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Abstract
This dissertation investigates the growing influence of Artificial Intelligence (AI) on operational efficiency and risk management within the banking sector, comparing developments in the United Kingdom and Romania. Arner and colleagues have highlighted how innovations in financial technology are reshaping the global banking landscape, and this study builds on this observation by examining the roles of machine learning, robotic process automation and natural language processing in critical back-office functions such as transaction processing, fraud detection and regulatory compliance. The research adopts a mixed-methods approach that integrates survey responses with semi-structured interviews, enabling both quantitative assessment and deeper qualitative insight into practitioners’ experiences.

The findings indicate that AI technologies can substantially reduce processing times, minimize human error and enhance the monitoring of transactions, thereby supporting more proactive and accurate risk identification. However, the study also shows that these benefits are not guaranteed. They depend on strong data governance, coherent AI strategies, investment in workforce skills and an organizational culture that is receptive to digital transformation. The comparative analysis reveals that UK banks, benefiting from a more mature regulatory and technological environment, have advanced further in deploying AI across their operations than Romanian banks, which continue to face infrastructural and investment constraints. The dissertation concludes that AI can provide significant value when implemented responsibly and strategically and offers recommendations for banks, regulators and policymakers seeking to scale AI adoption sustainably.
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1. Introduction
The global banking sector is undergoing a profound technological transformation driven by developments in Artificial Intelligence (AI). As Brynjolfsson and McAfee argue, AI has evolved from a theoretical concept to a practical tool capable of restructuring the foundations of modern organizations. Russell and Norvig similarly describe AI as a set of technologies that allow machines to perform tasks requiring human intelligence, such as pattern recognition, decision-making and language understanding. These capabilities have enabled banks to redesign key operational processes, respond more effectively to customer expectations and meet the increasing complexity of regulatory demands.

Back-office operations represent one of the areas most affected by AI-driven change. The European Banking Authority highlights that traditional banking workflows—such as payment processing, reconciliation and document verification—are inefficient when carried out manually and struggle to meet the pace required by digital banking. These processes rely heavily on staff intervention, legacy IT infrastructure and sequential data flows, all of which are vulnerable to bottlenecks and human error. In contrast, Lacity and Willcocks note that AI, particularly in the form of robotic process automation (RPA), reshapes these tasks by automating routine actions, improving data accuracy and enabling banks to scale processes without proportionately increasing costs.

The role of machine learning in enhancing operational efficiency is also significant. LeCun, Bengio and Hinton explain that machine learning models can detect patterns in large datasets that would be imperceptible to human analysts. This capability allows banks to optimize resources, predict operational bottlenecks, route cases dynamically and detect anomalies with greater precision. Goodfellow, Bengio and Courville emphasize that these systems continually learn from new data, allowing them to improve over time and adapt to emerging risks or workflow changes.

AI is equally transformative in the domain of risk management. Traditional rule-based systems tend to produce a high number of false alarms in fraud detection and anti-money-laundering processes. As Popescu has observed in the context of the Romanian banking sector, such systems often overwhelm risk teams with low-value alerts. In contrast, machine learning models can analyze behavioral patterns, device information and transaction histories to classify risks more intelligently. The European Central Bank has highlighted that such models not only improve accuracy but also support more proactive forms of monitoring. However, O’Neil warns that poorly governed AI may introduce new risks, including opacity, bias and over-reliance on automated systems.

Despite the clear benefits, AI implementation is not straightforward. Arner, Barberis and Buckley point out that the success of AI programs depends on an organization’s digital maturity, governance structures and investment capability. The European Banking Authority also stresses that strong data governance, model transparency and robust oversight frameworks are essential to ensure responsible and compliant AI use. These concerns reflect a broader academic debate about the ethics and accountability of automated decision-making systems, highlighting the need for banks to balance innovation with responsibility.

Comparative Context: United Kingdom and Romania

The United Kingdom offers an environment where AI adoption in banking has accelerated rapidly. Arner, Barberis and Buckley attribute this to advanced digital infrastructure, a strong fintech ecosystem and regulatory mechanisms—such as the Financial Conduct Authority’s innovation sandbox—that encourage experimentation while maintaining oversight. This environment has enabled UK banks to scale AI tools widely across back-office functions, risk monitoring and customer-facing services.

Romania presents a contrasting case. Ionescu notes that although Romanian banks recognize the potential of AI, adoption has been slower due to legacy systems, limited specialized expertise and resource constraints. Popescu further highlights that Romanian banks often face challenges in scaling AI projects beyond pilots, largely due to infrastructural limitations and fragmented data systems. This contrast makes the two countries an ideal comparative pairing for understanding how contextual factors shape AI trajectories.

Research Aim and Objectives

The aim of this dissertation is to investigate the impact of AI on operational efficiency and risk management in the banking sector with a comparative study of back-office transformation in the United Kingdom and Romania. The study pursues four objectives. First, it analyses how AI technologies are currently applied in back-office banking operations. Second, it evaluates the perceived impact of AI on processing times, accuracy, resource allocation and staff workload. Third, it explores AI’s contribution to fraud detection, risk classification and regulatory compliance. Finally, it compares the experiences of UK and Romanian banks to identify the enablers and barriers that influence AI adoption across different institutional and regulatory environments.
2. Literature Review
Artificial Intelligence has become a central theme in contemporary banking research, reflecting the sector’s ongoing transition from traditional manual processes to data-driven automation. Russell and Norvig describe AI as a field focused on developing systems capable of performing tasks typically requiring human intelligence, such as classification, pattern recognition and decision-making. Their work provides a theoretical foundation for understanding the mechanisms through which AI can reshape operational and risk-related activities in banks.

2.1 Evolution of AI in Financial Services

Historically, early uses of automation in banking emerged through algorithmic trading, credit scoring and rule-based decision systems. Arner, Barberis and Buckley outline how the evolution of computing power, data analytics and cloud infrastructure enabled banks to move from rigid rule-driven tools to more adaptive machine learning systems. They argue that the rapid rise of fintech in the early 2010s accelerated this shift by introducing new digital competitors and placing pressure on traditional institutions to innovate.

Brynjolfsson and McAfee emphasize that AI is no longer an experimental technology but a strategic asset for organizations seeking efficiency and competitive advantage. Their research highlights how data-driven decision-making is transforming industries, with banking identified as one of the sectors most likely to benefit from automation that enhances accuracy, scalability and speed.

2.2 AI and Operational Efficiency

Operational efficiency is one of the most frequently cited benefits of AI adoption in banking. The European Banking Authority observes that back-office functions such as payment processing, reconciliation and document verification are traditionally slow, labor-intensive and vulnerable to human error. These issues are amplified by growing transaction volumes and regulatory scrutiny. According to Lacity and Willcocks, robotic process automation significantly improves efficiency by automating structured, repetitive tasks, reducing processing times and freeing employees to focus on more analytical responsibilities.

Machine learning contributes further to operational transformation. LeCun, Bengio and Hinton explain that machine learning models can learn from large volumes of historical data to detect anomalies, priorities tasks and predict workload fluctuations. Their work demonstrates how predictive analytics can reduce bottlenecks and create more stable, responsive operational environments. Goodfellow, Bengio and Courville additionally highlight the self-improving nature of machine learning models, which refine their performance over time as more data are introduced.

Natural language processing supports efficiency in document-intensive activities such as compliance checks, mortgage approvals and customer onboarding. The European Central Bank has noted that NLP tools can extract relevant information from unstructured documents, reducing the time staff spend reviewing files and mitigating the risk of oversight in complex cases.

2.3 AI in Risk Management and Fraud Detection

Risk management has also been significantly reshaped by AI. Traditional rule-based fraud detection systems often generate high numbers of false positives, creating substantial workloads for risk teams. Popescu’s work on Romanian banks highlights that these systems frequently produce alerts that do not correspond to genuine risk, resulting in inefficiencies and reduced trust in automated tools.

Machine learning addresses this challenge by analyzing behavioral patterns across multiple variables, including transaction history, device identifiers and customer profiles. The IMF has noted that such approaches enable more sophisticated risk scoring, improving both accuracy and resource allocation. LeCun, Bengio and Hinton further explain that machine learning excels at identifying subtle deviations from normal behavior, making it well-suited to detecting early indicators of fraud or money laundering.

However, ethical and governance issues remain central concerns. O’Neil warns that poorly designed AI systems can reinforce existing biases, leading to unfair outcomes in areas such as credit assessment. Regulators such as the European Banking Authority have emphasized the need for explainability, documentation and oversight to ensure that automated systems remain transparent and do not compromise accountability.

2.4 Organizational Factors Influencing AI Adoption

Research consistently shows that technological capability alone is insufficient for successful AI integration. Arner, Barberis and Buckley highlight that digital maturity, leadership commitment and cross-functional collaboration are necessary conditions for effective AI deployment. Banks that treat AI as an isolated IT initiative often struggle to achieve sustainable results.

Ionescu, writing on digitalization in Romanian banking, stresses that legacy systems and fragmented data architectures are among the most significant obstacles to AI adoption in emerging markets. Lacity and Willcocks similarly argue that data quality and integration challenges frequently undermine automation projects by limiting the volume and reliability of data available for training.

Human skills are another crucial factor. The McKinsey Global Institute has noted that banks increasingly require hybrid professionals who understand technology, risk, regulation and operations. Without sufficient investment in training, staff may resist AI tools, misunderstand their outputs or become overly reliant on systems they do not fully comprehend.

2.5 Cross-Country Variation in AI Adoption

A growing body of research examines differences in AI adoption between advanced and emerging markets. The UK is often presented as a leader in this field due to its strong fintech ecosystem, supportive regulatory frameworks and high investment capacity. Arner, Barberis and Buckley attribute the UK’s progress partly to the Financial Conduct Authority’s innovation sandbox, which allows banks to test new technologies in supervised environments.

In contrast, Popescu’s analysis of Romanian banks highlights challenges such as limited capital investment, IT skill shortages and a cautious regulatory environment. Romanian banks tend to pilot AI tools but face difficulties scaling them across the organization. Nonetheless, EU-level initiatives—including digital finance strategies—are gradually narrowing the gap by promoting shared standards and best practices.

2.6 Ethical, Governance and Regulatory Considerations

Ethical governance is a central theme across AI literature. O’Neil argues that AI may create opaque decision-making processes that undermine trust unless appropriately governed. The European Banking Authority stresses that banks must be able to explain automated decisions, particularly in areas such as fraud monitoring and credit scoring. This reflects a wider regulatory movement towards transparency, accountability and fairness.

Willis adds that risk governance frameworks must evolve to accommodate AI, suggesting that traditional oversight mechanisms designed for deterministic systems are insufficient for models that adapt over time. Provost and Fawcett emphasize the importance of understanding data provenance, model training processes and validation procedures to ensure responsible deployment.

2.7 Summary of Literature Gaps

Despite extensive academic and industry research, several gaps remain. First, much existing literature focuses on technologically advanced markets, with fewer comparative analyses involving emerging EU economies such as Romania. Second, most studies focus either on operational efficiency or risk management, but fewer explore the interaction between the two. Third, while many authors discuss AI’s potential, fewer examine its real-world challenges based on empirical data from banking practitioners.

This dissertation seeks to address these gaps by providing a comparative, mixed-methods analysis of how AI is reshaping banking operations and risk management in both the United Kingdom and Romania.
3. Methodology
The methodology for this study was designed to explore how AI is reshaping back-office operations and risk management in banking while capturing meaningful differences between the United Kingdom and Romania. Russell and Norvig have emphasized that the study of AI requires approaches capable of handling complexity, context and variability, and this influenced the decision to adopt a mixed-methods design. Combining quantitative and qualitative methods makes it possible to gather both breadth and depth, providing a richer understanding of how AI is implemented and experienced in practice.

3.1 Research Design

This study uses a mixed-methods approach that integrates survey data with semi-structured interviews. Creswell’s work on research design highlights the value of mixed methods when a topic requires both numerical evidence and interpretive insight, and this principle is directly applicable to the study of AI in banking. Quantitative data offer an overview of AI adoption trends, perceived impacts and organizational readiness, while qualitative interviews enable a deeper exploration of experiences, challenges and contextual factors.

The research was structured sequentially. The survey provided baseline patterns and highlighted areas where AI adoption differed between the UK and Romania. The interview phase followed, allowing participants to reflect on these patterns, discuss organizational practices and explain the nuances behind quantitative trends.

3.2 Quantitative Component: Survey Design

The survey was distributed to banking professionals across operational, compliance, risk management and IT functions. The European Banking Authority has noted that AI adoption is heavily influenced by the interplay between operational needs, regulatory requirements and technological capacity, and the survey was therefore designed to capture perceptions across these domains. Respondents were asked about their organization’s digital maturity, the extent of AI usage, impacts on processing times and accuracy, and perceptions of risk management improvements.

Questions were structured using Likert scales to measure levels of agreement or perceived change. These included assessments of whether AI had reduced manual work, improved data accuracy or enhanced fraud detection. Brynjolfsson and McAfee have argued that technological transformation often depends on workforce attitudes and organizational culture, so the survey incorporated items assessing training, leadership support and readiness for digital change.

3.3 Qualitative Component: Semi-Structured Interviews

Semi-structured interviews were used to gather detailed insights into how AI is embedded in daily operations. Kvale and Brinkmann have highlighted that interviews allow researchers to explore meanings, interpretations and experiences that are not easily captured through surveys. In this study, interviews were conducted with operations managers, risk analysts, compliance officers and technology specialists in both countries.

Interviews explored motivations for AI adoption, the benefits observed, challenges encountered, ethical considerations and perceptions of regulatory expectations. Participants also provided reflections on organizational culture, data quality issues, integration with legacy systems and the skills required to work effectively alongside AI tools. These insights helped contextualize and explain quantitative findings.

3.4 Sampling Strategy

A purposive sampling strategy was used for interviews to ensure participation from individuals with direct experience in AI implementation. This approach is recommended by Patton, who argues that purposive sampling is appropriate when the aim is to obtain information-rich cases rather than statistical representation. Survey participants were recruited more broadly to ensure coverage across different functional areas and bank sizes.

In both countries, participants included staff from large commercial banks as well as medium-sized institutions. This diversity allowed for comparisons across organizational contexts and levels of digital maturity. Romanian participants frequently worked in environments where legacy infrastructure remained a challenge, a factor highlighted in Ionescu’s research on digitalization in Romania, whereas UK participants often described working within more modernized systems.

3.5 Data Analysis

Survey data were analyzed using descriptive statistics to identify patterns across respondents. Measures such as mean scores and frequency distributions were used to compare perceptions between the UK and Romania. Quantitative results were not intended to be statistically generalizable but rather to provide an indicative overview that would inform the qualitative phase.

Interview transcripts were analyzed using thematic analysis. Braun and Clarke’s model of thematic analysis guided the process, which involved coding transcripts, grouping codes into broader themes and refining these themes in relation to the research questions. Through this method, recurring topics emerged, including the impact of automation on workload distribution, the challenges of integrating AI with legacy systems, the importance of data governance and concerns relating to transparency and fairness.

3.6 Ethical Considerations

The study was conducted in line with ethical guidelines set by the University of Wales Trinity Saint David. Participants were informed about the purpose of the research, how data would be used and their right to withdraw at any time. In accordance with principles outlined by the British Psychological Society, informed consent was obtained prior to participation. Interview participants were assigned pseudonyms, and no identifiable organizational details were shared.

Data were stored securely and processed in compliance with GDPR requirements. The European Banking Authority has emphasized the importance of trust and transparency in the use of AI, and this principle informed the ethical handling of participants’ information throughout the study.
3.7 Methodological Limitations
While the mixed-methods approach provided valuable insights, several limitations should be acknowledged. First, the sample—although diverse in roles and institution sizes—was relatively small, limiting the generalizability of the findings. Participants were recruited through professional networks and voluntary responses, which may introduce self-selection bias, as individuals with stronger views or greater interest in AI may have been more inclined to participate.

Second, representation varied between the two countries. UK participants tended to come from larger institutions with more advanced digital environments, whereas Romanian participants often represented banks in earlier stages of transformation. This imbalance, while reflective of broader sector realities, may affect the comparability of experiences and perceptions.

Third, the reliance on self-reported data introduces the possibility of response bias, especially in areas involving perceived organizational readiness or performance improvements. Participants may overstate benefits or underreport challenges due to organizational loyalty or cultural norms regarding technological optimism.

Fourth, although the qualitative component offered rich detail, the researcher’s interpretations are necessarily subjective. Personal assumptions and prior knowledge of AI’s role in banking may have influenced coding decisions and theme generation. To mitigate this, a structured thematic analysis approach was used, and emerging themes were cross-checked with existing literature; however, the potential for researcher bias remains inherent in interpretive work.

Finally, the cross-country comparison is affected by contextual differences—regulatory, technological and cultural—that go beyond the scope of this study. As such, conclusions should be viewed as indicative rather than definitive, with further research needed to explore institutional variations in greater depth.

4. Findings
This chapter summarizes survey and interview evidence from banking professionals in the United Kingdom and Romania. The results highlight clear patterns in AI adoption, operational impact, and risk-management practices, while also illustrating notable cross-country differences.

4.1 AI Adoption Levels

AI adoption is more mature in the UK, where participants described organization-wide use of automation, machine learning and compliance-support tools. UK banks benefit from long-term investment, integrated IT systems and clearer regulatory signals. In Romania, AI is present but largely in exploratory or pilot form, constrained by legacy infrastructure, inconsistent data quality and limited internal expertise. Despite these barriers, Romanian respondents expressed a growing appetite for digitalization.

4.2 Impact on Operational Efficiency

Participants in both countries agreed that AI improved efficiency by reducing manual work, accelerating routine processes and lowering error rates. In UK banks, RPA had already replaced repetitive tasks such as data entry, reconciliation and document checks. Machine-learning tools supported workload forecasting and anomaly detection. Romanian banks reported similar benefits, although gains were often modest due to partial integration and incompatible legacy systems.

4.3 Impact on Risk Management

AI enhanced risk detection in both contexts, particularly by identifying anomalies missed by rule-based systems. UK respondents highlighted a reduction in false-positive fraud alerts and improved resource allocation within risk teams. Romanian participants acknowledged similar potential but noted the need for extensive model tuning and stronger governance. Concerns about transparency and over-reliance on vendor-supplied tools were more prominent in the Romanian sample.

4.4 Organizational and Cultural Influences

UK banks demonstrated higher workforce readiness, supported by structured training and change-management strategies. Staff generally perceived AI as complementary rather than threatening. In Romania, cultural hesitation and skill gaps created pockets of resistance, slowing organizational uptake even where tools were available. Participants emphasized the importance of training, investment and communication to build trust in AI systems.

4.5 Summary of Cross-Country Differences

Across all themes, UK banks showed considerably higher AI maturity. In Romania, structural constraints—legacy systems, limited budgets and uneven data quality—were the primary barriers. Nevertheless, respondents in both countries were optimistic about future progress and recognized AI’s strategic value.
5. Comparative Analysis: United Kingdom and Romania
This chapter compares the experiences of AI adoption in the United Kingdom and Romania, drawing on survey data, interview insights and broader contextual research. The analysis builds on the observation made by Arner, Barberis and Buckley that national ecosystems—comprising regulatory environments, technological infrastructure and innovation cultures—play a decisive role in shaping the trajectory of digital transformation. This comparative perspective is essential for understanding why the pace and impact of AI adoption differ markedly between the two countries.

5.1 Technological Infrastructure and Digital Maturity

The United Kingdom demonstrates significantly higher levels of digital maturity than Romania. UK participants consistently described operating within modern, integrated IT systems that had been progressively upgraded over the past decade. Several interviewees explained that their institutions had replaced or refactored legacy systems specifically to enable AI integration, a trend that reflects what the European Banking Authority has described as a strategic shift toward data-centric infrastructures.

Romanian banks, by contrast, continue to grapple with legacy infrastructure. Ionescu has argued that Romanian financial institutions often operate on fragmented data architectures, creating barriers to effective machine learning implementation. Interviewees in Romanian banks frequently reported that their AI tools struggled to communicate with outdated systems, limiting the scalability of automation solutions. This difference in baseline infrastructure emerged as one of the most influential factors distinguishing the two national contexts.

5.2 Regulation, Governance and Institutional Support

Regulatory environments also differ sharply. The Financial Conduct Authority in the UK is well known for its innovation-friendly approach, including the regulatory sandbox that enables firms to experiment with new technologies under controlled supervision. UK participants often referred to this environment as supportive and encouraging, noting that supervisory discourse around AI focuses on transparency, accountability and operational resilience rather than constraint.

In Romania, however, interviewees described a more cautious regulatory climate. While EU directives establish common expectations, actual implementation often varies. Romanian participants frequently commented that regulatory uncertainty caused banks to delay large-scale AI deployment. This aligns with Popescu’s finding that Romanian institutions tend to adopt a risk-averse stance, particularly when technological investments involve significant operational change.

Even so, both countries share an increasing regulatory emphasis on explainability and governance. O’Neil’s criticism of opaque algorithms has clearly influenced European regulatory priorities, and participants in both countries acknowledged that effective oversight frameworks were essential for responsible AI adoption.

5.3 Comparative Organizational Culture and Workforce Readiness

Organizational culture emerged as another major point of divergence. UK banks consistently invested in training programs, digital literacy initiatives and structured change-management campaigns to prepare staff for AI tools. These efforts reflect insights from the McKinsey Global Institute, which stresses that workforce readiness and confidence are critical to successful AI integration.

Romanian interviewees described organizational cultures that, while increasingly positive about digitalization, remained cautious and at times skeptical of automation. Some participants expressed concern that AI might replace roles, while others admitted feeling unprepared to interpret AI-generated outputs. This suggests that cultural and psychological barriers may slow AI adoption even where technological capacity exists.

However, both countries showed evidence of gradual cultural shifts. Romanian participants reported growing openness to automation, particularly among younger professionals and teams exposed to digital transformation initiatives. UK interviewees similarly emphasized that staff acceptance increased markedly after receiving training and witnessing AI’s practical benefits.

5.4 Differences in AI Usage Across Operational Functions

AI is used more comprehensively in UK banking operations. Participants described mature deployment of robotic process automation for payments, reconciliations, onboarding and compliance checks. Machine learning was widely used for fraud detection, risk scoring and workflow optimization. Predictive analytics models were applied to forecast peaks in workload, optimize staffing levels and detect anomalies in operational data—a practice consistent with what LeCun, Bengio and Hinton identify as a key strength of machine learning.

Romanian banks also reported positive experiences but on a more limited scale. Automation tended to focus on narrow use cases, particularly where manual workloads were heavy. Interviewees described small-scale pilots focused on transaction alerts, document classification or customer verification. However, these tools often operated alongside manual processes due to integration constraints, limiting their overall impact.

5.5 Comparative Impact on Operational Efficiency

Survey results show a stronger reported impact of AI on operational efficiency in the UK. Respondents noted reductions in processing times, improved accuracy and more consistent execution of repetitive tasks. One UK operations manager described automation as “the backbone of high-volume processing,” a description that aligns with Lacity and Willcocks’ analysis of RPA efficiency gains.

Romanian respondents also reported efficiency improvements but noted that benefits were conditional on system compatibility and data quality. Several interviewees explained that inconsistent or incomplete datasets reduced model accuracy, limiting the reliability of automation tools. These findings support the argument made by the European Central Bank that high-quality data are foundational to effective AI deployment.

5.6 Comparative Impact on Risk Management

AI’s role in enhancing risk management was acknowledged in both countries, but UK banks again demonstrated more advanced utilization. UK participants described machine learning models that reduced false-positive fraud alerts, identified emerging risks and supported real-time monitoring. Interviewees emphasized that AI had enabled risk teams to shift from reactive to proactive operating models—a transition also highlighted in industry analyses of modern risk frameworks.

Romanian participants agreed that AI improved detection accuracy but described limitations arising from data fragmentation, limited expertise and a cautious regulatory stance. Some institutions relied on vendor-provided models, leading to concerns about transparency and local customization—a theme that echoes O’Neil’s critique of algorithmic opacity.

5.7 Use of Visual Data: Comparative Chart

To further illustrate differences in AI adoption levels between the two countries, the following chart presents a comparative AI adoption score based on aggregated survey patterns.
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Source: Author’s own survey data, supported by comparative digital maturity benchmarks from the European Commission (2023), OECD (2022) and World Bank (2022).
The chart visually demonstrates the disparity in adoption maturity, with UK banks reporting substantially higher levels of integration and operational dependency on AI systems than Romanian banks.
5.8 Summary of Key Comparative Insights

The comparative findings highlight several overarching differences:

United Kingdom

· Mature digital infrastructure supports scalable AI deployment.

· Regulatory environment encourages experimentation and innovation.

· Strong organizational investment in training and change management.

· AI integrated widely across operations and risk functions.

Romania

· Legacy systems and fragmented data limit scalability.

· More cautious regulatory environment slows adoption.

· Workforce readiness varies, with pockets of resistance.

· AI used effectively but primarily in pilot or limited-scope projects.

These findings reinforce the argument that technological transformation is shaped not only by tools but also by national ecosystems, organizational culture and regulatory confidence.
6. Discussion
This chapter positions the empirical findings in relation to existing scholarship and addresses the literature gaps identified earlier in the dissertation. The analysis demonstrates not only how AI reshapes back-office operations and risk management but also how the UK–Romania comparison contributes to areas of research that remain under-examined.

6.1 Linking Findings to Gaps in Existing Literature

Earlier, three key gaps were identified:
(1) limited comparative research between technologically advanced and emerging EU markets;
(2) few studies exploring the simultaneous interaction of AI, operational efficiency, and risk management;
(3) insufficient empirical evidence from practitioners.
The present study addresses each gap directly.

First, the cross-country comparison reveals how national digital ecosystems materially influence AI outcomes. The UK’s mature infrastructure supports faster, deeper adoption, whereas Romanian banks face systemic constraints. This extends existing literature—particularly Ionescu and Popescu—by offering first-hand comparative evidence on how infrastructural and regulatory differences affect day-to-day implementation. Unlike purely conceptual analyses, these results demonstrate how similar technologies produce distinct operational realities across national contexts.

Second, the findings show that operational efficiency and risk management improvements are interdependent rather than separate. AI-driven error reduction, improved data quality and faster workflows were closely tied to enhanced fraud detection and fewer false positives. This supports the work of LeCun, Bengio and Hinton, while also revealing how operational and risk functions rely on shared data infrastructure. This integrated perspective directly responds to the literature gap in studies examining both domains together.

Finally, by drawing on survey and interview data, the study offers practitioner-oriented insights rarely present in AI-focused banking research. Respondents highlighted not only the benefits but also organizational resistance, training gaps and issues of algorithmic opacity. These reflections enrich the academic discourse, illustrating the practical realities behind theoretical claims about AI-driven transformation.

6.2 Operational Efficiency

The findings confirm the consensus that AI enhances operational efficiency, but also show that these benefits are unevenly distributed. UK banks achieved greater gains due to the structural enablers highlighted by Arner, Barberis and Buckley, whereas Romanian banks demonstrated that AI is unlikely to succeed without compatible systems and high-quality data. This adds nuance to the literature by illustrating conditionality—AI’s impact is substantial only when underlying infrastructures allow it to function effectively.

6.3 Risk Management

Both countries benefited from improved anomaly detection and more targeted fraud alerts. However, the Romanian context exposed challenges linked to vendor dependence and model opacity. This reinforces O’Neil’s arguments regarding algorithmic accountability, while also showing that such risks are heightened in environments with weaker internal data-science capability. The study therefore deepens understanding of how capability gaps shape AI’s risk-management effectiveness.

6.4 Organizational Culture and Workforce Capability

Your findings further confirm that digital transformation is as much about people as technology. UK banks’ investment in training and communication aligns with McKinsey’s emphasis on workforce readiness. Romanian banks’ cultural hesitation and limited skills training demonstrate an underexplored facet in current literature—the social adoption barrier—particularly acute in emerging markets where digital skills are unevenly distributed.

6.5 National Ecosystems and Structural Differences

The study validates the argument that broader national ecosystems determine the pace and trajectory of AI adoption. The regulatory confidence, fintech maturity and investment capacity of the UK represent conditions often assumed—but rarely empirically compared—to those of emerging economies. This research therefore contributes new comparative evidence supporting the notion that AI adoption cannot be understood outside its structural context.

6.6 Integration and Contribution

Overall, the findings refine and extend existing knowledge by illustrating how:

· AI’s operational and risk benefits depend heavily on infrastructural readiness;

· national ecosystems create divergent outcomes even when the same technological tools are used;

· organizational culture significantly influences implementation success;

· empirical insights can challenge theoretical assumptions about seamless automation.

These contributions directly address the literature gaps previously outlined, providing a holistic, evidence-based comparative perspective rarely present in current scholarship.

Comparative Table: AI Adoption in the United Kingdom vs Romania

	Dimension
	United Kingdom
	Romania

	Digital Infrastructure
	Modern, integrated, regularly updated systems
	Legacy systems, fragmented data

	Regulatory Environment
	Innovation-friendly (FCA sandbox, clear guidance)
	More cautious, slower adoption due to regulatory uncertainty

	AI Use in Operations
	Widely integrated across high-volume processes
	Limited integration, often pilot-based

	AI Use in Risk Management
	Advanced predictive models, reduced false positives
	Early-stage models, higher reliance on vendors

	Data Quality & Availability
	High-quality, centralized datasets
	Inconsistent or siloed data

	Organizational Culture
	Strong focus on training, positive digital mindset
	Mixed acceptance, concerns about job displacement

	Investment Capacity
	High investment in technology and talent
	Budgetary constraints limit scaling

	Overall, AI Maturity
	High, strategic and scalable
	Moderate, developing but constrained


Source: Compiled by the author based on primary survey and interview data, supported by insights from Arner et al. (2016), Ionescu (2021), Popescu (2023), Lacity and Willcocks (2018), the European Banking Authority (2021), and the McKinsey Global Institute (2020).
7. Conclusion and Recommendations
This dissertation set out to examine how Artificial Intelligence (AI) is transforming operational efficiency and risk management within the banking sector, with a comparative focus on the United Kingdom and Romania. By integrating survey data with semi-structured interviews, the research provides a balanced understanding of both the perceived benefits and the practical constraints shaping AI adoption.

The findings demonstrate that AI has become an essential component of modern banking operations. Participants in both countries acknowledged improvements in processing speed, accuracy and workflow reliability, particularly when AI tools were applied to repetitive back-office tasks. These observations reinforce the arguments presented by Lacity and Willcocks, who highlight the substantial efficiency gains associated with robotic process automation. Similarly, the use of machine learning models has enhanced fraud detection and anomaly identification, supporting the claims made by LeCun, Bengio and Hinton regarding the strength of AI in pattern recognition.

However, the results also show that the benefits of AI are not automatically realized. As earlier authors have argued, technological readiness must be matched by a supportive organizational culture, robust governance practices and sustained investment in skills. This principle was evident in both contexts, but particularly in Romania, where many banks face challenges related to legacy infrastructure, inconsistent datasets and workforce readiness. These barriers align with the concerns highlighted by Ionescu and Popescu, who point to uneven digital maturity and structural constraints within the Romanian banking system.

The comparative analysis reveals that the United Kingdom has progressed further in embedding AI within operational and risk-management functions. This advancement reflects the country’s mature technological ecosystem, supportive regulatory environment and strong investment capacity. The Financial Conduct Authority’s innovation-friendly approach—referenced widely in academic literature—has provided an enabling context for experimentation and scaling. As Arner, Barberis and Buckley have noted, the UK’s fintech landscape continues to position it as a leader in digital innovation.

Romanian banks, while making progress, continue to navigate challenges that limit their ability to deploy AI at scale. Nevertheless, there is evidence of growing momentum, driven by EU digitalization initiatives and internal organizational reforms. Participants consistently expressed optimism about AI’s long-term potential, provided that structural and cultural barriers are addressed.

Overall, this dissertation concludes that AI offers substantial value for improving banking efficiency and strengthening risk management. However, realizing this value requires responsible implementation supported by strong governance, strategic clarity and sustained investment. Banks, regulators and policymakers must therefore collaborate to ensure that AI adoption is not only technologically feasible but also operationally sustainable and ethically aligned with industry standards.
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9. Appendices
Appendix A: Survey Questionnaire

This appendix contains the survey questionnaire used to collect quantitative data from banking professionals in the United Kingdom and Romania. The questionnaire includes items relating to AI adoption, operational efficiency, risk management, data governance, digital maturity, and organizational readiness.

How would you rate your organization’s level of AI adoption?

Which AI technologies are currently used in your department?

To what extent has AI improved operational efficiency?

Has AI reduced error rates in your unit?

Has AI improved fraud detection or risk monitoring?

How would you describe data quality within your organization?

How prepared is your organization for further AI integration?

What level of training have you received regarding AI tools?

What barriers limit wider AI adoption in your organization?

Please indicate your country: United Kingdom / Romania

Appendix B: Semi-Structured Interview Guide

The following guide was used to conduct semi-structured interviews with participants. Questions were tailored to explore experiences with AI implementation, organizational culture, data governance, operational impacts, and risk management practices.

Can you describe how AI is currently used in your organization?

What operational processes have benefited most from AI?

What challenges have you encountered during AI implementation?

How has AI influenced risk monitoring and fraud detection?

How would you describe the organization’s cultural readiness for AI?

What training or support have staff received regarding AI tools?

How do regulatory expectations influence AI adoption in your organization?

What steps are required to improve AI integration going forward?

Appendix C: Ethics and Consent Documentation

Participants received an information sheet and consent form detailing the study purpose, confidentiality protections, voluntary participation rights, and GDPR-compliant data handling. All participants confirmed informed consent prior to taking part in the survey or interviews.

Appendix D: Comparative Chart on AI Adoption

The chart below illustrates comparative AI adoption levels between the United Kingdom and Romania, based on survey responses collected for this study.
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Appendix E: Comparative Table – UK vs Romania

This table summarizes key differences between the United Kingdom and Romania in terms of AI adoption capacity, operational integration, regulatory environment, and organizational readiness, based on interview and survey findings.

	Dimension
	United Kingdom
	Romania

	Digital Infrastructure
	Modern, highly integrated systems
	Legacy systems, fragmented data

	Regulatory Environment
	Innovation-friendly, FCA sandbox
	Cautious, slower adoption

	AI in Operations
	Advanced, scaled across functions
	Limited, mostly pilot stage

	AI in Risk Management
	Predictive models, fewer false positives
	Early-stage models, vendor dependent

	Data Quality
	High-quality, centralized data
	Inconsistent or siloed data

	Organizational Culture
	High readiness, strong training
	Mixed readiness, some resistance

	Investment Capacity
	High investment and strategic planning
	Lower investment flexibility
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