
[image: ]
BMMB7006 GLOBAL BUSINESS CHALLENGES
Lyssa Muir (1917752)
[image: ]APRIL 6, 2026
     
     

[bookmark: _Toc228186535]
Executive Summary

Artificial intelligence is now part of how multinational organisations operate, influencing decision-making, risk management and day-to-day activity. Within HSBC, its use across areas such as financial crime detection and credit assessment improves speed and consistency, while allowing large volumes of data to be processed more effectively. These advantages are clear, but they come with a shift in how risk is created and managed.
AI does not remove risk. It changes how it is distributed. Issues linked to data quality, system reliability and transparency become more difficult to identify, especially when decision processes are less visible. This creates exposure to regulatory and reputational challenges, especially in areas in which outcomes need to be justified and clearly understood.
Operating across both the UK and EU adds further pressure. Regulatory expectations are not aligned, requiring organisations to meet different standards at the same time. A more structured EU approach provides clearer requirements but increases compliance demands. The UK model allows more flexibility, placing greater reliance on internal judgement. Maintaining consistency across both environments becomes a challenge.
The way data is managed and controlled shapes how AI systems perform and how outcomes are interpreted. Weak controls do not just affect accuracy; they make it harder to challenge decisions and maintain accountability.
Stronger governance, clearer ownership and a structured ethical framework supported by ongoing monitoring provide a practical way to maintain control while continuing to use AI effectively.
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Artificial intelligence (AI) has increasingly become embedded in everyday life, both within and beyond organisational contexts, shaping how individuals interact, work and make decisions. Within the global economy, it now represents a central component of organisational strategy and competitive positioning. For multinational organisations, the integration of AI into operations is increasingly important in improving efficiency, supporting decision-making and maintaining long-term performance. Alongside these opportunities, AI introduces a complex and evolving risk landscape in relation to data governance, ethical accountability and regulatory compliance. These challenges are heightened for firms operating across different countries, where differences in regulatory approaches create uncertainty and increase exposure to legal, operational and reputational risk (Morrison, 2023; Whittington et al., 2023; OECD, 2023).
These issues can be examined in the context of HSBC, a multinational financial institution with established operations across both the United Kingdom and the European Union. The financial services sector provides a useful setting for this analysis due to its reliance on large volumes of sensitive data and its increasing use of AI in areas such as fraud detection, credit risk assessment and customer analytics (Deloitte, 2023; McKinsey & Company, 2023). In these contexts, the consequences of algorithmic error, bias or non-compliance extend beyond operational disruption and can directly affect regulatory standing, financial outcomes and customer confidence (PwC, 2022; World Economic Forum, 2023). Managing AI-related risk is not only a technical issue but also a strategic and governance concern.
The analysis focuses on divergence in AI regulatory approaches between the UK and the EU. The European Union has adopted a more structured, risk-based framework through the introduction of the AI Act, designed to standardise governance and strengthen accountability across member states (European Commission, 2024). In contrast, the UK has adopted a more flexible, principles-based approach, relying on existing regulatory bodies to interpret and apply AI oversight within their respective sectors (UK Government, 2023). While the EU model provides greater regulatory clarity and consistency, it may increase compliance requirements and operational complexity for multinational firms (Deloitte, 2023). The UK approach, while more adaptable, introduces a degree of ambiguity, requiring organisations to define and manage acceptable risk more independently.
These contrasting regulatory environments create a fragmented landscape with direct implications for multinational decision-making. From an international business perspective, regulatory conditions form part of the broader external environment influencing where and how organisations operate, especially in sectors characterised by high levels of data sensitivity and regulatory scrutiny (Morrison, 2023). For organisations such as HSBC, this creates added complexity in aligning governance structures, allocating resources and managing risk consistently across different regions.
AI-related risks are critically evaluated within HSBC, considering both internal governance mechanisms and external economic and regulatory pressures. It also examines the role of leadership and corporate governance in shaping organisational responses to these challenges, before outlining practical recommendations and an implementation approach to support more consistent and effective AI risk management across both the UK and EU.
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Artificial intelligence is evolving alongside wider changes in the global economy, linked to digitalisation, globalisation and shifting patterns of productivity. AI is now an important part of economic growth, with estimates suggesting it could add up to $13 trillion to global output by 2030, although this depends on how effectively organisations adopt and integrate the technology (McKinsey Global Institute, 2018). From a macroeconomic perspective, this reflects a broader transition towards knowledge-based and technology driven economies, where competitive advantage is closely tied to the ability to generate, process and apply data (Morrison, 2023).
While AI presents clear opportunities, its impact is uneven and introduces new forms of economic uncertainty. Productivity gains associated with AI are not guaranteed and often depend on how effectively organisations integrate technology into existing systems and processes (Brynjolfsson, Rock and Syverson, 2021). In practice, this means that firms investing heavily in AI may not immediately realise returns, when there are gaps in skills, infrastructure or governance. For HSBC, this creates a challenge between the need to invest in AI to remain competitive and the risk of increased costs and operational complexity.
The financial services sector highlights this tension clearly. AI is increasingly used to support decision-making in areas such as fraud detection, credit scoring and customer segmentation, as large volumes of data can be analysed more quickly and consistently than through traditional methods (Deloitte, 2023). While this can improve efficiency and reduce certain types of risk, it also introduces new vulnerabilities, with decision-making processes become less transparent or difficult to audit. At a wider economic level, this can increase concerns around financial stability and systemic risk, especially if similar AI models are adopted widely across the sector (World Economic Forum, 2023).
In addition, the expansion of AI is reshaping labour markets, with implications for both employment and skills demand. While AI can enhance productivity, it can also displace certain roles, including those involving routine or data-driven tasks (OECD, 2023). At the same time, there is increasing demand for specialised skills in areas such as data science, cybersecurity and AI governance. For organisations operating across different countries, including HSBC, this creates challenges in workforce planning and capability development, given differences in education systems, labour market conditions and access to talent.
Regulation is another factor shaping how AI develops across different regions. Economic conditions are not only influenced by market forces but also by political and legal environments, which can either support or constrain innovation (Morrison, 2023). In the case of AI, differences in regulatory approaches between the UK and the EU create varying operating conditions for multinational firms. Stricter regulation may increase compliance costs, but it can also provide greater clarity and reduce long-term risk. More flexible approaches may support innovation, but they place greater responsibility on organisations to manage risk internally. This creates a more complex operating environment, requiring firms to balance economic opportunity with regulatory uncertainty.
From an international business perspective, these factors highlight the interconnected nature of economic, technological and regulatory change. Decisions relating to investment, market presence and operational structure are increasingly influenced by how well organisations can respond to this complexity. For HSBC, the growing importance of AI within the global economy is not simply a question of technological adoption, but of how to manage its economic implications in a way that supports sustainable performance across different regions.
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The wider economic pressures outlined in the previous section are reflected at an organisational level, as the use of AI is closely linked to how risk is identified, assessed and managed in practice. Within financial services, AI is increasingly embedded within core risk functions rather than operating separately. In the case of HSBC, this includes areas such as financial crime detection, credit decision-making and operational monitoring, as large volumes of data can be analysed in real time to identify patterns that would be difficult to detect through manual processes (HSBC, 2023). While this strengthens certain aspects of risk management, it also changes the nature of risk itself.
Rather than removing risk, AI redistributes it. Automated systems can improve consistency and speed, but they can also introduce model risk, as algorithms rely on historical data that may not reflect current or future conditions. This can lead to inaccurate or unstable outputs if not properly managed (IBM, 2024; PwC, 2021). Within credit risk assessment, biased or incomplete data can result in distorted outcomes, raising concerns around both financial exposure and fairness. This becomes more significant in regulated environments, in which decision-making must be transparent and justifiable. If AI systems cannot be clearly explained, there is a risk that efficiency gains come at the expense of accountability, which raises questions around how far automated decision-making can be relied upon in high-stakes contexts (European Banking Authority, 2021).
Operational risk also becomes more difficult to manage as AI systems increase in scale and complexity. As these systems are integrated across multiple functions, processes become more interconnected, making it harder to isolate and respond to failures. A disruption in one area can have wider implications, in global organisations in which operations are linked across different regions. This adds to an already complex risk environment, requiring consistency in controls and processes to be maintained across different markets. The use of AI increases the need for ongoing monitoring, validation and oversight, rather than reducing it, which may limit the extent to which efficiency gains are realised in practice (Bank for International Settlements, 2023).
Reputational risk is another area that becomes more exposed. The use of AI in customer-facing decisions, such as credit approvals or fraud investigations, can directly influence how the organisation is perceived. If outcomes are viewed as unfair or unclear, trust can be affected, even when the intention is to improve efficiency. In financial services, given that trust underpins long-term relationships, this carries significant weight. There is growing evidence that customers expect greater transparency in how automated decisions are made, when personal data is involved (Accenture, 2022). This increases the pressure to ensure that AI systems are not only effective but also aligned with customer expectations.
Regulatory risk also becomes more complex as AI adoption increases. Financial institutions already operate within strict regulatory frameworks, but AI introduces new areas of scrutiny, around accountability and governance. Regulators have made it clear that responsibility for decision-making cannot be transferred to automated systems, and that firms must retain clear oversight (Financial Conduct Authority, 2022). In practice, this creates a challenge, as the use of AI can make decision processes less visible. Without strong governance structures, there is a risk that organisations lose clarity over how decisions are made, even when systems are functioning as intended.
AI should not be seen simply as a tool that improves risk management. It changes how risk is generated, distributed and controlled across the organisation. The challenge lies in balancing the benefits of AI with the need to maintain control, transparency and accountability. This requires a more integrated approach, with technological capability supported by effective governance and a clear understanding of how risk evolves alongside ongoing innovation.
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The risks associated with AI are closely linked to how data is governed in practice. AI systems rely heavily on the quality, structure and availability of data, which means that weaknesses in data governance can directly affect outcomes. In multinational organisations, this becomes more complex, as data is often collected, stored and processed across different countries, each with its own legal and regulatory expectations. When governance is inconsistent, this does not just create technical challenges, it increases exposure to regulatory breaches and reputational damage (Information Commissioner’s Office, 2023).
Maintaining data quality and integrity is critical. AI systems depend on large volumes of structured and unstructured data, yet inconsistencies in how data is collected or maintained can affect outputs in ways that are not always immediately visible. Poor data quality can lead to flawed decision-making, in areas such as credit assessment or fraud detection, as small inaccuracies can have wider consequences. Supervisory guidance highlights the importance of data accuracy, completeness and traceability, in automated decision-making (Basel Committee on Banking Supervision, 2023). This suggests that the effectiveness of AI is closely tied to the strength of underlying data controls, rather than the sophistication of the technology itself.
Data governance is also closely linked to issues of ownership and accountability. In large organisations, data often moves across different systems and teams, making it harder to define responsibility for its use and quality. This becomes more complex when AI systems are layered onto existing processes, as responsibility for outcomes may be less clearly defined. There is a risk that accountability becomes fragmented when decision-making is partially automated. Regulators have emphasised the need for clear governance frameworks that define roles, responsibilities and oversight mechanisms (Information Commissioner’s Office, 2023). Without this clarity, it becomes more difficult to challenge decisions or identify points of failure, which may weaken control.
Data moving between regions introduces further complexity. Multinational organisations rely on transferring data between regions to support global operations, yet restrictions on data movement can limit how effectively AI systems function. Within the European Union, data protection requirements place strict conditions on how personal data is processed and transferred. The UK framework, while closely aligned, relies more on organisations to interpret and apply data protection requirements in practice (European Data Protection Board, 2022; Department for Science, Innovation and Technology, 2023). These differences create uncertainty for organisations operating across both environments. This may slow implementation or require separate systems and controls, which increases cost and reduces efficiency.
Balancing data availability with data protection remains a challenge. AI systems perform more effectively when they have access to larger datasets, yet regulatory frameworks limit how data can be used, particularly when personal information is involved. This creates a situation requiring organisations to balance improved performance against the risk of non-compliance. In practice, this may restrict the extent to which data can be fully utilised, in areas such as customer analytics. It also raises questions around how far organisations should rely on data-driven decision-making when access to data is constrained.
For HSBC, these issues are central to both operational performance and regulatory compliance. Maintaining consistent data standards across different regions, while adapting to local regulatory requirements, creates ongoing pressure. This is not simply a question of meeting minimum standards, but of ensuring that data practices are robust enough to support AI systems over time. Where governance is weak, the risks identified earlier, around model reliability and accountability, are likely to become more pronounced.
Data governance shapes how AI-related risks emerge and are managed. It influences not only the quality of outputs, but also how decisions are understood, challenged and regulated. Strengthening data governance is not just a compliance requirement, it is essential to ensuring that AI can be used effectively within a complex and evolving regulatory environment.
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Ethical considerations become more prominent as AI is used more widely in decision-making, in areas that directly affect customers. In financial services, decisions linked to lending, fraud monitoring and account access can have immediate consequences, which means the way AI is applied is not just a technical issue but one that shapes how fairness and accountability are judged. As automated decision-making becomes more common, regulators and industry bodies have raised concerns around whether existing governance approaches are sufficient to manage these risks (Financial Conduct Authority, 2023). This creates a position requiring organisations to demonstrate not only that systems are effective, but that outcomes can be justified and challenged where necessary.
A significant issue is how data-driven models reflect past patterns. Systems trained on historical data may carry forward patterns that are not neutral, which can lead to outcomes that disadvantage certain groups. In a banking context, this may influence credit decisions or risk assessments in ways that are not immediately visible without detailed review. Evidence suggests that these issues can persist even when systems are introduced to improve consistency, if underlying data is incomplete or unrepresentative of the population (Mehrabi et al., 2021). While AI can reduce inconsistency in decision-making, it may also reinforce patterns already present in the data, which raises questions around whether automated systems improve fairness in practice or simply change how these issues appear.
At the same time, there are clear benefits. AI systems can process large volumes of data more quickly than manual approaches, which can improve the speed and consistency of decisions. This is relevant in fraud detection, as early identification of unusual patterns can reduce financial loss (UK Finance, 2023). This advantage depends on how systems are designed and monitored. If models are not regularly reviewed, there is a risk that decisions become less reliable over time, especially when economic conditions or customer behaviour change. This suggests that efficiency gains are conditional rather than guaranteed.
Technical reliability also becomes an important factor. AI systems are often expected to operate consistently at scale, yet their performance can change depending on the data they receive or the context in which they are applied. Small changes in input data or system conditions can lead to different outcomes, which may not always be predictable. Research highlights that machine learning systems can degrade over time if not actively maintained, as data patterns shift (Amershi et al., 2019). This creates questions around how reliable these systems are in practice, especially when used in high-stakes decisions that directly affect customers.
Explaining how decisions are reached becomes more difficult as models increase in complexity. This creates challenges for both customers and regulators, especially when individuals are affected by outcomes that are difficult to interpret. In the EU, data protection rules require organisations to provide meaningful information about automated decisions, which places clearer obligations on explainability (European Parliament, 2024). The UK approach allows organisations more room to decide how explanations are provided, which can lead to differences in how clear decisions appear in practice (Department for Science, Innovation and Technology, 2023). This difference suggests that regulatory approach can shape not only compliance, but also how trust is maintained.
Customer trust is closely linked to these issues. When decisions are perceived as unclear or unfair, confidence in the organisation may be affected, even if outcomes are technically accurate. This is highly relevant in financial services, as trust underpins long-term relationships. Survey data indicates that customers are more likely to question decisions made using automated systems when explanations are limited or unclear (Deloitte, 2022). While AI can improve service efficiency, it may also create distance between the organisation and the customer, which can weaken trust if not managed carefully.
This also raises questions around how far organisations should go beyond regulatory requirements. Meeting minimum standards may not be enough when decisions have a direct impact on individuals. Some organisations have introduced internal ethical frameworks and review processes to address this, in high-risk areas such as lending or fraud detection (Microsoft, 2022). The impact of these approaches depends on how they are applied in practice. Without clear accountability and ongoing oversight, there is a risk that ethical principles remain largely theoretical.
These issues extend across different markets, each with its own expectations around fairness, transparency and accountability. This creates a challenge in maintaining consistent standards while also adapting to local regulatory requirements. If these risks are not managed effectively, the consequences extend beyond compliance to include reputational damage and reduced customer confidence, which may limit the long-term value of AI adoption.
The use of AI introduces ethical challenges that are closely linked to trust, reliability and accountability. AI can improve efficiency and consistency, but these benefits depend on how systems are governed, maintained and monitored over time. Fairness, transparency and system reliability are closely connected, shaping how AI is experienced by customers and how organisations are assessed by regulators. Managing these challenges requires more than technical capability alone. It depends on how organisations define acceptable outcomes, how decisions are explained, and how responsibility is maintained as systems evolve.
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Differences in how AI is regulated across the UK and the European Union create practical challenges for organisations operating in both markets. Regulation does more than set limits, it influences how systems are designed, how risk is managed and how quickly new tools are introduced. For firms using AI at scale, these differences shape not only compliance activity but also wider business decisions, including where to invest and how to structure operations (OECD, 2024).
Across the European Union, the AI Act introduces a structured framework that classifies systems based on their level of risk. High-risk applications, including those used in areas such as credit assessment or fraud detection, are subject to stricter requirements around data quality, documentation and human oversight (European Parliament, 2024). This creates a clearer set of expectations, which can support consistency across member states. At the same time, meeting these requirements can increase cost and extend development timelines, as systems need to be tested and documented in detail before deployment (EY, 2024). While this may reduce the likelihood of misuse or failure, it can also slow down the adoption of new tools, especially when organisations are balancing compliance with commercial pressures.
The UK has taken a different route, relying on existing regulators to oversee AI rather than introducing a single framework. This means expectations are shaped through guidance from bodies such as the Financial Conduct Authority and the Information Commissioner’s Office, each focusing on risks within their area of responsibility (UK Government, 2023). This creates more room for interpretation, which can support earlier experimentation and development. It also places greater responsibility on organisations to decide how systems should be governed in practice. When expectations are less clearly defined, there is a risk that standards vary between organisations, which can make oversight more difficult.
Operating across both regions brings these differences into focus. Systems that meet UK expectations may require further adjustment before they can be used in the EU, where classification as high-risk applies. This can lead to duplication of effort, as organisations may need to build additional controls or maintain separate processes to meet different requirements (KPMG, 2023). Over time, this may reduce some of the efficiency gains associated with AI, as resources are directed towards compliance rather than innovation.
These regulatory differences also influence how organisations approach risk. The EU framework provides clearer guidance on accountability and oversight, which can support stronger governance structures. This may be beneficial in reducing long-term risk, especially when AI is used in sensitive areas. The associated compliance burden may limit flexibility, especially when organisations need to respond quickly to changes in technology or market conditions. In the UK, greater flexibility may support faster development, but this depends on organisations having robust internal controls. Without this, there is a possibility that risk is not identified or managed consistently.
There are also implications for competitiveness. A more structured regulatory environment may create barriers for smaller firms or those with fewer resources, as the cost of compliance can be significant (European Central Bank, 2023). In contrast, a more flexible system may encourage innovation by lowering initial barriers, but it may also lead to uneven standards if organisations interpret requirements differently. This means that regulatory design influences not only risk management, but also market dynamics.
For a global organisation such as HSBC, managing these differences requires a coordinated response. AI systems are often developed and applied across multiple regions, yet regulatory expectations vary depending on where they are used. This creates pressure to design systems that can meet a range of requirements while still delivering value. It also increases the importance of internal governance, as consistency cannot rely solely on external regulation.
The contrast between the UK and EU highlights how regulation shapes both opportunity and constraint. A more structured system may strengthen control and reduce uncertainty, but it can limit speed and flexibility. A more flexible system may support innovation, but it depends more heavily on organisational judgement and internal oversight. For multinational organisations, the challenge lies in balancing these factors, ensuring that AI is effective, compliant and aligned with expectations across different markets.
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As AI becomes more incorporated across organisations, responsibility sits less with the technology itself and more with how it is controlled and applied, with systems influencing outcomes that carry financial or regulatory consequences. Internal governance structures play an important role in shaping how risks are identified, how systems are monitored and how accountability is maintained over time. When these structures lack clarity, even well-designed systems may not perform as intended, especially when applied across different regulatory environments (Floridi et al., 2018; World Economic Forum, 2023).
Responsibility is not always clearly defined. AI systems often cut across areas such as risk, compliance, data and technology, which can make ownership difficult to establish. In larger organisations, this can result in gaps between teams, where no single function has full visibility or control. Research highlights that unclear accountability structures can weaken oversight, as outcomes are influenced by automated processes (Ransbotham et al., 2020; Institute of International Finance, 2023). This creates concerns around how effectively organisations can challenge outcomes or respond when issues arise.
Oversight becomes more demanding once systems are in use rather than at the point of implementation. AI requires ongoing monitoring, as performance can shift over time depending on changes in data or context. Periodic review alone may not be sufficient, when systems are used in areas that directly affect customers. Supervisory and academic literature emphasises the need for continuous validation and testing to ensure that systems remain reliable over time (Goodfellow, Bengio and Courville, 2016; Bank of England, 2023). This adds operational pressure, which may reduce some of the efficiency gains often associated with AI.
Beyond oversight, there are practical constraints that influence how governance is implemented. Building effective structures requires investment in skills, infrastructure and internal processes, including expertise in model validation, data management and regulatory compliance. Organisations that lack these capabilities may struggle to manage AI effectively, as systems increase in complexity (Bughin et al., 2018; McKinsey & Company, 2024). While this can strengthen control and reduce long-term risk, it may slow down implementation when resources are limited.
How governance operates is closely linked to organisational culture rather than policy alone. Formal frameworks are unlikely to have much impact if they are not reflected in day-to-day behaviour. Studies suggest that stronger outcomes are associated with organisations in which awareness of risk is embedded across teams, rather than managed as a separate function (Schein, 2010; Deloitte, 2023). Leadership plays an important role here, in setting expectations around accountability and responsible use.
Across different regions, governance becomes more difficult to maintain consistently. Regulatory expectations are not aligned, which means internal frameworks must be flexible enough to meet multiple standards at the same time. This creates additional complexity, given that requirements continue to evolve. International policy research highlights the need for governance structures that can adapt while maintaining a consistent level of control (OECD, 2024; Financial Stability Board, 2023).
Within HSBC, these challenges are likely to be more pronounced due to the scale and spread of operations. AI systems may be developed in one context and applied in another, yet accountability still needs to remain clear. This increases the importance of coordination across functions, as well as the need for shared standards that can operate across different regions.
Strong governance determines whether AI delivers value or introduces additional risk. When internal structures are clear and consistently applied, organisations are more likely to maintain control and build trust. Where governance is weaker, even technically sound systems may create unintended consequences over time.
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The issues identified across governance, regulation and ethical use highlight the need for clearer organisational responses to how AI is managed in practice.

· Adopt a formal ethical AI framework linked to governance structures
Building on the issues around fairness, transparency and trust, a structured ethical framework should guide how AI is developed and applied. This needs to go beyond high-level principles and be incorporated into approval processes, model validation and review, ensuring ethical expectations are consistently applied in practice rather than remaining theoretical (Jobin, Ienca and Vayena, 2019; Dignum, 2019). This would also support alignment across UK and EU requirements, reducing the risk of fragmented standards. 

· Strengthen accountability through clearer ownership of AI systems
The challenges identified around governance and cross-functional responsibility suggest a need for more defined ownership. Assigning clear responsibility for system performance, oversight and outcomes can reduce gaps between teams and improve control. This becomes more important as AI systems operate across multiple regions with differing regulatory expectations, where clearly defined ownership supports stronger oversight and reduces gaps in control (Mittelstadt et al., 2016; Floridi and Cowls, 2019).  

· Introduce continuous monitoring and review of system performance
Given the risks linked to technical reliability and changing data conditions, monitoring should extend beyond initial deployment. Ongoing validation helps ensure that systems remain stable and aligned with expectations over time. Regular review also supports transparency, ensuring systems remain reliable over time as data conditions and operational contexts change, making it easier to address issues before they affect outcomes (Amershi et al., 2019). 
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Adopting a formal ethical AI framework provides a practical starting point for improving governance, accountability and transparency. This should sit alongside existing approval, risk and review processes so that ethical considerations are addressed at the same stage as technical and regulatory requirements. Evidence suggests that organisations are more effective when ethical principles are translated into operational steps rather than remaining at a high level (Morley et al., 2020; Fjeld et al., 2020). This would be implemented over a 6–12-month period through existing governance and risk structures, with progress monitored through regular audit outcomes and compliance review findings.
A phased structure would support implementation. The first stage involves defining a clear set of principles based on established frameworks, followed by translating these into specific requirements that can be applied across different teams (Hagendorff, 2020). This includes setting checkpoints during development and introducing documentation standards that support clearer explanation of outcomes. Research indicates that without this level of detail, ethical frameworks have limited impact on how systems are used (Munn, 2023; Whittlestone et al., 2019).
Responsibility should sit within existing governance structures, with clear ownership assigned across relevant functions. This reduces gaps between teams and supports more consistent oversight, particularly when systems operate across different areas of the organisation (Ryan and Stahl, 2021). Training also supports this, ensuring that those involved in development and oversight understand how these requirements apply in their roles.
A single framework can support consistency across both UK and EU environments by providing a clear baseline for how AI systems are managed. This makes it easier to maintain control when regulatory expectations vary, while still allowing adjustments as needed (Stix, 2021).
Using this approach strengthens oversight without limiting the ability to develop and use AI systems effectively. Clear structures and defined processes make it easier to manage risk while maintaining trust as use expands.
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The increasing use of artificial intelligence has changed how organisations operate, especially in areas where large volumes of data and complex decisions shape performance. The analysis has shown that while AI can improve efficiency and support analysis, it also introduces risks that are harder to predict and control. These risks extend beyond technical concerns and sit within governance, regulation and organisational responsibility.
AI does not remove risk but changes how it appears. The use of AI can improve speed and consistency, but it also brings concerns around reliability, data quality and accountability. When systems are not clearly understood or monitored, decision processes can become less transparent, which weakens control and can affect trust. This reflects wider concerns that increased reliance on data-driven systems can add complexity rather than reduce it (Zuboff, 2019).
Data governance remains integral to this. The way data is managed and maintained shapes how AI systems perform and how outcomes are interpreted. Weak controls can lead to decisions that are difficult to identify and challenge, particularly when data moves across multiple systems and teams. This highlights that the effectiveness of AI depends on organisational capability as much as the technology itself.
Ethical issues also shape how AI is applied. Decisions that affect customers raise questions around fairness and transparency, which influence how outcomes are perceived. If decisions are unclear or difficult to explain, confidence can be affected, even when systems are functioning as intended. Addressing this depends on clear oversight and a shared understanding of acceptable outcomes.
Differences between UK and EU regulation add further pressure. Organisations operating across both must respond to varying expectations, which can make consistency harder to maintain. This creates a more complex operating environment, in situations where flexibility must be balanced with control.
The findings suggest that effective use of AI depends on how well organisations manage governance, risk and accountability alongside technological development. The recommendations and implementation plan focus on strengthening these areas, recognising that long-term value depends on maintaining control, clarity and trust as AI use continues to grow. This supports long-term competitive positioning by enabling AI use to scale more consistently across regulated markets.
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