stream advocating a balanced integration of automation and human oversight.
5.5 Limitations and Future Research
While the study provides significant interpretive insights, it is constrained by the limitations inherent to secondary data analysis. The lack of primary interviews restricts the ability to capture firsthand experiences of traders or regulators. Future research should therefore adopt mixed methods approaches combining qualitative interviews with quantitative analysis of market data to triangulate perceptions with measurable outcomes (Johnston, 2017; Lo and Mueller, 2022).
Moreover, as AI systems evolve toward generative and self-modifying architectures, future studies must examine algorithmic self-learning risk — the potential for autonomous systems to deviate from intended behavior (Brummer and Yadav, 2022). Expanding the scope beyond forex to include crypto-assets and decentralized finance (DeFi) could further illuminate how AI interacts with emerging, less regulated markets.
Finally, longitudinal research examining the implementation of the EU AI Act and similar frameworks could provide valuable insight into the real-world efficacy of AI governance in global markets.

5.6 Conclusion
In conclusion, this dissertation provides a nuanced, qualitative understanding of how AI-driven trading transforms volatility and liquidity in the forex market. It demonstrates that AI serves as both an enabler and a disruptor: enhancing efficiency and market precision while simultaneously introducing systemic vulnerabilities and ethical dilemmas.
By bridging empirical evidence with interpretive analysis, the study highlights that technological sophistication alone cannot guarantee market stability. Instead, resilience arises from the co-evolution of technology, human oversight, and adaptive regulation.
The research contributes to the academic discourse by situating AI-driven trading within a broader socio-technical and behavioral framework, reinforcing the need for interdisciplinary approaches that combine financial economics, data science, and ethics. Ultimately, the sustainability of AI-driven financial markets will depend on the successful alignment of technological innovation, human oversight, and adaptive regulatory frameworks.
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