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Abstract
Artificial intelligence (AI) is increasingly transforming banking operations, yet its contribution to employee performance may depend on employees’ ability to engage effectively with AI-enabled technologies. This study examined the impact of AI adoption on employee performance in the UK banking sector, with particular attention to the mediating role of employee digital competence. The study was underpinned by the Technology Acceptance Model and Human Capital Theory, integrating technological and human-capability perspectives. A positivist philosophy, deductive approach and quantitative cross-sectional survey design were adopted. Primary data were collected from employees working within the UK banking sector and analysed using IBM SPSS Statistics through descriptive, reliability, correlation and regression analyses. The findings revealed positive relationships between AI adoption, employee digital competence and employee performance, supporting the proposed hypotheses. Digital competence emerged as particularly important in understanding how employees may translate AI-enabled resources into effective workplace outcomes. However, the cross-sectional and self-reported design limits causal interpretation, and the proposed mediating mechanism should therefore be interpreted cautiously. The study concludes that successful AI transformation in UK banking requires more than technological implementation; it requires the strategic integration of AI capability, continuous employee digital-capability development and effective human–AI collaboration.



Table of Contents
Chapter One: Introduction	13
1.1 Introduction	13
1.2 Background Study	13
1.3 Problem Statement	15
1.4 Scope: Aim, Objectives and Research Questions	16
1.4.1 Research Aim	16
1.4.2 Research Objectives	16
1.4.3 Research Question	17
1.5 Outline of the Methodology	17
1.6 Significance of the Study	18
1.7 Thesis Structure	18
CHAPTER Two: LITERATURE REVIEW	19
2.1 Introduction	19
2.2 Theoretical Background	19
2.2.1 Technology Acceptance Model (TAM)	19
2.2.2 Human Capital Theory	20
2.2.3 Theoretical Integration	20
2.3 Variable: Artificial Intelligence Adoption	21
2.4 Variable: Employee Digital Competence	22
2.5 Variable: Employee Performance	23
2.6 Relationship between AI Adoption and Employee Digital Competence	25
2.7 Relationship between AI Adoption and Employee Performance	26
2.8 Relationship between Employee Digital Competence and Employee Performance	26
2.9 Literature Gap	28
2.10 Conclusion	29
CHAPTER THREE: METHODOLOGY	30
3.1 Chapter Overview	30
3.2 Research Onion	30
3.3 Research Philosophy	32
3.4 Research Approach	33
3.5 Research Strategy	34
3.6 Research Method Choice	34
3.7 Research Time Horizon	35
3.8 Research Techniques and Procedures	36
3.8.1 Data Collection Methods and Tools	36
3.8.2 Data Analysis Methods and Tools	38
3.9 Ethical Considerations	39
3.10 Chapter Summary	40
Chapter 4 Structure	42
4.1 Introduction	42
4.2 Background and Industry	42
4.2.1 UK Banking and AI Context	42
4.2.2 Respondents' Exposure to AI	43
4.2.3 Types of AI Technologies Used	43
4.3 Demographic Analysis	44
4.3.1 Age Distribution	45
4.3.2 Job-Level Distribution	45
4.3.3 Functional Area	45
4.3.4 Banking Tenure	46
4.4 Reliability Test Analysis	47
4.4.1 AI Adoption Reliability	48
4.4.2 Employee Digital Competence Reliability	48
4.4.3 Employee Performance Reliability	48
4.5 Hypotheses Testing	50
4.5.1 Descriptive Statistics of Core Constructs	50
4.5.2 Correlation Analysis	51
4.5.3 Regression Analysis for H1: AI Adoption and Employee Digital Competence	52
4.5.4 Regression Analysis for H2: AI Adoption and Employee Performance	53
4.5.5 Regression Analysis for H3: Employee Digital Competence and Employee Performance	54
4.5.6 Mediation-Related Regression Assessment	55
4.5.7 Summary of Hypothesis Testing	56
4.6 Discussion	56
4.6.1 AI Adoption and Employee Digital Competence	57
4.6.2 AI Adoption and Employee Performance	58
4.6.3 Employee Digital Competence and Employee Performance	59
4.6.4 Mediating Role of Employee Digital Competence	59
4.6.5 Integrated Theoretical and Managerial Interpretation	60
4.7 Conclusion	61
Chapter 5: Conclusion and Recommendations	63
5.1 Introduction	63
5.2 Summary of Chapters	63
5.2.1 Chapter 1: Research Problem and Purpose	63
5.2.2 Chapter 2: Literature and Theoretical Foundation	63
5.2.3 Chapter 3: Methodological Approach	64
5.2.4 Chapter 4: Principal Findings	64
5.3 Recommendations	65
5.3.1 Integrate AI Investment with Digital-Competence Development	65
5.3.2 Design AI Around Human–AI Augmentation	66
5.3.3 Introduce Role-Specific AI Capability Frameworks	67
5.3.4 Measure AI Success Through Integrated Technology and Human-Capital KPIs	67
5.4 Limitations	69
5.4.1 Cross-Sectional Research Design	69
5.4.2 Self-Reported Measurement and Common-Method Variance	70
5.4.3 Sampling and Generalisability	70
5.4.4 Measurement and Mediation Limitations	71
5.5 Conclusion	71
6. Reference	73
7. Appendix	86
Appendix A: Dissertation Supervision Record	86
Appendix B: Research Questionnaire	86
Appendix C: Participant Information Sheet	86
Appendix D: Participant Consent Form	90
Appendix E: Approved Ethics Form	92
Appendix F: Questionnaire Response Dataset	92
Appendix G: SPSS Data Analysis Output	92
Appendix H: Questionnaire Response Graphs	92
Appendix I: Approved Research Proposal	93




LIST OF TABLES
Table 1.1: Core Study Constructs	11
Table 1.2: Research Gap Matrix	12
Table 2.1: Operational Dimensions of AI Adoption	17
Table 2.2: Conceptualisation of Employee Digital Competence	18
Table 2.3: Conceptualisation of Employee Performance	19
Table 2.4: Hypothesis Development and Alignment	22
Table 2.5: Critical Literature Gap and Study Response	23
Table 3.1: Application of the Research Onion	26
Table 4.1: Demographic and Professional Characteristics of Respondents (N = 98)	40
 Table 4.2: Internal Consistency Reliability of the Study Constructs	43
Table 4.3: Descriptive Statistics of the Core Constructs	44
Table 4.4: Pearson Correlation Matrix	45
Table 4.5: Regression Results for H2	47
Table 4.6: Regression Results for H3	47
Table 4.7: Summary of Hypothesis Testing	49
Table 5.1: Evidence-Based Recommendations for UK Banks	60




LIST OF TABLES
Figure 4.1: AI-Enabled Technologies Used by Banking Employees	39
Figure 4.2: Proposed Empirical Mediation Assessment	49






List of Abbreviations
	Abbreviation
	Full Form

	AI
	Artificial Intelligence

	AIA
	Artificial Intelligence Adoption

	ANOVA
	Analysis of Variance

	EDC
	Employee Digital Competence

	EP
	Employee Performance

	FCA
	Financial Conduct Authority

	HCT
	Human Capital Theory

	HR
	Human Resources

	HRM
	Human Resource Management

	IWPQ
	Individual Work Performance Questionnaire

	MBA
	Master of Business Administration

	OECD
	Organisation for Economic Co-operation and Development

	PEOU
	Perceived Ease of Use

	PU
	Perceived Usefulness

	RO
	Research Objective

	RQ
	Research Question

	SD
	Standard Deviation

	SE
	Standard Error

	SPSS
	Statistical Package for the Social Sciences

	TAM
	Technology Acceptance Model

	UK
	United Kingdom

	UWTSD
	University of Wales Trinity Saint David

	VIF
	Variance Inflation Factor





[bookmark: _Toc241155912]                          CHAPTER ONE: INTRODUCTION
[bookmark: _Toc241155913]1.1 Introduction 
Artificial intelligence (AI) has become increasingly integrated into the financial services sector in the UK, with companies leveraging AI to streamline processes, enhance customer service and fight financial crime (Bank of England and FCA, 2024). But, just because technology is used, doesn't mean employees will be better. AI can complement knowledge work and decision making processes, however, its organisational value depends on how well employees can interact with AI and interpret and use the AI-supported knowledge products (Jarrahi et al., 2023). This is especially significant as the demand for skills in the workforce has evolved at a fast pace, and employers have highlighted skills gap as a primary hindrance in the way of transformation (World Economic Forum, 2025). This study therefore considers if employee digital competence is a crucial pathway in which the use of AI is associated with better individual performance in the UK banking sector.
[bookmark: _Toc241155914]1.2 Background Study
The world is on the cusp of a digital transformation that is far more than just about business processes being computerised – it's about a restructuring of the socio-technical environment, where artificial intelligence (AI), automation, and data-driven decision-making are driving the reconfiguration of organisation capabilities and staff roles (Alli, 2026). While AI can supplement human decision-making, streamline repetitive tasks, and enhance data processing, the mere presence of technology does not ensure that it will lead to performance improvements – the effectiveness of AI in value creation relies on the readiness of the organisation, effective integration and complementary skills of the workforce (OECD, 2024). In banking, AI is being increasingly used for fraud detection, anti-money-laundering activities, credit and risk assessment, customer-service automation, predictive analytics, and decision support, amongst other applications, making this tension even more pronounced. The UK financial services have shown significant progress with the implementation of AI, with governance and accountability and the need for human oversight challenges being highlighted as potential risks to organisations implementing these technologies (Bank of England and FCA, 2024). However, the strategic importance of AI should not be limited to the aspect of efficiency in automation, as human workers need to be able to understand the output of algorithms and use them in a suitable way in judgement-dependent work.

The UK banking sector is particularly relevant, due to the high density of digitalisation and the presence of FinTech competition, regulatory interests and increasing pressures for using AI responsibly (Benito, Zelaya and Reina, 2026). What is important is that no two institutions or institutions and their staff are likely to be equally mature in the use of AI, and so the gap between investments and resulting performance gains will likely vary between them. The shift in skill demands, coupled with technological evolution that has raised the demand for AI, digital literacy and complementary human skills, is particularly challenging (World Economic Forum, 2025). In this sense, this study considers the adoption of AI as the actual use, availability, integration into the workflow, and support from the organization of AI technologies, instead of only the awareness, attitudes, or intentions of employees. 
Employee digital competence, on the other hand, is more than just computer skills; it refers to technical competence, adaptability, digital problem solving and the ability to critically assess information generated by technologies. This difference is of theoretical significance as workers hit with similar AI tools can be gaining different results based on how well they use and critically evaluate the AI systems (Chowdhury et al., 2023). Employee performance is thus assessed on a personal basis, not through the lens of organisational profitability or cost reduction, but by productivity, efficiency, how well they work and how well they complete tasks and how well they achieve objectives. Together, these constructs indicate that the adoption of AI could offer technological opportunities for better performance, but the level of employee digital competence could help to mediate the extent to which those opportunities are realised as better workplace outcomes (Dzramado et al., 2026).

[bookmark: _Toc241171079]Table 1.1: Core Study Constructs
	Construct
	Role
	Core dimensions
	Critical relevance

	AI Adoption
	Independent variable
	Usage, integration, accessibility, organisational support
	Captures actual workplace embedding of AI rather than intention alone

	Employee Digital Competence
	Mediator
	Digital skills, adaptability, problem-solving, critical evaluation
	Explains employees’ capacity to convert AI availability into effective work

	Employee Performance
	Dependent variable
	Productivity, efficiency, quality, task effectiveness, goal attainment
	Captures individual-level rather than organisational outcomes



[bookmark: _Toc241155915]1.3 Problem Statement
Adopting technology does not necessarily result in better employee performance, but can improve automation, information processing and decision support by means of artificial intelligence (AI). There is growing evidence that organizational gains from AI rely on complementary human skills, and constraints on realized gains (from skills gaps, insufficient training, and integration challenges) can be exacerbated by AI's challenges in the workplace (OECD, 2024). This presents a big research challenge in banks: investing in AI can significantly increase technological capability without delivering commensurate gains in work performance. Furthermore, much of the current research tends to focus on organisational productivity, innovation or technology acceptance, with the impact on employees' performance after AI adoption relatively under-researched (Bank of England and FCA, 2024). Most important of all, there is a lack of clarity on how adoption relates to performance. This could be a missing explanatory mechanism – employees need to be technically adept, flexible and critical-thinkers to turn AI into productive results. Therefore, this study on UK banks' adoption of AI, employee digital competence and employee performance can be a valuable contribution to theory, empirical, contextual and managerial research (World Economic Forum, 2025).


[bookmark: _Toc241171080]Table 1.2: Research Gap Matrix
	Gap
	Existing Knowledge
	Unresolved Issue
	Current Study Response

	Theoretical
	Technology adoption is extensively examined
	Human capability mechanism remains underdeveloped
	Tests digital competence as a mediator

	Empirical
	AI is associated with organisational outcomes
	Individual employee effects remain less established
	Examines employee performance

	Contextual
	AI has been studied across industries
	Limited integrated evidence within UK banking
	Focuses specifically on UK banking employees

	Managerial
	Banks increasingly invest in AI
	Workforce capability may not develop alongside technology
	Generates implications for training, reskilling and AI implementation



[bookmark: _Toc241155916]1.4 Scope: Aim, Objectives and Research Questions
[bookmark: _Toc241155917]1.4.1 Research Aim
To examine the impact of artificial intelligence adoption on employee performance in the UK banking sector, with particular emphasis on the mediating role of employee digital competence.
[bookmark: _Toc241155918]1.4.2 Research Objectives
RO1: To examine the relationship between artificial intelligence adoption and employee performance in the UK banking sector.
RO2: To evaluate the relationships between artificial intelligence adoption, employee digital competence and employee performance.
RO3: To determine whether employee digital competence mediates the relationship between artificial intelligence adoption and employee performance in the UK banking sector.
[bookmark: _Toc241155919]1.4.3 Research Question
RQ: To what extent does artificial intelligence adoption influence employee performance in the UK banking sector, and what role does employee digital competence play in this relationship?
[bookmark: _Toc241155920]1.5 Outline of the Methodology
The researchers use a positivist philosophy and deductive approach to investigate the relationships between the artificial intelligence adoption, employee digital competence and employee performance quantitatively, based on the collected data.Based on the collected data, this study uses a positivist philosophy and deductive approach to quantitatively analyze the relationship between artificial intelligence adoption, employee digital competence and employee performance. Primary data will be gathered using a cross sectional survey design with adults aged 18 years or older working in the UK banking sector who are exposed to workplace technologies that enable the use of AI (Freeguard et al., 2022). To achieve this, the participants will be screened for eligibility, with purposive sampling to ensure the criteria are met and convenience and snowball sampling will be used to help gain access to the target population. Considering the practical scope of the project and the limitations on accessing the questionnaire, the study seeks to receive around 80-100 valid answers (Home and Zieliński, 2026). Data will be gathered by using a structured questionnaire, which will be designed by using literature, and five-point Likert scales. The data will be screened using IBM SPSS Statistics, described using descriptive statistics, reliability analyzed using Cronbach's alpha, and Pearson correlation and multiple regression and regression-based assessment for the proposed mediation relationship will be used. Participation will be voluntary, informed consent secured, anonymity, confidentiality will be maintained and data kept secure (Saunders, Lewis and Thornhill, 2023).
[bookmark: _Toc241155921]1.6 Significance of the Study
The study also advances the School of AI and the School of HRM scholarship, as it goes beyond the firm-level technological outcomes to focus on the performance of individual employees, and importantly, the mechanism by which AI adoption can influence these outcomes. It matters for two reasons: First, the capability of the workforce is not defined by the investments in AI; second, digital transformation is increasingly about complementing AI with skills and adaption (OECD, 2024). The research could help us understand how an employee's digital competence affects the relationship between the technological resources and performance, thereby explaining the mediation of the use of technological resources in the performance. In practice, the findings may influence the UK banking bodies' decisions related to reskilling, the training of AI tools, workforce planning, and collaboration between humans and AI, especially as AI becomes increasingly common in UK financial services (Bank of England and FCA, 2024).
[bookmark: _Toc241155922]1.7 Thesis Structure
The dissertation comprises six interconnected chapters. Chapter One establishes the research context, problem, scope, methodology and significance. Chapter Two critically synthesises theoretical and empirical literature and develops the conceptual framework and hypotheses. Chapter Three justifies the research methodology. Chapter Four presents the statistical findings, while Chapter Five critically interprets these findings against existing evidence. Chapter Six synthesises conclusions, contributions, practical recommendations, limitations and future research directions.




[bookmark: _Toc241155923]                      CHAPTER TWO: LITERATURE REVIEW
[bookmark: _Toc241155924]2.1 Introduction
Artificial intelligence (AI) is reshaping the nature of work by reallocating tasks and responsibilities between humans and AI systems, not just replacing human labor.AI is not just replacing labor, it is changing the nature of working by reallocating tasks and responsibilities between people and the intelligent systems they are becoming more dependent on. However, the implications for the employees are still ambiguous, both theoretically and empirically: AI can support decision making, knowledge sharing and productivity, it can also induce technostress, skill challenges and demands in the context of human-AI interaction (Soulami, Benchekroun and Galiulina, 2024). This is relevant for the UK financial services sector; 75% of the firms surveyed reported already using AI in 2024, up from 58% in 2022, suggesting that the pace of adoption is outpacing the number of issues around how to integrate it effectively with humans (Bank of England and FCA, 2024). Therefore, studying the adoption of AI must not be studied in isolation, but rather its performance implications should be studied in conjunction with employees' abilities to effectively interact with digital technologies. The study on digital banking confirms the importance of digital competence for the successful interaction of users with AI-based systems (Fundira, Edoun and Pradhan, 2024). This chapter thus critically synthesizes the theoretical and empirical evidence on the adoption of AI, employee digital competence and employee performance, assesses their interrelationships and formulates the study hypotheses, and uncovers the gaps in the theoretical, empirical and contextual understanding of the issue that merits investigation in UK banking (Budhwar et al., 2024).
[bookmark: _Toc241155925]2.2 Theoretical Background
[bookmark: _Toc241155926]2.2.1 Technology Acceptance Model (TAM)
The Technology Acceptance Model (TAM) serves as a helpful framework for understanding employees' interaction with work-related AI tools by examining their perceptions of usefulness (PU) and ease of use (PEOU), which lead to attitudes and ultimately to intentions regarding technology use (Davis, 1989). AI's relevance is supported by contemporary workplace evidence; perceived usefulness has been consistently found to predict favourable attitudes towards AI, the effect of ease of use seems less consistent, and conventional acceptance assumptions may need to be adjusted for more complex AI systems as they become more common in the workplace (Wijayati et al., 2022). Most significantly, while TAM primarily focuses on acceptance of the technology and intention to use, this dissertation addresses actual adoption of the technology and employee outcomes. Thus, TAM alone is theoretically important but not enough; it is necessary to take into account the knowledge, skills and digital capabilities of the employees to understand whether the AI can increase their performance or not (Lubinga et al., 2022).
[bookmark: _Toc241155927]2.2.2 Human Capital Theory
Technology investment can also fail to produce better employee outcomes because of a complementary explanation provided by Human Capital Theory (HCT). The theory views knowledge, skills and capabilities of their employees as productive resources, which means that investing in competence can improve individual productivity (Becker, 1964). This view is more and more relevant in the context of AI in the workplace, as technology shifts demands for skills but not human ability. New research suggests AI embeddedness can enhance competency requirements and boost job performance, and that it can have detrimental impacts when employees lack the resources (Wang et al., 2024). Likewise, current studies have emphasized the importance of digital skills development as a mechanism in HRM that facilitates the employee's performance in a changing workplace. AI, therefore, is technological capital, and employee digital competence is complementary human capital that can transform technological potential into productive outcomes (Noya, 2023).
[bookmark: _Toc241155928]2.2.3 Theoretical Integration
The combination of the TAM and the HCT is a more robust explanation of the use of AI in performance than these theories alone. According to TAM, employees are willing to use technology because they consider it useful and easy to use, while Human Capital Theory points to the way that employees' knowledge and skills contribute to their productive value (Addy et al., 2024). Most importantly, it should be noted that technology acceptance does not necessarily indicate technological competence or performance improvement. Empirical evidence shows that this is the case: AI can positively impact employee performance; however, digital competence determines an employee's ability to use AI effectively, and effect sizes reported are relatively small, indicating that technology is not enough (Mohaimen et al., 2026). Therefore, the theoretical logic integrated is the one of AI adoption digital competence employee performance, where competence is considered as a mechanism of human capital that can be used to transform technologies into productive results.
[bookmark: _Toc241155929]2.3 Artificial Intelligence Adoption
The concept of artificial intelligence (AI) adoption is more comprehensive than people being aware of AI or planning to use it. While behavioural intention and perceived usefulness have been key factors in technology-acceptance studies, the current context of AI adoption in organisations is more about embedding AI in real workflows, decision-making processes, and infrastructure (Seymour et al., 2026). This is significant because while a positive attitude towards AI does not necessarily mean any meaningful use in the workplace, it is a prerequisite for it. In line with this, the present study regards the adoption of AI as the level of use, availability, incorporation, and support of AI technologies in employees' jobs by means of organisational structure, instructions, and training. 
This operational definition has been strengthened by the swift uptake in financial services in the UK, with 75% of firms surveyed saying that they are already using AI, and an additional 10% saying they would be considering implementing it within three years (Bank of England and FCA, 2024). However, there is still a need for adoption depth. Programmatic adoption of foundation models was reported by 17% of AI use cases, and one-third of AI use cases were third-party, showing an increasing trend away from lower-tech, more automated systems and towards more technologically complex systems that rely on third parties for their operation. In the banking segment, applications span predictive analytics, credit-risk assessment, customer-facing AI and decision-support systems to cybersecurity and fraud detection, as well as process optimisation (Bank of England, 2025). 
However, the more it is adopted, the more it does not necessarily imply more value to the organisation. While AI can supplement the employee's decision-making and productivity, there are governance, skill, integration and human-in-the-loop requirements to consider when implementing AI. Additionally, emerging banking evidence indicates that AI's impact can be more substantial when its capability is enhanced by human interaction, underscoring the need for a blend of technological and human efforts to be effective, and thus not just the technology itself (Ebrahimitorki and Kim, 2025). Thus, the use of AI is considered in this dissertation as an organisational technological competence whose perceived value for performance is dependent on appropriate human use, as a conceptual framework for exploring employee digital competencies later.

[bookmark: _Toc241171081]Table 2.1: Operational Dimensions of AI Adoption
	Dimension
	Meaning within this study
	Critical relevance

	Usage
	Actual employee interaction with AI-enabled systems
	Separates adoption from awareness or intention

	Integration
	AI embedded within routine workflows and decisions
	Indicates depth rather than superficial adoption

	Accessibility
	Employees can access relevant AI technologies
	Technology cannot influence work if access is restricted

	Organisational support
	Guidance, resources and technical support for AI use
	Connects technology deployment with implementation capability

	Infrastructure
	Organisational systems enabling AI deployment
	Supports sustainable rather than isolated AI use



Source: Developed by the researcher from the reviewed literature.
[bookmark: _Toc241155930]2.4 Employee Digital Competence
Digital competence is not about the basics of operating the computer, it is not only about digital literacy, which is focused on access and interpretation of digital information. It is an applied use of knowledge, skills, adaptability, problem solving and critical evaluation, which helps employees to use the digital technologies effectively in different work settings (Sharma, 2025). This is growingly significant in AI-driven organizations because while technology access does not build capability, it is what technology does when used effectively that can do so. This is supported by empirical evidence, namely the results of research conducted by Ingsih, Astuti and Riyanto (2024) which showed that digital competence has a positive effect on employee performance, so that there is a need for complementary competencies in the era of technological transformation. Digital competence should, however, be differentiated from what might be called ‘AI literacy' as competent bank staff need to be able to use several digital systems in professional activities. This is especially critical in banking, where staff are likely to be dealing with automated risk, fraud-detection and decision-support systems that generate results that must be interpreted instead of accepted at face value (Liagkou and Stiakakis, 2025). Digital competence thus includes the skill to be aware of the constraints of technology, and to exercise professional judgement. In this sense, this dissertation operationalizes the term employee digital competence as an applied competence in the workplace that allows employees to use digital and AI resources to shape their work practices in an effective manner, thus creating a theoretical plausible link between AI adoption and performance (Tran and Almeida, 2026).

[bookmark: _Toc241171082] Table 2.2: Conceptualisation of Employee Digital Competence
	Dimension
	Meaning in this study
	Workplace relevance

	Digital knowledge
	Understanding relevant digital technologies
	Provides conceptual awareness

	Technical proficiency
	Effective operation of workplace technologies
	Supports efficient technology use

	Adaptability
	Adjustment to new technologies and processes
	Supports technological change

	Problem-solving
	Resolution of digitally mediated work problems
	Reduces disruption and inefficiency

	Critical evaluation
	Assessment of AI/digital outputs
	Prevents uncritical dependence on technology

	Digital confidence
	Confidence in learning and using emerging systems
	Facilitates continued technological adaptation



Source: Developed by the researcher from the reviewed literature.
[bookmark: _Toc241155931]2.5 Employee Performance
All employee performance should be separated from organisational performance (profitability, cost reduction or market performance), because individual employee performance refers to their behaviours and achievements related to the organisation's goals. Various authors, such as Koopmans et al. (2014), have conceptualised individual work performance in a multidimentional way, including task, contextual and adaptive performance and counterproductive work behaviour, which is why performance cannot be limited to performance in terms of productivity. The main focus for the purpose of this dissertation is on employees' task performance, productivity, efficiency, work quality and goal attainment, and adaptability is only relevant in cases where changes in technology affect the requirements of tasks. This is a critical employee-level focus as gains which are attributed to AI at an organisational level cannot prove employee-level gains. There is a methodological tension with respect to measurement, however. Objective indicators may look more promising, but are less easily standardized over the diverse nature of bank occupations; self-reported questionnaires allow consistent measurement between bank employees. For instance, the IWPQ was created as a generic measure of individual performance, and subsequently validated for construct validity. Nevertheless, there is the possibility of social-desirability and common-method bias in self-reporting. The performance of employees is therefore considered here as a multidimensional individual outcome and these measurement restrictions must be given careful control and attention (Leogrande et al., 2026).

[bookmark: _Toc241171083] Table 2.3: Conceptualisation of Employee Performance
	Dimension
	Meaning in this study
	Analytical relevance

	Task effectiveness
	Successful execution of core duties
	Captures core job performance

	Productivity
	Amount of effective work accomplished
	Reflects employee output

	Efficiency
	Completion of work using time/resources effectively
	Relevant to AI-enabled work

	Work quality
	Accuracy and standard of completed work
	Prevents performance being reduced to speed

	Goal achievement
	Accomplishment of expected objectives
	Connects behaviour with work outcomes

	Adaptability
	Maintaining effectiveness during work change
	Relevant to AI-driven job redesign



Source: Developed by the researcher based on Koopmans et al. (2014).
[bookmark: _Toc241155932]2.6 Relationship between AI Adoption and Employee Digital Competence
Adopting AI can bolster employee digital competence since continuous contact with intelligent technologies alters task needs and skill sets to meet those needs. AI not only replaces current tasks but also enhances human capabilities, highlighting the need for AI literacy alongside human-centric skills for future jobs (Bankins, Hu and Yuan, 2024). Empirical evidence also suggests that the adoption of technology is associated with capability development: Jiang, He and Jiang (2024) found that for every additional year of digital-technology use, the probability of capability development was 18.5–32.6%, based on a sample of 2,451 firms, with the increase largely contingent on the need for firms to have increased professional competence rather than basic system-operating skills. 
Other, more recent evidence also relates greater adoption of AI with greater ongoing training, but training resources can also be skewed towards highly skilled individuals (Calonge et al., 2025). This raises the question of whether competence comes automatically when introducing AI or not, which is a challenge to any deterministic assumptions. Instead, however, skill gaps could be revealed if employees are under-resourced in training, organizational support or employee engagement, and indeed, technological, organizational, and people-related conditions must be addressed at the same time in order to successfully adopt AI (Wade and Vochozka, 2024). Moreover, human capital accounts for about one-third of the variance in AI adoption across industries in Europe, hinting at a potential bi-directional relationship: competence can help drive adoption, and adoption can help drive competence (Montresor and Vezzani, 2024). However, there are learning and reskilling pressures in the workplace, which warrant the expectation of a positive correlation in UK banking where substantial exposure to AI is present.
H1: Artificial intelligence adoption has a positive and significant relationship with employee digital competence in the UK banking sector.
[bookmark: _Toc241155933]2.7 Relationship between AI Adoption and Employee Performance
Though on paper it would seem logical, the connection between AI adoption and employee performance is not necessarily a good one. AI can enhance the information processing capabilities, automate repetitive tasks and streamline decision-making, freeing up time for employees to focus on tasks that require judgment. According to Wang, Liu and Huang (2024), there are three potential occupational benefits that AI can offer, such as productivity enhancement, intelligence augmentation and AI-enabled work, which means AI can complement human labour. Recent evidence on the employee level also supports: Mohaimen et al. (2026), based on data from 300 telecommunications workers, confirmed the positive and statistically significant relationship between the use of AI and work performance, but digital competence enhanced this relationship. Likewise, the data from 758 employees show that the use of generative-AI can have a positive impact on job performance – job crafting, work engagement and digital competence condition this benefit. The results suggest that the myth that "adopting AI improves performance" is not entirely accurate. At the same time AI can add learning costs, tech anxiety, role disruption, and reliance on what may be wrong and incorrect algorithmic outputs. The systematic review by Soulami, Benchekroun and Galiulina (2024), therefore, defines workplace AI as having mixed employee outcomes not universal benefits. Furthermore, evidence of the threat of AI disruption illustrates negative pathways through technology insecurity and diminished ability to thrive at work, that can then lead to diminished service performance. Hence, AI needs to be understood as a resource that enables performance: empirical testing within UK banking is therefore required (Nalwade, 2024).
H2: Artificial intelligence adoption has a positive and significant relationship with employee performance in the UK banking sector.
[bookmark: _Toc241155934]2.8 Relationship between Employee Digital Competence and Employee Performance
Digital competence of employees is now seen as a skill for the productive work environment instead of just technical skills. Those with a higher level of digital competence may be better able to choose suitable technologies, solve digitally mediated problems, adjust to changes in systems and be critical of information created by technology, which can enhance the efficiency of tasks and the quality of decision-making. This relationship has been confirmed by recent quantitative evidence. Based on 387 employees, Sulaiman et al. (2025) revealed that digital competence had a significant impact on employee performance and that motivational mechanisms were found to be also an important factor in bringing competence to the level of performance. Likewise, modern research presents positive correlations between digital competence and worker productivity, and focuses on the importance of digitally supported working systems to translate employee skills into results. The results align with Human Capital Theory as those who are digitally competent employees can derive more productive use of technology resources (Roumell and Jabarkhail, 2023). However, this association should not be seen as cause and effect. Where technological quality, leadership or job design and/or organisational support limit effective technology use, competent employees can be poor performers. Furthermore, a lot of recent evidence comes from public sector, not UK banking, environments limiting direct contextual transferability. This restriction reinforces the appeal of investigating the link between digital competence and the performance of workers in technologically advanced banks in the UK (Stavrou and Piki, 2024).
H3: Employee digital competence has a positive and significant relationship with employee performance in the UK banking sector.

[bookmark: _Toc241171084] Table 2.4: Hypothesis Development and Alignment
	Hypothesis
	Relationship
	Predictor
	Outcome
	Theoretical logic

	H1
	A → B
	AI Adoption
	Digital Competence
	AI exposure generates learning and capability requirements

	H2
	A → C
	AI Adoption
	Employee Performance
	AI can augment information processing and task execution

	H3
	B → C
	Digital Competence
	Employee Performance
	Digital capability enables more effective use of technological resources



Source: Developed by the researcher from the reviewed literature.
[bookmark: _Toc241155935]2.9 Literature Gap
However, the literature suggests that it's not just a lack of studies on AI and workers. Theoretically, technology-acceptances perspectives account for why people use technologies while the technology-acceptance alone does not fully explain the productive outcomes of technologies in the workplace as employee outcomes (Oyeniyi, Ugochukwu and Mhlongo, 2024). Human-capital approach focuses on employee capability but these approaches are not well-fused in the context of work enabled by AI. From an empirical point of view, recent research has shown correlations between digital competence and employee productivity, such as in the case of 387 employees from the public sector who were found to have a significant impact on their productivity by Sulaiman et al. (2025). Such results are however highly context-specific and recent research is still carried out in other contexts, such as in commercial banking, which are not as regulated. A more pertinent mechanism gap relates to the linkage of AI adoption to employee performance (Wong, 2024). 
Previous evidence increasingly takes the view that the adoption of AI and digital competence are distinct performance predictors, and new research now applies other intervening mechanisms, such as work engagement. This disintegration does not provide enough clarity as to whether digital competence of employees is the capacity with which the adoption of AI in the organisation is realised and translated into better performance of the individual. The contextual gap is also significant as evidence of the relationship between AI adoption, digital competence and the performance of individuals in banking-related contexts is still limited (OECD, 2021). The present study, therefore, brings together these constructs in a single quantitative model, to fill the gap between the implementation of technology and the people who need to use it in order to achieve its value.

[bookmark: _Toc241171085] Table 2.5: Critical Literature Gap and Study Response
	Gap
	Critical limitation identified
	Response of this study

	Theoretical
	Technology acceptance does not fully explain performance outcomes
	Connects technological adoption with human-capability reasoning

	Empirical
	Employee-level relationships remain fragmented across studies
	Examines AIA, EDC and EP within one model

	Contextual
	Existing evidence frequently derives from non-UK/non-banking contexts
	Generates evidence from UK banking employees

	Mechanism
	Limited explanation of how AI adoption becomes employee performance
	Examines digital competence as the proposed explanatory mechanism



Source: Developed by the researcher from the critical synthesis of literature.
[bookmark: _Toc241155936]2.10 Conclusion
The evidence reviewed confirms that the use of AI is not a standalone variable to define employee performance. Instead, AI offers technological tools that can enhance information processing, decision-making, and task completion, and that need to be complemented by the appropriate capabilities of people to make the most of those tools. Digital competence thus has a theoretically relevant place as it allows the employee to respond to technological changes, to solve digital issues and to critically analyze the production of technological products. However, research on the relationship between competence and performance is not always comparable and often has been focused in a narrow range of contexts, such as in the UK banking sector, in recent times. At a broader level, literature continues to be dispersed on the different aspects of technology adoption and the digital capability and performance streams, and does not systematically focus on the interactions between these. The chapter consequently provides a theoretical and empirical basis for H1–H3 and highlights an unexplained mechanism in the way that AI-enabled technological resources are converted to individual performance. In Chapter Three, the quantitative methodology is developed which will be used to examine these relationships empirically amongst banking employees in the UK.

[bookmark: _Toc241155937]                        CHAPTER THREE: METHODOLOGY
[bookmark: _Toc241155938]3.1 Chapter Overview 
In this chapter, the methodological framework is developed to explore the linkage between the adoption of artificial intelligence (AI), employee digital competence and employee performance in the UK banking industry. A quantitative methodology is used because the study aims to test the theoretically set relationships by measurable evidence and not just explore the employees' experiences subjectively (Abdelhakim and B., 2021). This option is especially suitable as both aspects of the research question – the relationship between AI adoption and performance and the explanatory role of digital competence – should be evaluated. Primary data will as a result be acquired directly from the eligible employees of the UK banking industry using a structured questionnaire which will allow for consistent measurement across the different respondents (Abdelhakim and B., 2021). If methodological rigor is to be achieved, however, more than quantitative methods can be selected, the research philosophy, approach, research strategy, choice of method, the time frame for the study, the sampling, the measurement and the statistical procedures must remain in line (Saunders, Lewis and Thornhill, 2023). Thus this chapter justifies critically each methodological choice made and outlines the ways in which data will be gathered, analyzed using the software IBM SPSS Statistics, and handled ethically to produce systematic, transparent and replicable evidence.
[bookmark: _Toc241155939]3.2 Research Onion
The Research Onion is used as a structured model to maintain coherence within the study, regarding the philosophical assumptions, research question, data needs and analytical methods. The framework is not designed to be independent methodological decisions, but rather each decision must follow logically from the previous one. This is crucial as methodological quality relies on the consistency of the aim of the study and how evidence is being produced (Arjunan et al., 2020). Also, literature on research design places philosophy in the context of subsequent decision on methodological approach, methods and interpretation. In present study, positivism is used as a philosophical basis as the AI implementation, digital competence and employee performance are operationalized as measurable constructs. The deductive method then allows for testing of theoretically derived hypotheses in an empirical way (Atwal and Bryson, 2021). 
The survey method and mono-method quantitative design ensure standardised observations throughout the UK banking employees, and the cross sectional horizon allows the relationships to be explored within a certain time frame for data collection. Last but not least, a structured questionnaire is used to collect numerical data which can be analyzed using IBM SPSS Statistics (Craveiro et al., 2023). The real power of this setup is not in any one particular methodology, but in the vertical alignment—from theoretical propositions to measurable variables, to questionnaire items to statistical evidence. In positivist business research, conclusions ought to be traceable back to the procedures used to produce evidence, which is especially critical in the context of such transparency (Joullié and Gould, 2023).

[bookmark: _Toc241171086]Table 3.1: Application of the Research Onion
	Layer
	Methodological decision
	Justification

	Philosophy
	Positivism
	Supports objective measurement and hypothesis testing

	Approach
	Deductive
	Tests relationships derived from existing theory

	Strategy
	Survey
	Generates standardised employee-level observations

	Method choice
	Mono-method quantitative
	Matches predefined measurable constructs

	Time horizon
	Cross-sectional
	Examines relationships within one defined period

	Techniques/procedures
	Questionnaire + SPSS
	Enables systematic measurement and statistical testing



[bookmark: _Toc241155940]3.3 Research Philosophy
The study is situated mostly in the positivist research paradigm which has a goal to examine theoretically formulated relations by systematic empirical measurement. Positivism is a belief that phenomena can be studied by observing and applying analytical processes, and is generally linked with quantitative measurement and efforts to control the influence of the researcher (Hossain, 2024). This orientation is suitable for the current study as it involves the use of AI, employee digital competence and employee performance that are specified before data collection, standardized in the questionnaire items and analysed statistically. Rather than building single narratives of what AI means for each employee, the research attempts to find patterns across the employees.
The research thus aims at finding patterns across employees instead of individual narratives of the meaning of AI for each employee (Mwababa and Chrine, 2024). When viewed next to other philosophies, this option becomes apparent. While the primary focus is not on understanding the subjective experiences of banking employees in the context of workplace change, interpretivism would be useful because it acknowledges the socially constructed and multiple experienced realities (Ujoodha and Suppiah, 2023). Pragmatism, on the other hand, is more research problem oriented, and allows for methodological pluralism, which is especially useful when quantitative and qualitative evidence are brought together. Both orientations are not bad; they are just different whenever they are used to solve different kinds of research questions. 
Positivism is more appropriate for the explanation of the present study because the study has variables that have already been determined and there are hypotheses that are unidirectional so that it requires statistical analysis. However, caution needs to be taken when taking up positivism. Employee reactions to AI are not just isolated from the organisational culture, job design, training and their experiences. Thus it is not possible to represent a fully context-free social reality with the scores to be obtained from questionnaires. The study thus has a positivistic instrumental approach, since the aim is to increase comparability and transparency, but statistical relationships are interpreted as probability evidence, not as universal laws. This qualification is especially significant since methodological scholarship in the modern period has set strictness of positivist certainty apart from more qualified empirical reasoning, which acknowledges the limitations of measurement and context.
[bookmark: _Toc241155941]3.4 Research Approach
A deductive research approach is used because the investigation is from what is known from theory and the empirical facts to the testing of specified relationships, not from unstructured observation of the facts that led to the development of theory. This sequence provides a clear and explicit linkage between Chapter 2 and the empirical analysis. Specifically, this is because there is a rationale in prior literature to test whether there is a correlation between the adoption of AI and an employee's digital competence (H1), whether there is a correlation between the adoption of AI and an employee's performance (H2), and whether there is a correlation between an employee's digital competence and an employee's performance (H3). Digital competence is also embedded as the hypothesized explanation between technological adoption and employee level outcomes in the conceptual model. 
Deduction is thus appropriate since the study does not go into the empirical setting without expectations, it is systematic examination of propositions that have been taken from existing scholarships (Alabdali and Salam, 2022). In contrast, an inductive approach would develop theory from the employees' description of the use of AI in their work and would be useful if the use of relevant constructs was not well understood. This would not be in line with this present study as the variables and relationships are already theoretically stated (Casula, Rangarajan and Shields, 2020). The deductive design also has a positive effect on methodological transparency: constructs have to be operationalised before collecting data, hypotheses don't alter as a result of the data, and statistical evidence can be compared with predetermined propositions. This is a logic that goes along with a positivist approach in which empirical data is used to test theoretical predictions. However, support for the hypotheses will be seen as evidence that is in line with the hypothesized relationships, not as evidence for causal mechanisms, especially given the fact that this research is an observational cross-sectional research (Danaeefard, 2025).
[bookmark: _Toc241155942]3.5 Research Strategy
It is a survey strategy which is taken to collect standardised primary data from the employees of the banking industry in the UK. The strategy is suitable since the research question involves a comparative quantitative observation of the use of the AI technology among several individuals to examine a small number of organisational cases is not enough (Lebdeh, Qasim and Kharbat, 2020). A structured online questionnaire also allows for geographically-distributed banking workplaces to respond using the same measurement instrument, which helps to minimize interviewer effects and ensures the consistent presentation of questions. The target population are adults (18 years or older) currently employed in the UK banking sector and with relevant exposure to AI-enabled or digital workplace technologies. The importance of eligibility must not be overlooked because it would reduce the construct validity of questions about AI adoption, in the absence of responses from people who reported lack of exposure at their workplaces (Mukumbang, 2021). 
Therefore, purposive eligibility screening will determine whether potential respondents meet these criteria and convenience/snowball sampling will help gain access to an occupational population that may be hard for the student researcher to access. The number of valid respondents in the study is about 80-100. This is an approach that is pragmatic to both analytical needs and possible access, and the number should not be interpreted as the sample being statistically representative of the total banking workforce in the UK (Tareque and Islam, 2025). Non-probability recruitment can introduce self-selection and coverage bias, as individuals who can be recruited or who are interested in AI might be systematically different from those who aren't. When using a cross sectional methodological research design, it is recommended to report clearly and be mindful of the sampling process (Maier et al., 2023). Therefore, the demographic and occupational data will be reported clearly and conclusions will be limited to the sample achieved, not the entire UK banking population.
[bookmark: _Toc241155943]3.6 Research Method Choice
The one method quantitative design is used as there is only one cohesive numerical data set that is adequate to answer the research question and hypotheses of this study. AI adoption, employee digital competence and employee performance will be measured with a multi-item scale with literature-based items on a 5-point Likert scale, from 1 = Strongly Disagree to 5 = Strongly Agree. Standardised responses allow for individual items to be assessed in a systematic way and can be summed to create construct-level scores for statistical analysis, provided there is adequate reliability testing (Takahashi et al., 2021). This is a methodological decision more than anything else, not software availability. The central goal is to estimate the direction, strength and statistical significance of the relationships between pre-established constructs; therefore, there is a more direct evidential path from quantitative measurement to open-ended qualitative inquiry. 
Qualitative interviews would provide more in-depth explanations of anxieties, interpretations, and experiences of human–AI collaboration but would not yield standardized numerical observations to assess the key correlations and regressions outlined below, as outlined by Almajali et al. (2026). A mixed-method design would combine these two types of evidence and might provide more depth to uncovering patterns in the data that did not make sense. Methodological complexity however must bring added value to the analysis and not be used due to the fact that it looks more sophisticated because of the methodological pluralism. Therefore, the selected mono-method design focuses on the consistency of measurements, comparability, and analysis. The downside is that it cannot be avoided to reduce complex work experiences to numerical indicators (Hwang, 2023). This will be done by referencing the literature to ensure the items on the questionnaire are grounded in the literature, ensure consistent construct definitions and avoid making claims about the ability of numerical scores to represent all aspects of employees' experiences with AI.
[bookmark: _Toc241155944]3.7 Research Time Horizon
The research is a cross-sectional time horizon approach, which refers to the measurement of the phenomenon of interest (AI adoption, employee digital competence and employee performance) within the same defined time frame of data collection, instead of repeated measurements of the same employees. This design is considered to be suitable, it allows multiple constructs to be examined at the same time and it is possible to accomplish this in the limited time and access constraints of the dissertation. There are many advantages of cross-sectional design, such as the ability to study associations, and they are very economical in time and resources (Maier et al., 2023). However, it has an important inferential weakness because of its efficiency. The ordering of predictor, proposed mechanism and outcome is not directly demonstrated as these measures are taken at the same time. 
Therefore, while regression analysis can statistically relate to the use of AI and employee performance and to digital competence, it cannot prove that digital competence was the direct cause of the use of AI, or that digital competence came before the use of AI and led to the changes in performance. This is especially important to consider, as reverse relations are possible; if employees are already competent in computing, then competence could help them become better acquainted with the technologies of AI, rather than being developed by them. As a result of methodological research, the warning is given against making causal inferences from cross-sectional associations with lack of temporal precedence (Maier et al., 2023). Savitz and Wellenius (2023) offer a more qualified perspective, noting that cross-sectional data could also be used to develop causal explanations in "appropriate circumstances," with caution taken to explicitly address possible reverse causality and the timing of the causal process.
[bookmark: _Toc241155945]3.8 Research Techniques and Procedures
[bookmark: _Toc241155946]3.8.1 Data Collection Methods and Tools
To facilitate the study, primary data will be gathered by a literature-based structured questionnaire online, as the researcher needs comparable numerical observations of the adoption of artificial intelligence (AI) by employees, employee's digital competence and employee's performance within the banking sector in the UK. Interviews are not preferred for the present explanatory design since the administration of the questions is likely to vary and can make it difficult to convert the responses into variables that can be tested statistically (Creswell and Creswell, 2023). However, not all standardisation leads to good quality measurement - a poorly operationalised construct can result in precise but conceptually poor data. That is, the development of the questionnaires will be clearly linked to the construct definitions and empirical literature developed in Chapter 2 and not on questions that are developed by the researcher without theoretical support.
The questionnaire will have four sections. Section A will determine eligibility, and collect a limited amount of demographic and occupational data. A screening question will ensure that the interviewees are 18 years old or older, currently work in the UK banking industry and have exposure to AI-enabled or digital workplace technologies (Lintner, 2024). Demographic variables will be limited to those which have analytical relevance to characteristics of the achieved sample, including age group, gender (when warranted), job level, banking experience, and broad organisational category. Unnecessary identifiers will not be collected as demographic details can make people easier to identify in specialised occupational groups (Ogunrinde et al., 2026).
In Section B, AI adoption will be operationalised with items informed by the literature that address the extent of the use of AI enabled systems, the accessibility of AI, and their support and embedding within employees' work process. This operationalisation is intentionally more general than for awareness or intention to use technology since the dissertation is about workplace use and not hypothetical acceptance. The digital competence of the employees will be measured in Section C, which will cover digital knowledge, technical competences, adaptability, digitally mediated problem solving and critically evaluating technological output (Ranieri et al., 2025). Section D will operationalise employee performance through employee level indicators such as task effectiveness, productivity, efficiency, work quality and goal achievement. To ensure the items remain relevant with the introduction of artificial intelligence in banking operations, while maintaining the conceptual similarity of the construct that has been used, items will be adapted where necessary and not copied indiscriminately (Boateng et al., 2018). For each construct item, the items will be scored on a consistent 5-point Likert scale from 1 = Strongly Disagree to 5 = Strongly Agree so that they can be compared and easily aggregated into composite scales.
Common-method bias is a methodological risk that is not a statistical problem, as all principal variables are measured from the same respondents using the same instrument. Procedural safeguards will thus consist of explicit language, segregation of construct sections, anonymous format, neutral instructions, and no leading or double-barrelled questions (Podsakoff, MacKenzie and Podsakoff, 2012). A small pilot will be held prior to deployment, with the approved ethics procedure, to test for comprehension, completion time, ambiguity and technical functionality. Feedback from the pilots will only be used to improve wording / presentation, not to change the underlying conceptual model.
Recruitment will only commence once formal ethical approval. The final questionnaire will be made available online and shared via appropriate professional and personal networks by purposive eligibility screening and convenience/snowball recruitment. The participants will be presented with the study information and consent statement and only those who are eligible and consent will be allowed to advance to the questionnaire (Wisaeng and Kaewkiriya, 2026). The goal is to achieve about 80-100 usable responses. After the data collection is complete, responses will be exported, anonymised if required, coded and then screened prior to being transferred to the IBM SPSS Statistics software.
[bookmark: _Toc241155947]3.8.2 Data Analysis Methods and Tools
IBM SPSS Statistics will be used to analyse the data in a staged manner from checking the quality of data to testing the hypothesis. The first step will include screening of the data for missing values, incomplete cases, coding errors, unusual response patterns and potential outliers. Rather than assuming that questionnaire data meet the requirements of the statistical tests, appropriate assumptions will be checked before conducting an inferential test. This is relevant because the improper handling of missing and anomalous data can seriously affect the estimation of the parameters, especially for a fairly small sample of 80-100 respondents (Hair et al., 2019).
Second, descriptive statistics will be used to determine the description of the sample that is obtained and the distribution of the main variables. Categorical demographic variables will be summarized with frequencies and percentages and scale-based variables will be summarized with means and standard deviations, as well as ranges where appropriate. These statistics are not used as tests of the hypotheses, but as background information (Xin et al., 2025). Third, the internal consistency of each multi-item construct will be examined with the use of Cronbach's alpha. Around .70 is considered as an acceptable level of internal consistency, though alpha should not be used as a rule of thumb alone, as it is influenced by the number of items and the relationships between them, and does not necessarily reflect construct validity (Tavakol and Dennick, 2011). Reliability results will be used in conjunction with item content and item conceptual coherence. Finally, the composite mean scores of AI Adoption (AIA_Mean), Employee Digital Competence (EDC_Mean) and Employee Performance (EP_Mean) will be computed, provided that satisfactory scale performance is achieved.
Fourthly, Pearson's product-moment correlation will be used to evaluate the direction, strength and statistical significance of the bivariate relationships between AIA_Mean and EDC_Mean, AIA_Mean and EP_Mean and EP_Mean and EDC_Mean. These analyses are directly comparable to H1, H2 and H3. Correlation, however, does not represent a cause and effect relationship; significant coefficients should not therefore be interpreted as a cause and effect relationship between two variables (Field, 2018). Fifth, regression analysis will be used to estimate the predictive relationships between the constructs. There will be relevant models that will investigate AI adoption as a predictor of digital competence and employees' performance and evaluate employees' performance by taking AI adoption and digital competence as predictors. Diagnostic evidence will be examined for the presence of linearity, residual behaviour, homoscedasticity, influential observations and multicollinearity, prior to interpretation (Tabachnick and Fidell, 2019). Coefficients will be used in the interpretation of results alongside with p-value, confidence intervals and explained variance.
Finally, since employee digital competence has been investigated as a mediator variable, a regression-based mediation analysis will be used to test if AI adoption relates to employee digital competence, if digital competence relates to employee performance with AI adoption as a mediator, and if the mediation analysis results are different with AI adoption as a mediator than without it. The dissertation will not assume a more involved causal mediation design, but rather is a regression-based evaluation of the indirect mechanism proposed by Hayes' PROCESS Macro. Importantly, cross-sectional measure at the same time can't establish temporal precedence. Any mediation pattern will then be taken as evidence in favor of the proposed explanatory mechanism and not as evidence that the adoption of AI leads to competence development, which leads to performance (Maier et al., 2023).
[bookmark: _Toc241155948]3.9 Ethical Considerations
Ethical integrity is particularly important because the research collects primary data from employees operating within a commercially sensitive and highly regulated industry. No recruitment or data collection will commence until the relevant UWTSD ethical approval has been obtained. Participation will be restricted to competent adults aged 18 years or above and will remain entirely voluntary (Alsaigh et al., 2024). Before accessing questionnaire items, prospective respondents will receive clear information concerning the study's purpose, eligibility requirements, procedures, expected participation, data use and researcher contact arrangements. Consent will be obtained through the approved online consent procedure, and refusal to participate will involve no disadvantage.
Participants will be informed that they may decline to answer individual questions and may discontinue the questionnaire before submission. Any post-submission withdrawal arrangement will follow the approved Participant Information Sheet and ethics application exactly; the dissertation will not promise withdrawal of anonymous responses if those responses cannot technically be identified after submission (Carmody et al., 2021). This distinction is important because ethical commitments should be practically deliverable rather than merely reassuring. The principle of data minimisation will guide questionnaire design. Names, customer identifiers, passwords and unnecessary personal identifiers will not be requested. Furthermore, respondents will be explicitly instructed not to disclose customer information, confidential organisational data, proprietary AI-system details, cybersecurity arrangements, commercially sensitive information or internal risk information (Coulter et al., 2021). The unit of analysis is the employee's perception of workplace AI, competence and performance not confidential information belonging to the employing bank.
Confidentiality and data security will be maintained in accordance with the UK General Data Protection Regulation and Data Protection Act 2018. Research data will be stored using University-approved secure, password-protected arrangements and accessed only by authorised individuals identified within the approved ethics documentation. Retention and secure deletion will follow UWTSD requirements and the commitments stated in the ethics application (Hilliard et al., 2026). Findings will be reported in aggregate form, and no individual participant or banking organisation will be identifiable unless explicit approval has been obtained. These safeguards simultaneously protect participants, employers and the credibility of the research.
[bookmark: _Toc241155949]3.10 Chapter Summary
In this chapter the methodologically coherent framework has been set for the investigation of the adoption of AI, the employee digital competence and the behaviour of the employee performance in UK banking. The use of a standardised measure, reliability, correlation and regression analysis offer a suitable framework for the investigation of H1–H3 and the evaluation of consistent evidence from the observed that provides support for the proposed role of digital competence as an explanation. But the rigour of the method also demands taking account of the limits of the design. The drawbacks of non-probability recruitment are that it limits generalisation of results across a population and cross-sectional measurement limits strong temporal and causal inference (Maier et al., 2023). Thus, interpretations of future investigation are in terms of statistical relationships and not as evidence for causal influences. The empirical results obtained using these procedures are given in the next chapter.





[bookmark: _Toc241155950][bookmark: _GoBack]                          CHAPTER FOUR: STRUCTURE
[bookmark: _Toc241155951]4.1 Introduction
This chapter is concerned with the empirical results obtained to explore the link between the adoption of artificial intelligence (AI), employee digital competence and employee performance in the UK banking industry and a critical interpretation of these results. The number of responses to the questionnaires was initially recorded as 104 but the final data set for SPSS analysis was 98 valid analytical cases and so the findings presented below are based on the valid analytical sample not the number of questionnaires submitted. The analysis took place via IBM SPSS Statistics, which allowed for examination of the proposed relationships systematically, with the understanding that, due to the cross-sectional study design, only statistical association was investigated, but not causality (Field, 2018; Maier et al., 2023). The chapter starts by examining the respondents' background in banking and in the use of AI, as well as their demographic characteristics, followed by an analysis of construct-level descriptive statistics and internal consistency. Pearson correlations then determine the direction and magnitude of the bivariate relationships and regression analyses serve as the foundation to test proposed hypotheses (Albous et al., 2025). Finally, the results are critically interpreted in regard to theoretical and empirical literature and the relationship between the adoption of AI and employee performance is examined in light of the concept of digital competence.
[bookmark: _Toc241155952]4.2 Background and Industry
[bookmark: _Toc241155953]4.2.1 UK Banking and AI Context
The importance of the empirical setting lies in the fact that the use of AI in the banking industry in the UK is not a technological intervention, but a portfolio of technologies that are integrated into a wide range of heterogeneous functions. This interpretation aligns with the evidence at the sector level: in 2024, the Bank of England and Financial Conduct Authority (FCA) surveyed the UK financial-services sector and observed that 75% of them were already using AI across their operations, cybersecurity, fraud detection, and retail banking and decision-making activities (Bank of England and FCA, 2024). For the current sample, employees also indicated exposures related to various kinds of banking activities and AI applications. This means that any correlation between AI adoption and employee performance would be interpreted as a correlation between the employees' interactions with an AI-enabled work environment, not just one system. The difference is significant as different applications have varying demands for employee judgement, digital competence and human oversight (Almajali et al., 2026).
[bookmark: _Toc241155954]4.2.2 Respondents' Exposure to AI
The sample exhibited significant but varying levels of exposure to workplace AI, further bolstering the significance of the analysis. AI-use frequency was not skewed towards any one category: 34 (34.7%) were categorized in category 3, 22 (22.4%) in category 4 and 15 (15.3%) in category 5. This is a methodologically useful variation since research on the relationship between AI adoption and digital competence and performance needs some degree of variation in employees' exposure to the technology, not a homogeneous group of intense users (Abdalla et al., 2026). But more significantly, repetition of the interaction with AI does not necessarily mean adoption; useful use is likely to depend on training, system suitability and employee competence. This separation is corroborated by UK sector evidence revealing that 46% of financial firms surveyed indicated partial knowledge of the AI technologies they employed, and inadequate talent and skills were cited as a barrier to adoption (Bank of England and FCA, 2024). Bank of England Thus, exposure offers the technological avenue for performance improvement, but does not imply that the employees have the capability to translate the availability of AI tools into beneficial results.
[bookmark: _Toc241155955]4.2.3 Types of AI Technologies Used
The technological profile also illustrates that respondents did not only find one dominant application of AI, but rather several. AI-supported decision systems (39.4%) and intelligent process automation (39.4%) were the other common technologies reported, with predictive analytics coming in at 42.3%. The primary areas include fraud-detection systems (35.6%), generative AI/AI assistants (31.7%), chatbots or virtual assistants (29.8%) and credit/risk-assessment systems (28.8%) (Antal-Vaida, 2022). These percentages should not be summed and do not sum to 100% as participants could choose more than one technology.
Most importantly, the distribution shows qualitatively different ways of human-AI interaction. While predictive analytics, credit/risk assessment and decision support technologies can complement or enhance judgement-based processes, chatbots can replace or complement repetitive processes within customer service environments (Calonge et al., 2025). This difference makes it impossible to summarize the findings as "the more you use AI, the better you will perform. In fact, evidence from the sector reveals that 55% of AI use cases include some element of automated decision making, but only 2% are fully automated, highlighting the ongoing critical role of human involvement (Bank of England and FCA, 2024). The sample's technological exposure is also heterogeneous, further supporting the relevance of employee digital competence: the performance consequences of access to AI might not only be related to the capacity of employees to employ AI tools, but also to their ability to understand, analyse and use various AI outputs in a suitable way.
[bookmark: _Toc241171458] Figure 4.1: AI-Enabled Technologies Used by Banking Employees
	AI-enabled technology
	Respondents (%)

	Predictive analytics
	42.3

	AI-supported decision systems
	39.4

	Intelligent process automation
	39.4

	Fraud-detection systems
	35.6

	Generative AI / AI assistants
	31.7

	Chatbots / virtual assistants
	29.8

	Credit / risk-assessment systems
	28.8



Figure note: Multiple responses were permitted; therefore, percentages do not total 100%.
[bookmark: _Toc241155956]4.3 Demographic Analysis
To give a suitable context for later understanding of the relationships between AI adoption, employee digital competence, and employee performance, demographic analysis was conducted to establish the composition of the 98 valid cases that were included in the final SPSS data set (Hoang and Vu, 2026). Demographic characteristics are not included as explanatory determinants, but rather point to the width and limits of the obtained sample. This difference is significant because if the findings of the differences between the groups in the description is not accompanied by a statistically significant difference in the study constructs, then it does not fulfill the purpose of the research (Field, 2018). There were 98 cases with complete data in the SPSS database for the demographic and AI-use variables, and no data loss. 
[bookmark: _Toc241155957]4.3.1 Age Distribution
Employees aged 35-44 years were the largest group (46, 46.9%), with the age distribution being concentrated at this age. This was followed by employees aged 45–54 years (n = 21; 21.4%) and those aged 25–34 years (n = 16; 16.3%). The proportion of employees aged 55 years and above was 10.2% (n = 10), with the other age groups having relatively small proportions. The concentration in the 35-44 age group is of analytical interest as the results mainly confirm employees who are likely to have acquired experience in the workplace but who at the same time have been exposed to the current digital transformation (Zehri et al., 2026). However, the absence of an age-group comparison should not be used to explain AI adoption or performance as no such comparison has taken place. The disparity also serves as a warning against interpreting the results as having equitable results across age groups in the UK banking sector.
[bookmark: _Toc241155958]4.3.2 Job-Level Distribution
The sample also showed that there was an appreciable degree of occupational heterogeneity. Professional/technical employees (n = 27; 27.6%) and middle managers (n = 22; 22.4%) each had 27 respondents, while 16 respondents (16.3%) were senior managers.There were 27 respondents in the professional/technical category (27.6%), 22 respondents in the middle manager category (22.4%), and 16 respondents in the senior manager category (16.3%). Five of the operational/administrative respondents (5.1%) and one of the other category (1.0%) were recorded. This distribution is helpful since it considers AI-related work at various organizational levels, not within a single occupational layer. But the results should not be read as an indication that managers use AI in a different way than those doing the jobs. This would necessitate inferential comparisons between groups (Almasabi et al., 2026). The results for the relatively small operational/administrative subgroup, also, should be interpreted with caution.
[bookmark: _Toc241155959]4.3.3 Functional Area
Comparatively little functional representation. The largest group (16) or 16.3% of respondents was in category 1, with 15 respondents (15.3%), 14 respondents (14.3%), 13 respondents (13.3%) and 12 respondents (12.2%) in the remaining functional groups respectively, with smaller proportions in the remaining functional groups. This cross-jurisdictional team can be beneficial as staff in retail banking, commercial/corporate banking, risk and compliance, operations, IT/digital, customer service, finance/accounting and HR may find themselves in very different environments when dealing with AI in their work. Thus the data does not reflect an organisational sample as limited as a one departmental sample. Regardless of this however, this diversity should not be interpreted as a statistical representation of the UK banking workforce given that the study was non-probability sampling (Etikan, Musa and Alkassim, 2016).
[bookmark: _Toc241155960]4.3.4 Banking Tenure
Banking tenure represents that the sample was very much comprised of those with experience in the sector. The majority of respondents had 4-6 years of banking experience (n=47, 48.0%) followed by 28 respondents (28.6%) with 1-3 years of banking experience. A further 16.3% (n = 16) reported 7–10 years, 6.1% (n = 6) more than 10 years, and 1.0% (n = 1) less than one year. As a consequence, 70.4% of the analytical sample had at least four years of banking experience and a majority of this evidence comes from individuals who have been exposed to the banking sector for a long time. This contributes to the contextualisation of their evaluations, and tenure can also be a competing factor in the variance in technological familiarity (Bouladasse et al., 2026). Given that tenure is ignored in the principal hypothesis models, it is important to recognise that the possibility that it may influence the results cannot be discounted, but it should be recognised as a potential influence rather than solely the influence of AI use.

[bookmark: _Toc241171087]Table 4.1: Demographic and Professional Characteristics of Respondents (N = 98)
	Characteristic
	Category
	n
	%

	Age
	18–24
	2
	2.0

	
	25–34
	16
	16.3

	
	35–44
	46
	46.9

	
	45–54
	21
	21.4

	
	55 or above
	10
	10.2

	
	Prefer not to say
	3
	3.1

	Job level
	Operational/Administrative
	5
	5.1

	
	Professional/Technical
	27
	27.6

	
	Supervisory
	22
	22.4

	
	Middle Management
	27
	27.6

	
	Senior Management
	16
	16.3

	
	Other
	1
	1.0

	Banking tenure
	Less than 1 year
	1
	1.0

	
	1–3 years
	28
	28.6

	
	4–6 years
	47
	48.0

	
	7–10 years
	16
	16.3

	
	More than 10 years
	6
	6.1

	AI-use frequency
	Never
	2
	2.0

	
	Rarely
	25
	25.5

	
	Sometimes
	34
	34.7

	
	Often
	22
	22.4

	
	Very often
	15
	15.3

	AI training
	Yes
	55
	56.1

	
	No
	25
	25.5

	
	Unsure
	18
	18.4


Source: Author's SPSS analysis.
[bookmark: _Toc241155961]4.4 Reliability Test Analysis
Prior to hypothesis testing, the internal consistency of the items operationalising the construct of AI adoption (AIA), employee digital competence (EDC) and employee performance (EP) were assessed via reliability analysis to justify the aggregation of their items into composite scores. Cronbach's alpha (α) measures the internal consistency of items that are supposed to measure the same thing, but a high α should not be seen as a sign of validity or unidimensionality (Tavakol and Dennick, 2011). A composite score of .70 or higher is generally acceptable for research purposes (Hair et al., 2019), however, a numerical threshold is not the only factor to consider when interpreting the values; the number, content and interrelationships of the items should also be taken into consideration. In this study, all three scales of 8 items were greater than this value, assuring a defensible basis of measurement for subsequent correlation and regression analyses.
[bookmark: _Toc241155962]4.4.1 AI Adoption Reliability
The Cronbach's alpha coefficient was good for the eight-item AI Adoption scale (α = .871). Importantly, this is not just an alpha conclusion, but is backed by the item-level diagnostics. All of the corrected item-total correlations were in the positive and substantively meaningful range of .511 to .743, such that each item had a positive and meaningfully substantial relationship with the remaining items measuring AI adoption (Cerón et al., 2026). This is important because sometimes a high overall alpha may mask poor individual evidence, but in this case the item-total evidence indicates that none of the items was unrelated to the overall scale. The results therefore agree with the retention of the eight items as opposed to deletion simply in order to maximize α. For such deletion, it is necessary to provide statistical and conceptual reasons, as reliability optimisation should not limit the theoretical scope of AI adoption (Boateng et al., 2018). As such, it is likely that the AIA composite score can be used in the inferential analyses of this study, but it is important to note that its internal consistency does not imply that it measures all aspects of organisational AI adoption.
[bookmark: _Toc241155963]4.4.2 Employee Digital Competence Reliability
The internal consistency of the Employee Digital Competence scale was higher with α = .905 for 8 items. All eight indicators had corrected item-total correlation between .629 and .792, which indicates that they are highly correlated with the scale. The relevance of this for the dissertation is that digital competence is situated in a theoretically midfield area between the adoption of AI and the employee's performance. Measurement error due to items that are not well related is reduced by the observed reliability, which would otherwise hinder any future efforts to investigate the role of EDC.
However, the value of α = .905 should not be taken as an indication of construct validity. Consistency among responses is measured by Cronbach's alpha, whereas construct validity is concerned with whether responses operationalise the theoretical definition of employee digital competence (Tavakol and Dennick, 2011). The difference avoid an otherwise common overstatement of the quality of a measurement.
[bookmark: _Toc241155964]4.4.3 Employee Performance Reliability
The highest reliability coefficient was obtained for the eight items of the Employee Performance scale (α = .911), which showed excellent internal consistency. The SPSS item statistics also indicate that all eight items were included in the reliability analysis. This gives a good statistical foundation for weighting the performance indicators and creating a composite EP measure to be subsequently analyzed. The relative high alpha is not necessarily interpreted positively. The alpha coefficient can be very high, sometimes signifying that the items are measuring very similar parts of a construct, so that a high α is not necessarily a sign of a good scale (Tavakol and Dennick, 2011). However, here the .911 value isn't severe enough to warrant considering item redundancy as a fact. The defensible conclusion is that the EP indicators show good coherence, but still satisfy the general conceptual goal that employees' performance should reflect aspects of the effectiveness of the work that are related rather than a single behaviour repeated.

[bookmark: _Toc241171088] Table 4.2: Internal Consistency Reliability of the Study Constructs
	Construct
	Number of items
	Cronbach's α
	Corrected item-total correlation range
	Analytical assessment
	Decision

	AI Adoption (AIA)
	8
	.871
	.511–.743
	Strong internal consistency; items contribute meaningfully to the scale
	Retain all items

	Employee Digital Competence (EDC)
	8
	.905
	.629–.792
	Excellent internal consistency and strong item-scale coherence
	Retain all items

	Employee Performance (EP)
	8
	.911
	.602–.779
	Excellent internal consistency; no evidence from reliability analysis requiring item removal
	Retain all items


Source: Author's analysis of SPSS output (N = 98).
As indicated in Table 4.2, all three constructs are significantly higher than the typical .70 cut-off, and corrected item-total correlations are above the commonly applied minimum criterion. The evidence thus favours keeping the original eight items specification of each construct and computing composite scores for the subsequent Pearson correlation and regression analysis (Hair et al., 2019). Most important, here reliability is considered a necessary but not sufficient condition for measurement quality as the results indicate that items within each scale were reliable, but did not provide evidence for content or convergent or discriminant validity independently. This qualification takes on even greater significance later, as the observed relationships between the various constructs in the study are robust, and therefore caution should be used in assuming that the constructs of AIA, EDC and EP are automatically empirically distinct (Global Social Policy Digest, 2025). The reliability findings are thus sufficient to move forward to the hypothesis testing stage, but at the same time do not overestimate the scope of what can be determined from Cronbach's alpha.
[bookmark: _Toc241155965]4.5 Hypotheses Testing
Hypothesis testing was conducted to determine the empirical support for the relationships that were hypothesized in the conceptual framework for the 98 valid cases. Descriptive statistics are given first, followed by the Pearson correlations and separate regression analyses, as prescribed in the direction of the supervisor. The important thing to note is that the sequencing is important because descriptive statistics define the properties of the composite variables, correlation measures the strength and direction of the bivariate relationship, and regression measures the relationship between the composite variable and the specified relationship of each hypothesis (Field, 2018). The analysis should be interpreted with caution, as the crosssectional study design assesses predictors and outcomes at the same time, which means it cannot determine temporal precedence (Maier et al., 2023).
[bookmark: _Toc241155966]4.5.1 Descriptive Statistics of Core Constructs
The descriptive statistics for the three composite constructs are provided in table 4.3. AI adoption recorded the highest mean (M = 4.077, SD = 0.646), followed by employee digital competence (M = 4.010, SD = 0.721) and employee performance (M = 3.964, SD = 0.747). The constructs were all assessed in 98 valid cases. 

[bookmark: _Toc241171089]Table 4.3: Descriptive Statistics of the Core Constructs
	Construct
	N
	Mean
	SD
	Minimum
	Maximum

	AI Adoption (AIA)
	98
	4.077
	0.646
	2.00
	5.00

	Employee Digital Competence (EDC)
	98
	4.010
	0.721
	1.75
	5.00

	Employee Performance (EP)
	98
	3.964
	0.747
	1.75
	5.00


Source: Author's SPSS analysis.
The average values show that the respondents' reported levels of AI use and digital competence and performance are relatively high. This pattern does not necessarily mean, however, that there was a higher competence or performance due to the use of AI. In addition, the distributions were negatively skewed as can be seen from the skewness values reported by SPSS, which were respectively −1.269 for AIA and −1.504 for EP. These skewness values showed that the concentrations were in the upper end of the response scale (Hilman and Koltai, 2026). This is important because the sample may not be based on neutral perceptions and there may be some restriction of variation at the upper end. The descriptive results are therefore useful in providing background information for the strong associations reported below, but alone are not sufficient to demonstrate the proposed relationships.
[bookmark: _Toc241155967]4.5.2 Correlation Analysis
The direction and strength of bivariate relationships for AIA, EDC and EP were assessed using Pearson's product-moment correlation. Pearson correlation can be used to examine the linear association between composite variables, but is not suitable for examining the direction of causality (Field, 2018).

[bookmark: _Toc241171090]Table 4.4: Pearson Correlation Matrix
	Construct
	1
	2
	3

	1. AI Adoption
	1
	
	

	2. Employee Digital Competence
	.817*
	1
	

	3. Employee Performance
	.849*
	.896*
	1


p < .001 (two-tailed); N = 98.
Source: Author's SPSS analysis.
Each of the three relationships were positive and significant at p < .001. Employee performance (r = .849) and employee digital competence (r = .817) had a strong association with AI adoption, while digital competence had the strongest association with employee performance (r = .896). Consequently, those who felt that AI was used more were more likely to feel that their organizations were more digital and more effective.As a result, those who felt that they used AI more reported higher levels of digital capability and higher levels of digital performance.
These relationships are more complex than just stating that they are “strong”. Specifically, an EDC-EDP correlation coefficient of r = .896 suggests that r² ≈ .803, or about 80.3% of the variance in EDC is shared with EP. This increases the empirical relevance of digital competence in the proposed model, yet, at the same time it raises questions regarding the empirical distinctness of EDC and EP (Malliaros and Pacheco-Jaramillo, 2026). High intercorrelations could be a sign of theoretically meaningful closeness, but could also be a sign of construct overlap or common-method variance in which the predictor and outcome variables are collected from the same respondents on similar self-report scales (Podsakoff, MacKenzie and Podsakoff, 2012). Hence, the correlations are very strong in the expected directions but their strength should be interpreted with caution when interpreting the following regression and mediation-related results.
[bookmark: _Toc241155968]4.5.3 Regression Analysis for H1: AI Adoption and Employee Digital Competence
H1: There is a positive and significant relationship between the use of artificial intelligence and the digital competence of employees in the banking industry in the UK.
The bivariate evidence shows a positive relationship between AI usage and digital competence of employees with a strong relationship (r = .817, p < .001). The standardised regression coefficient is the same as the bivariate correlation in a simple regression with one predictor and thus in the observed regression the standardised regression coefficient is approximately β = .817 and the observed regression coefficient is approximately 66.7% shared/explained variance (R² ≈ .667).
This is of substantive significance because it suggests that there is a strong link between the variation in the AI adoption reported by an employee and the variation in digital competence reported by the employee. From a conceptual point of view, it is possible to argue that workers working in more AI-integrated workplaces have the potential to acquire or demonstrate greater technological competences (Mzoughi and Malouche, 2026). But it is not possible to conclude from the present design what direction this relationship takes. Alternatively, it could be an indication that, within an organisation or work unit, there are more digitally competent employees, which is likely to make it easier to implement and use AI technologies. It is not possible to tell from cross sectional evidence which process came first or what happened next (Maier et al., 2023).
Thus, the bivariate level supports H1. The SPSS output uploaded here, however, does not include the AIA to EDC regression table, so do not create an ANOVA F, unstandardised B, SE, t and confidence interval. If those statistics are required by your supervisor, then that particular regression must be run and added prior to final submission.
[bookmark: _Toc241155969]4.5.4 Regression Analysis for H2: AI Adoption and Employee Performance
H2: There is a positive and significant relationship between the use of AI and employee performance in the UK banking industry.
The regression model is statistically sound to support statement H2. The strength of the relationship between the use of AI and employee performance was strong (R = .849), and the value of R² was .721 and adjusted R² = .718. So, the variance in employee performance in this sample was, statistically speaking, about 72.1% due to the use of AI alone. The overall regression model was statistically significant, F(1,96) = 248.180, p < .001, such that the model explained a significant amount of variance relative to the intercept only model. 
At coefficient level, AI adoption positively and significantly predicted employee performance (B = .983, SE = .062, β = .849, t = 15.754, p < .001). An unstandardised coefficient means that an increase of one on the AI-adoption composite score was estimated to increase employee performance by 0.983 in the range of the data.

[bookmark: _Toc241171091]Table 4.5: Regression Results for H2
	Predictor
	Outcome
	R
	R²
	Adj. R²
	B
	SE
	β
	t
	F
	p

	AI Adoption
	Employee Performance
	.849
	.721
	.718
	.983
	.062
	.849
	15.754
	248.180
	<.001


Source: Author's SPSS analysis.
As a result, H2 is supported. However, the high R² should not be interpreted as a causal statement that 72.1% of employee performance is the result of AI adoption. The model does not rule out reverse causality, organizational factors, self-report bias, and common-method variance; it simply quantifies the amount of variance explained within the sample. It's important to recognize this difference in a cross-sectional study (Savitz and Wellenius, 2023).
[bookmark: _Toc241155970]4.5.5 Regression Analysis for H3: Employee Digital Competence and Employee Performance
H3: There is a positive and significant correlation between employees' digital competence and their work performance in the UK banking industry.
The support for H3 was even higher on statistics. R of the employee digital competence is .896 and R² is .804 and adjusted R² is .802. Thus, the variance of employee performance in this sample was accounted for about 80.4% statistically by EDC alone. The overall model was significant, F(1,96) = 392.765, p < .001. 
EDC was a significant positive predictor of employee performance (B = .929, SE = .047, β = .896, t = 19.818, p < .001). On the substantive level, for every unit increase in the EDC composite score, there was an estimated 0.929-unit increase in reported performance.


[bookmark: _Toc241171092] Table 4.6: Regression Results for H3
	Predictor
	Outcome
	R
	R²
	Adj. R²
	B
	SE
	β
	t
	F
	p

	Digital Competence
	Employee Performance
	.896
	.804
	.802
	.929
	.047
	.896
	19.818
	392.765
	<.001


Source: Author's SPSS analysis.

As a result, the body is in the H3 state.This means the body is in the H3 state. Importantly, there is more variance in performance explained by the EDC model (80.4%) than the AI-adoption model (72.1%). A comparison is found and matches the position that digital competence is placed in the conceptual framework, but does not in itself constitute mediation (Sultan and Mohamed, 2022). Mediation analysis must be done in two steps: estimation of the predictor and estimation of the mediator, as two separate simple regressions are not sufficient.
[bookmark: _Toc241155971]4.5.6 Mediation-Related Regression Assessment
The dissertation suggests that digital competence of employees could serve as a link between the adoption of AI and the performance of employees. To establish this statistically, more than a significant correlation of the three variables is needed. The relevant paths are as follows (Baron and Kenny, 1986): AIA to EDC (path a); EDC to EP, while controlling AIA (path b); the total AIA to EP relationship (path c); and the remaining AIA to EP relationship after controlling EDC (path c′).
The available evidence shows that there is a strong correlation between AIA and EDC (r = .817) and a strong correlation between AIA and EP (r = .849); and a strong correlation between EDC and EP (r = .896). In addition, the variance in EP can be accounted for by 72.1% by AIA alone and 80.4% by EDC alone (Wong, 2024). These findings are in line with the proposed mediation model, however, they do not provide a comprehensive mediation test.
Critically, the SPSS output that is uploaded lacks the simultaneous/hierarchical regression analyses predicting EP by both AIA and EDC. No one can say that the present output is “full mediation” or “partial mediation” therefore, it is methodologically incorrect to do so. A last regression should be performed including both AIA and EDC and asking if the AIA coefficient has decreased once EDC is added. Because of the high correlation between AIA and EDC (r = .817), the tolerance and VIF should be reported before the individual effects are interpreted because the individual effects can be unstable if multicollinearity exists, which can lead to inflated SEs (Hair et al., 2019).



[bookmark: _Toc241171459]Figure 4.2: Proposed Empirical Mediation Assessment
[bookmark: _Toc241155972]4.5.7 Summary of Hypothesis Testing
Overall, the results of the analyses are consistent with the three hypothesized positive relationships. The available regression output supports hypotheses H2 and H3 and there is strong evidence from the correlation evidence for supporting H1, but if the supervisor expects regression statistics for each hypothesis, then the regression output for H1 is required. Of primary importance, the findings provide a solid statistical relationship, but do not individually provide evidence for causation or formal mediation.

[bookmark: _Toc241171093] Table 4.7: Summary of Hypothesis Testing
	Hypothesis
	Relationship
	Key available evidence
	Decision

	H1
	AIA → EDC
	r = .817, p < .001
	Supported at bivariate level; regression table still required

	H2
	AIA → EP
	β = .849, R² = .721, F(1,96) = 248.180, p < .001
	Supported

	H3
	EDC → EP
	β = .896, R² = .804, F(1,96) = 392.765, p < .001
	Supported



Source: Author's SPSS analysis.
[bookmark: _Toc241155973]4.6 Discussion
Taken together, the results indicate that the socio-technical relationship between the adoption of AI and employee performance in banking in the UK is more complex than the technology–performance relationship. In all analyses, the level of AI adoption was closely linked to the level of digital competence and digital competence was closely linked to the level of employee performance, suggesting that digital competence was an important factor in understanding employee performance beyond the effect of AI (Abdalla et al., 2026). This finding thus bolsters the notion of organisational AI capability as a complementary resource to employee human capital. Concurrently, the cross-sectional, self-reported design of the evidence needs to be interpreted with caution: the results show relationships among the surveyed employees and not necessarily temporal or causal direction (Maier et al., 2023; Savitz and Wellenius, 2023).
[bookmark: _Toc241155974]4.6.1 AI Adoption and Employee Digital Competence
The results provide evidence for H1 and show that employees who report high levels of adoption of AI in the workplace are also more likely to report a higher level of digital competence. There are theoretically meaningful relationships: AI might not only affect the tools that workers have to use, but also the skills they need to use them (Boustani, 2026). Frequent engagement with systems that work with AI can open the door for experiential learning, adaptation and digital problem-solving. It is an interpretation that does not contradict Human Capital Theory, which assigns knowledge and skills to the category of productive resources that can be gained through experience and investment (Becker, 1964). It is also consistent with the current conceptualisations of Digital Competence as requiring more than technical skills, that it includes problem solving, information evaluation, adaptability and responsible usage of technologies (Vuorikari, Kluzer and Punie, 2022).
The correlation should not be taken as evidence that use of AI leads to digital competence automatically. The other way round is also possible: employees with more digital expertise might be more adept in using advanced AI tools in the first place. Moreover, organizational training, managerial support and digital infrastructure might be able to play a role at the same time in both adoption and competence. Furthermore, organisational training, managerial support and digital infrastructure could contribute simultaneously to both adoption and competence. The cross-sectional design cannot establish which mechanism occurred first (Maier et al., 2023). The UK banking implication is therefore more nuanced than simply increasing employees' exposure to AI. Banks may need to treat AI implementation and capability development as mutually reinforcing processes, because technological deployment without corresponding learning opportunities could create access to AI without developing employees' ability to use it critically and effectively (Calonge et al., 2025).
[bookmark: _Toc241155975]4.6.2 AI Adoption and Employee Performance
Overall, the data shows support for H2, with those who are seeing more adoption of AI also reporting higher levels of work performance. There are several theoretical ways to account for this association. AI can be used as an organizational tool that helps workers interpret vast amounts of data, routine tasks, and find patterns and aid in decision-making. These processes could free up employees in knowledge-intensive jobs, like banking, to be flexible in their judgment, and handle information at a quicker and more standardized rate. This view is in line with Jarrahi's (2018) view that value of AI can be achieved through complementarity between human and AI rather than through substitution of human decision making.
However, the outcome cannot be seen as proof that more AI deployment will lead to better employee performance, or that the introduction of AI in the first place will improve employee performance. Raisch and Krakowski (2021) point to the automation and augmentation paradox: automation can augment human capability in one context, and in another, it can serve as a substitute for it, leading to dependency or coordination problems. Technological availability is thus to be differentiated from productive use. A poorly integrated system, an insufficiently understood system or an insufficiently trusted system can actually increase the complexity of the system instead of decreasing it (Mehdiyev and Fataliyev, 2026).
The present finding is thus more likely to be interpreted as indicating that the adoption of AI is positively related to the performance levels of this sample rather than to a productivity effect that is unconditional. The fact that the same respondents reported adopting and successful using AI at the same time might also mean that positive perceptions of the organisation's technology could also affect personal perceptions of performance (Sudsomboon, 2026). The evidence, however, points to the fact that AI is a key performance-focused organizational resource, but also points towards the fact that the value of AI is contingent on how employees use that resource.
[bookmark: _Toc241155976]4.6.3 Employee Digital Competence and Employee Performance
Theoretically, H3 is of special merits as it showed the highest correlation between digital competence and employee performance among the relations that were investigated. This finding does not put technology in the spotlight, but rather highlights the importance of employee capability in the technology–performance relationship (Yesuf and Fields, 2025). There is a simple theory to explain this: Human Capital Theory states that the knowledge, skills and capabilities of workers constitute productive resources which can be transformed into work outcomes by organisational investment (Becker, 1964). The technology in an AI-powered banking system cannot be simply a tool that employees use; they need to grasp the results of the technology, adjust their methods accordingly, and be able to detect when the technology gives an unsuitable recommendation, and when technology gives the information and they need to use their professional judgment.
This is a non-rude interpretation of the argument. Modern digital competence includes information evaluation, problem solving, communication, and content management and responsible use of technology (Vuorikari, Kluzer and Punie, 2022). In this way, workers with critical thinking skills in relation to digital technologies could be more likely to develop effective work behaviours based on the functionality of the AI systems.
The relationship is strong, but the methodology needs to be analyzed as well. Digital competence and performance were both assessed using self reported questionnaire items in the same survey. This connection between their relationship might thus be magnified through a common-method variance, perceptual consistency or conceptual proximity (Podsakoff, MacKenzie and Podsakoff, 2012). Technology capability and overall performance can be favourably judged by employees who have a positive opinion of their technological capability. In conclusion, this finding demonstrates the theoretical significance of the competence of digital competence, but to assert that competence has a direct impact on improved performance, objective measures or longitudinal evidence would be necessary (Bibi et al., 2025).
[bookmark: _Toc241155977]4.6.4 Mediating Role of Employee Digital Competence
Digital competence is proposed as the most important integrative interpretation of the study, because of its proposed mediation role. Combining these results, it can be concluded that the relationship between the three can be considered as follows: AI adoption related to Digital competence; Digital competence related to performance; AI adoption related to performance (AlDhaen, 2025). On this level, it helps align the idea that some of the value of the organisation in relation to AI may come from human capabilities that are needed to make the technology work, and not from technology itself.
This is a synthesis of the technology and human-capital perspectives presented in Chapter 2. The technological possibilities enabled by AI adoption are what employee digital competence can enable. The mechanism is therefore more complex by not only assuming a technology investment to the productivity pathway, but also recognizing that this pathway is a multi-stage process (Baki et al., 2023). It implies that workers are not simply victims of technology and that they are still active participants in work systems that utilize AI.
However, a significant caveat must be made with the current evidence. The available analyses verify the constituent relationships, but further simultaneous regression analysis that takes into account the bidirectional relationship between AI use and digital competence is necessary before the study can analyze whether the relationship between AI and performance is mediated by digital competence (Li and Geng, 2026) (Sulthoni and Pandin, 2026). Based on the current evidence, therefore, the proposed mediation pathway is supported, but not yet considered proof of full or partial mediation. In addition, even a statistical mediation from cross sectional data would be evidence of an explanatory pathway rather than evidence that the adoption of AI came before competence and that competence led to performance improvement (Maxwell & Cole, 2007). This distinction helps prevent exaggerating the conclusions that can be drawn from the design of this study.
[bookmark: _Toc241155978]4.6.5 Integrated Theoretical and Managerial Interpretation	
Overall, the results cast doubt upon the technology-driven view of digital transformation. The new debate is not just about increased performance with increased AI, but that it seems like performance relevance of AI is closely tied to employees' ability to effectively interact with it. This can be explained as a complementary view in which technological capital and human capital are created simultaneously (Tran, 2026). The management takeaway for UK banks is that investing in AI infrastructure is not independent of investing in the workforce. Learning needs to go beyond learning how to use a system, to interpreting the AI's output, problem-solving using digital tools, being able to adapt, and knowing when to add appropriate human oversight.
This also shifts the way to assess the success of the implementation of AI. Even the adoption rate is an incomplete measure of performance if workers don't have the skills and knowledge to use the technology to make the right choices and work more effectively. Therefore, building workforce capability is not a reactionary HR action, and needs to be part of an AI implementation strategy ( Chen, 2023). This approach acknowledges that the successful implementation of AI to enhance productivity is likely to be dependent on the collective alignment of technology and worker skills, as well as organizational support.
[bookmark: _Toc241155979]4.7 Conclusion
This chapter explored the empirical link between AI adoption, digital competence of employees and employee performance in the surveyed bank staffers in the UK. The chapter started with the sample and industry context, as required by the supervisor, before moving on to the demographic composition, reliability of the measures, descriptive patterns, correlations, and regression-based tests of hypothesis. Results from the reliability analysis showed that the measures had good internal consistency for composite-score analysis and the inferential results yielded the expected positive correlations between the study constructs.
Of course the most important thing is that the chapter shows that the results cannot be boiled down to a simple technology–performance relationship. The adoption of AI was linked to the level of capability of employees and performance, with digital competence being especially significant for understanding performance. Together, the evidence suggests a socio-technical perspective, where the value of AI's performance is closely related to the ability of employees to understand, adapt and effectively use AI-enabled technologies.
All three proposed hypotheses were supported by the available evidence. The hypothesized mediation effect of digital competence should, however, be interpreted with caution. The pattern observed is similar to the conceptual mediation model, but to conclude if the direct relationship between AI adoption and performance is reduced with the inclusion of digital competence, a full simultaneous regression needs to be conducted. Furthermore, this is a cross-sectional and self-reported design, so it does not allow for causal or temporal conclusions to be drawn. In summary, the chapter suggests that the implementation of AI and the digital capability of employees should be considered as an integrated part of the employee's performance in an AI-driven banking system. This interpretation serves as the basis of the empirical results for the final conclusions, managerial implications, limitations and recommendations of the dissertation.



[bookmark: _Toc241155980]    CHAPTER FIVE: CONCLUSION AND RECOMENDATIONS 
[bookmark: _Toc241155981]5.1 Introduction
This chapter brings together the research problem, the theoretical underpinning, the methodological design and the empirical results and draws conclusions about the research that the dissertation provides in the field of understanding the adoption of AI and employee performance in the UK banking sector. It does not repeat the statistical results which are presented in Chapter 4, but rather it summarises the significance in the context of the study aim and the suggested role for the digital competence of employees. The chapter then interprets the evidence into specific recommendations for managers, and then reflects on the methodological and empirical limitations that limit interpretations and generalisability. It ends with an integrated answer to the research question and the study's central contribution: understanding how an AI enabled performance must take both the technological adoption and the human skills that are used through technology into account.
[bookmark: _Toc241155982]5.2 Summary of Chapters
[bookmark: _Toc241155983]5.2.1 Chapter 1: Research Problem and Purpose
Chapter 1 introduced the research problem by rendering AI an emerging feature of modern banking and challenging the notion that technology will automatically lead to higher employee performance. For this reason, the chapter was developed, which was able to link the logic of AI adoption with the employee's digital competence and employee performance. The study did not just take an AI technology-centric approach, but focused on the capabilities of the employee as a potential leveraging tool for AI to become useful in the workplace. This framing moved the investigation from the more straightforward question of AI and performance to the more theory-laden question of the interaction between technological and human capabilities in explaining performance within UK banking.
[bookmark: _Toc241155984]5.2.2 Chapter 2: Literature and Theoretical Foundation
Chapter 2 critically reviewed the literature to set out the finding that the implications of AI performance are not automatic nor technologically determined. Current evidence suggests that AI can be used to support, enhance and automate tasks for employees, or to process and support information and decisions; but it is not evidence that it can ensure productive outcomes. These studies thus revealed an important dichotomy between the technological and the human-capability explanatory perspectives, highlighting the need to consider the extent to which the technological resources can be understood and accepted by employees and are used in an effective way. The TAM provided explanations for employees' acceptance of technology and the HCAT situates the use of digital knowledge and capability as an asset of productive organisations. The automation–augmentation perspective also highlighted the potential for AI to augment, not replace, human decision-making. Together, these views underpinned the theoretical underpinning for exploring the relationship between AI and performance and the identified need for context-specific evidence from the UK banking sector.
[bookmark: _Toc241155985]5.2.3 Chapter 3: Methodological Approach
This conceptual framework was translated into an empirical research design in chapter 3. A positivist philosophy and deductive method were used as the study investigated theoretically stated relationships in a quantitative way. The primary data was collected using a structured cross sectional questionnaire administered to the employees of the banks in the UK resulting in 98 valid cases for analysis. Descriptive analysis, reliability testing with IBM SPSS Statistics, Pearson correlation analysis and regression analysis were conducted. This methodological fit facilitated these hypotheses developed in Chapter 2 to be tested systematically, and yielded quantifiable evidence of the relationships among the three constructs. The design primarily was designed as a means of finding statistical association and prediction, however, not causal processes: self-reported measures of exposure and competence and performance are reported during the same cross-sectional timeframe making inferences about temporal ordering difficult.
[bookmark: _Toc241155986]5.2.4 Chapter 4: Principal Findings
As discussed in Chapter 4, this study's main proposition that AI adoption and employee capability and performance are tightly linked received empirical support. Measurement scales were strongly internally consistent and this allowed for composite-variable analysis to be conducted. The results of the hypothesis testing indicated that there was a positive relationship between the use of AI and the level of digital competence of employees and employee performance, especially between the degree of digital competence and employee performance. As such, the evidence available was found to support H1, H2 and H3.
These findings are important not only to validate individual relationships but also because they are relevant to other relationships. Together, they question the “technology-only” view that proposes that the adoption of AI leads to an increase in performance without considering the human resources behind the technology. Rather, the results suggest that the organisational relevance of AI needs to be taken into account together with the capacity of employees to comprehend, adjust to and make effective use of AI made technologies. It is not surprising, then, that digital competence is not only a peripheral characteristic of the employee, but also a possible part of the human-capital requirements of AI-driven work.
However, methodological restraint is required for the evidence. The pattern observed is consistent with the proposed mediating role of competence, since the use of AI is linked to competence and competence is linked to performance. These constituent relationships do not, however, indicate a causal mediation mechanism. Due to the cross-sectional design, the results do not allow for the conclusions that the use of AI starts with a development of digital competence and then leads to higher performance.
[bookmark: _Toc241155987]5.3 Recommendations
The results suggest that the implementation of AI should be treated as a technology investment, rather than a standalone solution. This organisational value seems closely related with the capacity of employees to comprehend, assess and utilize AI in their work. This means that the recommendations below are empirical in nature and make specific, action and measurement oriented recommendations to UK banks. Instead of taking the “invest more in AI” approach, they go beyond and focus on the interaction between technology and human capability and performance.
[bookmark: _Toc241155988]5.3.1 Integrate AI Investment with Digital-Competence Development
UK banks need to integrate the digital-competence development directly into their AI implementation programmes and not consider them as two strands of work. Based on the study's results, which indicated that there was high correlation between digital competence and both AI use and performance, this recommendation comes as no surprise. The Human Capital Theory also argues that productivity in organisations is partly dependent on the cultivation of their employees' knowledge and competencies, and current definitions of digital competence prioritise critical evaluation, problem solving and responsible use of technology over technical competence (Becker 1964; Vuorikari, Kluzer and Punie 2022).
Implementation should thus be done through role specific AI literacy, scenario-based decision exercises and continuous instead of one-off training, and simulations. It's critically important to note that generic AI training is not likely to meet the needs of heterogeneous job requirements – competence development should match what employees actually do, what they are responsible for, and how much decision-making authority they have. The effectiveness of the bank should be measured by the competence levels before and after training, the accuracy of tasks performed using AI, the use of the relevant system and its performance indicators. This would enable management to see whether training leads to the development of skills and knowledge or simply high attendance figures.
[bookmark: _Toc241155989]5.3.2 Design AI Around Human–AI Augmentation
Banks need to focus on human–AI augmentation—not on replacing humans with artificial intelligence as much as possible.Banks must prioritize human–AI augmentation rather than thinking that it is about replacing humans with AI to the greatest extent possible. The overall conclusion of the study was that the way in which technology is adopted is tightly coupled with human capacity. Raisch and Krakowski (2021) also state that automation and augmentation are not mutually exclusive options, but rather a paradox; that is, AI can sometimes replace some activities and sometimes enhance human capabilities.
At an operational level, banks should put in place human review of consequential AI outputs, clearly define accountability for decisions, offer information to support AI recommendations that is understandable, and establish escalation procedures for uncertain outputs and channels for employees to challenge problematic outputs and reports of problematic outputs. This is particularly important as AI is only effective in an organisation if the employees can appropriately assess its output. Use decision accuracy, processing time, error and override patterns, as well as appropriate adoption and service outcomes to demonstrate success, not just the amount of automation. The goal is not to preserve human intervention at all costs, but to direct human judgement where it can be identified as providing added value.
[bookmark: _Toc241155990]5.3.3 Introduce Role-Specific AI Capability Frameworks
It is unlikely that there will be a uniform competence program in organisational AI within the banking workforce as identified across the surveyed banking workforce. Banks therefore need to build AI capability frameworks for specific roles such as risk and compliance, operations, customer service, management, and AI in IT/digital and credit decision support. This method fits with the findings of the literature regarding digital competence, which covers not only content with digital technologies but also the evaluation of information, problem-solving and the application of digital technologies within context (Vuorikari, Kluzer and Punie, 2022).
The capability needed, therefore, should be determined based on the risk of the task and the interaction of technology. For instances, risk and compliance personnel might need more capacity to question algorithmic suggestions and detect misaligned results, while customer-service staff might need proficiency in using AI assistance in a way that complements human interactions. Managers may need more skills in governance and accountability of the use of AI for decision making. Competency profiles should be used for training needs analysis, development planning and periodic assessment. These can range from capability attainment, to proficiency gaps, assessment performance to AI error rates by role. This prevents the “digital competence” from being seen as a stand-alone skill that is not related to the bank's activities.
[bookmark: _Toc241155991]5.3.4 Measure AI Success Through Integrated Technology and Human-Capital KPIs
Lastly, UK banks need to expand the metrics used to assess the effectiveness of implementing AI. If employees fail to improve their capability or work outcomes, measuring deployment, usage or automation could give a false sense of success in the digital transformation. A comprehensive AI-performance dashboard, then, should consist of technological and human-capital and performance figures. This recommendation is based directly on the center empirical pattern of the study, namely that of a relation between the adoption of AI and digital competence and employee performance, rather than these being organisational phenomena separated from one another.
System utilization, reliability, processing efficiency and error rates are some technology indicators that should be included. Indicators for human capital competence should focus on digital competence, training efficacy, confidence in the use of AI tools, and appropriate use of AI; measures of human capital performance should focus on the quality of work, effectiveness of productivity, accuracy of decision-making and task completion. This multi-dimensional assessment also aligns with the broader concept that AI value is not just about the technology and needs complementary organisational and human skills (Jarrahi, 2018; Raisch and Krakowski, 2021). It's important to note that the dashboard would be used for a diagnostic purpose – where the adoption rate is rising but there is no corresponding increase in competence or performance, management should determine what training is needed, how this can be integrated in the workflow, and the quality of the implementation and usability of the systems – before deciding to invest in more AI.
[bookmark: _Toc241171094]Table 5.1: Evidence-Based Recommendations for UK Banks
	Priority
	Recommendation
	Evidence/Rationale
	Implementation
	Key Performance Indicators

	1
	Integrate AI adoption with digital-competence development
	Digital competence is closely associated with AI adoption and performance; technology alone may be insufficient
	Role-specific training, simulations, continuous AI literacy and competency assessment
	Competence improvement; AI-task accuracy; appropriate utilisation; performance improvement

	2
	Design AI around human–AI augmentation
	Performance benefits appear interconnected with human capability rather than automation alone
	Human review, explainable outputs, escalation procedures, feedback mechanisms and clear accountability
	Decision accuracy; processing time; error/override patterns; adoption; service outcomes

	3
	Establish role-specific AI capability frameworks
	Respondents represented heterogeneous banking functions and AI exposure
	Define functional capability profiles and integrate them into training and development
	Capability attainment; skills gaps; assessment scores; role-specific error rates

	4
	Introduce an integrated AI-performance dashboard
	AI adoption, employee competence and performance should be monitored jointly
	Combine technology, workforce and performance metrics within management reporting
	System reliability; competence; training effectiveness; productivity; work quality; decision accuracy




Source: Developed by the researcher from the empirical findings and theoretical framework.
[bookmark: _Toc241155992]5.4 Limitations
The results of this study should not be interpreted as if they are all-inclusive, but rather within the limitations of the study. With regard to causal inference, measurement, generalisability and the proposed mediating mechanism, there are four limitations of particular concern.
[bookmark: _Toc241155993]5.4.1 Cross-Sectional Research Design
The first constraint is related to the cross-sectional design, as the assessment of AI adoption and of employee digital competence and employee performance occurred during the same time frame. This design would be useful for examining statistical relationships between predefined constructs, but would not be useful to determine temporal precedence (Maier et al., 2023). Thus, the observed correlations do not provide evidence of a first change in AI adoption leading to an increase in digital competence and then to an improvement in performance. There is still the potential of reverse or reverse/reciprocal processes, such as digitally competent workers being more likely or capable of interacting with AI, and digitally competent environments being more likely or capable of adopting technology. The report does not therefore constitute proof of cause and effect. Longitudinal study measuring AI adoption, competence development and final performance subsequently would be a more robust test for temporal ordering.
[bookmark: _Toc241155994]5.4.2 Self-Reported Measurement and Common-Method Variance
Another limitation is that the same respondents filled out the same self-reported questionnaire to measure the principal's constructs. This means that potential common method variance, perceptual consistency and socially desirable responding (Podsakoff, MacKenzie and Podsakoff, 2012) may arise. Greater perceived digital competence can foster positive self-assessment, as well as positive assessment of performance, without any objective differences, and thus reinforce observed differences. This is especially important to consider due to the relationships that were identified between the constructs. It does not render the findings invalid, but it means their magnitude should be interpreted cautiously. Future studies could triangulate employee responses with supervisor ratings, objective productivity indicators, system-use records and task-level performance measures, thereby separating perceptions from independently observed outcomes.
[bookmark: _Toc241155995]5.4.3 Sampling and Generalisability
The third limitation is related to 98 respondents who were included in the sample and the non-probability method of sample selection. While respondents were drawn from various banking functions, organizational levels, experience levels and types of AI exposure, this diversity helps to provide the broadest possible context for the findings without increasing statistical representativeness. Non-probability sampling does not guarantee that the qualities of the sample achieved are representative of the sample of the UK banking industry as a whole (Etikan, Musa and Alkassim 2016). As a result, the results are best viewed as representing only the employees surveyed and not as estimates of the population of UK banks or banking employees. Further research is needed to see if the relationships identified are consistent across organisational and occupational settings and should be tested in larger samples, probability based or stratified, to be drawn from a wider range of banks.
[bookmark: _Toc241155996]5.4.4 Measurement and Mediation Limitations
Lastly, the adoption of AI was operationalised through the use of various AI-enabled technologies, and thus the study is reflective of a wider technological environment and not the standalone influence of one particular piece of technology. The mechanisms by which predictive analytics, intelligent automation, generative AI and decision support technologies could impact work vary; thus, there is no single measure of adoption to provide a clear signal of which technology is most strongly connected to employee performance. More importantly, mediation, in theory, means a process that takes place over a period of time. While cross-sectional mediation analysis can yield patterns of significance consistent with an indirect effect, it is not as informative for an indirect effect as causal mediation (Maxwell and Cole, 2007). Future studies should therefore include both the longitudinal measurement and technology-specific comparisons with objective performance evidence and more rigorous indirect-effect testing to determine if competence actually develops after AI adoption and then is linked to performance.
[bookmark: _Toc241155997]5.5 Conclusion
The purpose of this research was to investigate the correlation between the employment of artificial intelligence (AI) and employee performance within the UK banking industry, focusing on employee digital competence. Overall, the evidence shows that the adoption of AI is correlated with digital competence and with employee performance, and that digital competence has a particularly important relationship with employee performance. The study's main contribution is not just proving the relevance of AI to workplace outcomes, however. It suggests that the value of AI in the organisation is closely coupled with the human skills needed to understand, adjust to, and apply AI tools and technologies effectively.
This contradicts a techno-deterministic view that an investment in AI automatically leads to a boost in performance. The results, however, do indicate that the more integrated socio-technical interpretation is more likely to hold true, meaning that technological capability and employee capability are complementary organisational resources. For UK banks, best AI strategy should therefore ensure ongoing investment in digital capability development alongside the technology and in a way that is suited to the role, coupled with a multidimensional approach to what performance looks like.
The conclusions are limited by the cross sectional, self-reported, non-probability nature of the evidence and are therefore statistical relationships rather than causal pathways. However, the dissertation shows that AI transformation in banking is more accurately viewed as being about the strategic alignment of AI capability, employee digital competence and human performance, rather than the replacement of human capability with technology.
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Student ID: 2504525
Supervisor: Alireza Nazarian
University: University of Wales Trinity Saint David (UWTSD)
1. Invitation to Participate
You are invited to participate in a research study being conducted as part of an MBA dissertation at the University of Wales Trinity Saint David. Before deciding whether to participate, please read the following information carefully. It explains the purpose of the research, what participation involves and how your information will be handled.
Participation is entirely voluntary.
2. What is the purpose of the study?
The purpose of this research is to examine the relationship between artificial intelligence adoption and employee performance within the UK banking sector, with particular attention to the role of employee digital competence.
The research seeks to understand whether employees' ability to use, understand, adapt to and critically engage with digital and AI-enabled technologies is associated with their workplace performance.
This directly reflects the dissertation's research aim, which examines AI adoption and employee performance with particular emphasis on digital competence. 
3. Why have I been invited?
You have been invited because the study is concerned with employees working within the UK banking sector.
To participate, you should:
1. Be 18 years of age or above. 
2. Be currently employed within the UK banking sector. 
3. Have relevant exposure to AI-enabled or digital workplace technologies. 
These eligibility requirements correspond to the population established in the dissertation methodology.
4. What will I be asked to do?
If you agree to participate, you will complete an online questionnaire.
The questionnaire contains questions relating to:
· your general demographic and professional background; 
· your experience and exposure to AI-enabled workplace technologies; 
· AI adoption within your work environment; 
· your digital competence; and 
· your perceptions of your individual work performance. 
The principal construct questions use a five-point Likert response scale, ranging from Strongly Disagree to Strongly Agree.
You will not be asked to provide customer information, passwords, confidential banking information, proprietary AI-system information or commercially sensitive information.
5. Do I have to participate?
No. Participation is entirely voluntary.
You are free to decide whether you wish to participate, and choosing not to participate will not result in any disadvantage.
You may also discontinue the questionnaire before submitting your responses.
Because the questionnaire is designed to collect anonymous data, it may not be possible to identify and remove an individual response after it has been submitted and anonymised. Any withdrawal arrangements will therefore operate according to the approved university ethics procedure.
6. Are there any risks or disadvantages?
The research is considered to involve minimal foreseeable risk. However, some participants may feel uncomfortable answering questions about their use of workplace technologies or their perceptions of their own performance.
You should answer only those questions that you are comfortable answering and should not disclose confidential or sensitive organisational information.
In particular, please do not provide:
· customer or client information; 
· account details or passwords; 
· confidential organisational information; 
· proprietary AI-system details; 
· cybersecurity arrangements; 
· internal risk information; or 
· commercially sensitive information. 
The dissertation's ethical framework specifically states that such information should not be collected because the unit of analysis is the employee's perception of workplace AI, competence and performance rather than confidential information belonging to an employing bank.
7. Are there any benefits from taking part?
There may be no direct personal or financial benefit from participating. However, your participation may contribute to a better academic understanding of how AI adoption and employee digital capabilities are associated with employee performance within the UK banking sector.
The findings may also provide useful implications for workforce development, AI-related training, reskilling and human–AI collaboration.
8. Will my participation be confidential?
Yes. Your responses will be treated confidentially in accordance with the approved ethical procedures.
The research does not require unnecessary personally identifiable information. Findings will be reported predominantly in aggregate form, meaning that individual responses will not normally be identifiable in the dissertation.
No individual participant or banking organisation will be identified unless appropriate permission and ethical approval have been obtained.
9. What will happen to my data?
Research data will be handled securely and used for legitimate academic research purposes associated with this MBA dissertation.
Data will be stored using appropriate secure and password-protected arrangements, with access limited in accordance with the approved research procedures.
Data handling, retention and deletion will follow the University's approved ethical requirements and applicable data-protection requirements.
10. How will the results be used?
The data collected will be analysed using IBM SPSS Statistics. The analysis may include descriptive statistics, reliability analysis, correlation analysis and regression analysis.
The findings will primarily be used in the researcher's MBA dissertation and may be considered as part of academic assessment.
11. What happens if I do not want to participate?
You are under no obligation to participate. Refusing to participate will involve no penalty or disadvantage.
You should proceed to the questionnaire only if you have read this information and voluntarily consent to participate.
12. Who is conducting the research?
Researcher: Mohammad Umer Khan
Student ID: 2504525
Programme: Master of Business Administration (MBA)
Supervisor: Alireza Nazarian
Institution: University of Wales Trinity Saint David
13. Consent
After reading this Participant Information Sheet, you will be asked to complete the Participant Consent Form. You should proceed to the research questionnaire only if you understand the information provided and voluntarily agree to participate.
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Participant Consent
Please read each statement carefully and indicate your agreement.
	No.
	Consent Statement
	Please tick

	1
	I confirm that I am 18 years of age or above.
	☐

	2
	I confirm that I currently work within the UK banking sector and meet the eligibility requirements for this study.
	☐

	3
	I confirm that I have read and understood the Participant Information Sheet for this research.
	☐

	4
	I understand the purpose and nature of the research and what my participation involves.
	☐

	5
	I understand that my participation is entirely voluntary and that I am under no obligation to participate.
	☐

	6
	I understand that I may stop completing the questionnaire before submission without penalty or disadvantage.
	☐

	7
	I understand that once an anonymous response has been submitted and can no longer be identified, it may not be possible to withdraw that individual response.
	☐

	8
	I understand that my responses will be treated confidentially and used for legitimate academic research purposes.
	☐

	9
	I understand that I should not disclose customer information, passwords, confidential banking information, proprietary AI-system information, cybersecurity information or commercially sensitive organisational information.
	☐

	10
	I understand that the findings will normally be reported in aggregate form and that individual participants will not be identified in the dissertation.
	☐

	11
	I understand that the research data will be stored and handled securely in accordance with the approved ethical and data-protection procedures.
	☐

	12
	I understand that the results will be used principally for an MBA dissertation and academic assessment.
	☐

	13
	I have had sufficient opportunity to consider the information provided and freely agree to participate in this research.
	☐
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Please select the appropriate option:
☐ YES — I have read and understood the information above and voluntarily consent to participate in this research.
☐ NO — I do not consent to participate in this research.
Participant Name: Not required for anonymous online participation
Participant Signature: Not required for anonymous online participation
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SUPERVISION RECORD 

		Date of meeting

		Type of meeting

		Summary of outcomes

		Student

		Supervisor
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		17 June 2026

		 face-to- face Initial supervision meeting

		The proposed dissertation topic was critically discussed and refined, focusing on AI adoption, employee digital competence and employee performance within the UK banking sector. The research proposal and ethics requirements were reviewed. Guidance was provided on developing a coherent research aim, objectives and research question and ensuring that data collection would comply with ethical requirements. Agreed action: revise the proposal and ethics documentation before progressing with the study.

		Initial

		Initial

		40 mins

		40 mins



		1 July 2026

		 face-to-face  1st supervision meeting

		The revised research proposal and ethics documentation were reviewed. Particular attention was given to alignment between the research problem, aim, objectives, research question and proposed quantitative methodology. The conceptual relationships between AI adoption, employee digital competence and employee performance were clarified. Agreed action: incorporate feedback, finalise the proposal and ethics documentation, and begin developing Chapter 1.

		Initial

		Initial
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		 face-to-face 2nd supervision meeting

		Chapter 1: Introduction was reviewed. Feedback focused on strengthening the UK banking context, establishing the research problem, improving the rationale and ensuring alignment between the aim, objectives, research question and hypotheses. The conceptual framework was also discussed to ensure consistency across the dissertation. Agreed action: revise Chapter 1 and strengthen its evidence base before progressing to the literature review.

		Initial

		Initial

		40 mins

		35 mins



		29 July 2026

		 face-to-face 3rd supervision meeting

		Chapter 2: Literature Review was critically reviewed. The supervisor advised moving beyond descriptive discussion towards comparison, synthesis and critical evaluation of previous studies. The relevance of the Technology Acceptance Model and Human Capital Theory was considered alongside literature concerning AI adoption, digital competence and employee performance. Agreed action: strengthen theoretical integration, empirical critique and justification of the research gap and hypotheses.

		Initial

		Initial

		45 mins

		35 mins



		12 August 2026

		 face-to-face  4th supervision meeting

		Chapter 3: Methodology was reviewed for methodological coherence. Discussion covered the positivist philosophy, deductive approach, quantitative cross-sectional survey design, sampling, questionnaire design and ethical procedures. The proposed SPSS analysis, including descriptive statistics, reliability testing, Pearson correlation and regression, was considered against the research objectives and hypotheses. Agreed action: revise the methodology, ensure transparent justification of methodological decisions and proceed with data collection and preparation.

		Initial

		Initial

		40 mins

		35 mins



		26 August 2026

		face-to-face  5th supervision meeting

		Progress with data collection and preparation for Chapter 4 was reviewed. Discussion addressed questionnaire responses, data screening, coding, composite variables and preparation of the dataset for SPSS. Guidance was provided on presenting demographic characteristics, reliability analysis and hypothesis testing systematically. Agreed action: complete data preparation, undertake the required SPSS analyses and present results accurately without overstating statistical relationships as causal effects.

		Initial

		Initial

		35 mins

		35 mins



		10 September 2026

		face-to-face  6th supervision meeting

		Chapter 4: Findings and Discussion was critically reviewed. Attention was given to the interpretation of descriptive statistics, Cronbach's alpha, Pearson correlations and regression results in relation to H1–H3. The supervisor emphasised distinguishing statistical association from causation and integrating findings with previous literature and the theoretical framework. Agreed action: strengthen critical discussion, explain alternative interpretations and ensure conclusions remain consistent with the cross-sectional research design.

		Initial

		Initial

		45 mins

		35 mins



		22 September 2026

		face-to-face  face-to-face 7th supervision meeting / Final meeting

		Chapter 5 and the complete dissertation were reviewed. Discussion focused on ensuring that conclusions directly addressed the research aim, recommendations were evidence-based and actionable, and limitations clearly established the boundaries of interpretation. Final guidance covered the abstract, consistency across Chapters 1–5, Harvard referencing, tables and figures, appendices, formatting and proofreading. Agreed action: complete final amendments and conduct a comprehensive quality check before submission.

		Initial

		Initial

		40 mins

		35 mins





 

 Notes on the Postgraduate Taught Dissertation Supervision Record 

Record the date and type of meeting – e.g. face-to-face, Microsoft Teams, video conference, telephone, email, letter 

Note the outcomes agreed by both the student and the supervisor 

Both the student and the supervisor should initial  

Record the duration of the meeting 

Update the running total for duration by adding the duration of the meeting to the previous running total 
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ETHICS FORM – UNDERGRADUATE AND TAUGHT POSTGRADUATE COURSES ONLY

The The 

APPLICATION FOR ETHICAL APPROVAL



In order for research to result in benefit and minimise risk of harm, it must be conducted ethically. 



The University follows the OECD Frascati manual definition of research activity: “creative work undertaken on a systematic basis in order to increase the stock of knowledge, including knowledge of man, culture and society, and the use of this stock of knowledge to devise new applications”. As such this covers activities undertaken by members of staff, postgraduate research students, and both taught postgraduate and undergraduate students working on dissertations/projects.



The individual undertaking the research activity is known as the “principal researcher”.



This form must be completed and approved prior to undertaking any research activity. 



SECTION A: About You (Principal Researcher)

		1

		Full Name:

		Mohammad Umer

Khan



		2

		Student Number:

		

2504525



		3

		Email address:

		2504525@student.uwtsd.ac.uk



		4

		Programme of Study:

		MBA International Business



		5

		Supervisor:

		Alireza Nazarian







SECTION B:  Internal and External Ethical Guidance Materials

		

		Please list the core ethical guidance documents that have been referred to during the completion of this form (including any discipline-specific codes of research ethics, location-specific codes of research ethics, and also any specific ethical guidance relating to the proposed methodology).  Please tick to confirm that your research proposal adheres to these codes and guidelines. You may add rows to this table if needed.



		1

		UWTSD Research Ethics & Integrity Code of Practice

		☒

		2

		UWTSD Research Data Management Policy

		☒



		3

		UK General Data Protection Regulation (UK GDPR) and Data Protection Act 2018

		☒



		4

		British Educational Research Association (BERA) Ethical Guidelines for Educational Research (2024)

		☒







SECTION C: Details of Research Activity

		1

		Indicative title:

		The Impact of Artificial Intelligence Adoption on Employee Performance in the UK Banking Sector: The Mediating Role of Employee Digital Cowaqqmpetence



		2

		Proposed start date:

		8-06-2026

		Proposed end date:

		1 September



		

		Introduction to the Research (maximum 300 words in each section)

Ensure that you write for a Non-Specialist Audience when outlining your response to the three points below:

· Purpose of Research Activity

· Proposed Research Question

· Aims of Research Activity

· Objectives of Research Activity

Demonstrate, briefly, how Existing Research has informed the proposed activity and explain

· What the research activity will add to the body of knowledge 

· How it addresses an area of importance. 



		3

		Purpose of Research Activity



The purpose of this research is to investigate how artificial intelligence adoption influences employee performance within UK banking institutions and to examine whether employee digital competence explains this relationship. Artificial intelligence technologies are increasingly being implemented in banking operations through automation, predictive analytics, chatbots and intelligent decision-support systems. However, existing studies have focused predominantly on organisational outcomes such as efficiency and profitability, while comparatively limited attention has been given to employee-level outcomes. This research seeks to address this gap by providing empirical evidence regarding the role of digital competence in enabling employees to effectively utilise AI technologies. The findings are expected to contribute to both academic understanding and practical human resource management strategies relating to workforce digital readiness and employee development.



(this box should expand as you type)



		4

		Research Question



How does artificial intelligence adoption influence employee performance in UK banking institutions and what role does employee digital competence play in explaining this relationship?

Sub-questions include:

1. What is the relationship between AI adoption and employee performance? 

2. How does AI adoption influence employee digital competence? 

3. What is the relationship between employee digital competence and employee performance? 

4. Does employee digital competence mediate the relationship between AI adoption and employee performance?



(this box should expand as you type)



		5

		Aims of Research Activity

Number your aims and link them to your objectives



To examine the impact of artificial intelligence adoption on employee performance within UK banking institutions.



(this box should expand as you type)



		6

		Objectives of Research Activity



Objectives of Research Activity

1. To examine the effect of artificial intelligence adoption on employee performance. 

2. To investigate the relationship between artificial intelligence adoption and employee digital competence. 

3. To examine the influence of employee digital competence on employee performance. 

4. To determine the mediating role of employee digital competence in the relationship between artificial intelligence adoption and employee performance.



(this box should expand as you type)



		

		Proposed data collection methods (maximum 600 words)

Provide a brief summary of all the methods that may be used in the research activity to collect data, making it clear what specific techniques may be used. If methods other than those listed in this section are deemed appropriate later, additional ethical approval for those methods will be needed. You do not need to justify the methods here but should instead describe how you intend to collect the data necessary for you to complete your project.



		7

		This should describe how you intend to collect data. It should not include a discussion of the theoretical basis for your data collection methods. Please note, that if you intend to collect any audio/video recordings of interviews with participants then these will be classified as Personal Data under GDPR/DPA2018. If you intend to use these then note this in section H.

Primary quantitative data will be collected using an online self-administered questionnaire distributed through Google Forms or Microsoft Forms. The questionnaire will consist of closed-ended questions measured using a five-point Likert scale ranging from strongly disagree to strongly agree. The survey will include sections relating to demographic information, artificial intelligence adoption, employee digital competence and employee performance.

Participants will be recruited using convenience sampling and snowball sampling techniques through professional networking platforms such as LinkedIn, banking employee networks and professional contacts. The study aims to recruit approximately 80-100 employees currently working in UK banking institutions.

No interviews, focus groups, video recordings, audio recordings, observations or experimental procedures will be undertaken. Participation will be voluntary and anonymous. Data collected will be analysed using IBM SPSS Statistics through descriptive statistics, reliability testing, correlation analysis and multiple regression analysis.





(this box should expand as you type)







SECTION D: Scope of Research Activity

		

		Will the research activity include:

		YES

		NO



		1

		Use of a questionnaire or similar research instrument?

		☒

		☐



		2

		Use of interviews?

		☐

		☒



		3

		Use of focus groups?

		☐

		☒



		4

		Use of participant diaries? 

		☐

		☒



		5

		Use of video or audio recording?

		☐

		☒



		6

		Use of computer-generated log files?

		☐

		☒



		7

		Participant observation with their knowledge?

		☐

		☒



		8

		Participant observation without their knowledge?

		☐

		☒



		9

		Access to personal or confidential information without the participants’ specific consent?

		☐

		☒



		10

		Administration of any questions, test stimuli, presentation that may be experienced as physically, mentally or emotionally harmful / offensive?

		☐

		☒



		11

		Performance of any acts which may cause embarrassment or affect self-esteem?

		☐

		☒



		12

		Investigation of participants involved in illegal activities?

		☐

		☒



		13

		Use of procedures that involve deception?

		☐

		☒



		14

		Administration of any substance, agent or placebo?

		☐

		☒



		15

		Working with live vertebrate animals?

		☐

		☒



		16

		Procedures that may have a negative impact on the environment?

		☐

		☒



		17

		Other primary data collection methods. Please indicate the type of data collection method(s) below.

		☐

		☒



		

		Details of any other primary data collection method:







(this box should expand as you type)

		

		







If you have ticked NO to every question then the research activity is (ethically) low risk and you may skip section E and continue to section F.



If YES to any question, then no research activity should be undertaken until full ethical approval has been obtained. 



SECTION E: Intended Participants

		

		Who are the intended participants:

		

YES

		

NO



		1

		Students or staff at the University?

		☐

		☒



		2

		Adults (over the age of 18 and competent to give consent)?

		☒

		☐



		3

		Vulnerable adults?

		☐

		☒



		4

		Children and Young People under the age of 18? (Consent from Parent, Carer or Guardian will be required)

		☐

		☒



		5

		Prisoners?

		☐

		☒



		6

		Young offenders?

		☐

		☒



		7

		Those who could be considered to have a particularly dependent relationship with the investigator or a gatekeeper?

		☐

		☒



		8

		People engaged in illegal activities?

		☐

		☒



		9

		Others. Please indicate the participants below, and specifically any group who may be unable to give consent.



		☐

		☒



		

		Details of any other participant groups:

Complete this only if your participants cannot give consent. This includes animals



(this box should expand as you type)

		

		







		

		Participant numbers and source

Provide an estimate of the expected number of participants. How will you identify participants and how will they be recruited? 



		10

		How many participants are expected?



		Ballpark figures are fine but make sure that you explain how you will identify and contact your participants.

Approximately80 to 100 participants are expected.

Participants will be identified and recruited through LinkedIn, professional banking networks, alumni networks and snowball referrals from existing participants.





(this box should expand as you type)



		11

		Who will the participants be?



		

Participants will be adults aged 18 years or above who are currently employed in retail, commercial, investment or digital banking institutions operating within the United Kingdom.



(this box should expand as you type)



		12

		How will you identify the participants?

		



Participants will be identified through publicly available professional networking platforms, banking employee associations and professional contacts. Recruitment messages will include an information sheet and survey link. (this box should expand as you type)









		

		Information for participants:

		

YES

		NO

		

N/A



		13

		Will you describe the main research procedures to participants in advance, so that they are informed about what to expect?

		☒

		☐

		☐



		14

		Will you tell participants that their participation is voluntary?

		☒

		☐

		☐



		15

		Will you obtain written consent for participation?

		☒

		☐

		☐



		16

		Will you explain to participants that refusal to participate in the research will not affect their treatment or education (if relevant)?

		☒

		☐

		☐



		17

		If the research is observational, will you ask participants for their consent to being observed?

		☒

		☐

		☐



		18

		Will you tell participants that they may withdraw from the research at any time and for any reason?

		☒

		☐

		☐



		19

		With questionnaires, will you give participants the option of omitting questions they do not want to answer?

		☒

		☐

		☐



		20

		Will you tell participants that their data will be treated with full confidentiality and that, if published, it will not be identifiable as theirs?

		☒

		☐

		☐



		21

		Will you debrief participants at the end of their participation, in a way appropriate to the type of research undertaken?

		☐

		☐

		☒



		22

		If NO to any of above questions, please give an explanation 



		

		You should be able to tick YES for all of these questions. If not, then explain why not in this box.



(this box should expand as you type)







		

		Information for participants:

		

YES

		NO

		

N/A



		24

		Will participants be paid?

		☐

		☐

		☒



		25

		Is specialist electrical or other equipment to be used with participants?

		☐

		☐

		☒



		26

		Are there any financial or other interests to the investigator or University arising from this study?

		☐

		☐

		☒



		27

		Will the research activity involve deliberately misleading participants in any way, or the partial or full concealment of the specific study aims?

		☐

		☐

		☒



		28

		If YES to any question, please provide full details  not applicable 



		

		You should be able to tick NO for most of these questions. For any cases that you have ticked YES then provide details in this box. If you are using cameras/voice recorders to record interviews, then please state that in this box.



(this box should expand as you type)







SECTION F: Anticipated Risks



		

		
Outline any anticipated risks that may adversely affect any of the participants, the researchers and/or the University, and the steps that will be taken to address them.  



		1

		Risks to participants

For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm, transfer of personal data, sensitive organisational information. If you have identified in section D that there are no participants, then enter N/A and go skip to question 3.



		

		Risk to participants:

There are always risks. Do not write N/A unless you have no participants.



Potential risks include minor inconvenience resulting from time required to complete the questionnaire and the possibility that some participants may feel uncomfortable discussing workplace technology usage or performance issues.

(this box should expand as you type)

		How you will mitigate the risk to participants:



Participation is entirely voluntary and anonymous. Participants may withdraw at any stage before submission of the questionnaire and may omit any question they prefer not to answer.



(this box should expand as you type)



		2

		If research activity may include sensitive, embarrassing or upsetting topics (e.g. sexual activity, drug use) or issues likely to disclose information requiring further action (e.g. criminal activity), give details of the procedures to deal with these issues, including any support/advice (e.g. helpline numbers) to be offered to participants. Note that where applicable, consent procedures should make it clear that if something potentially or actually illegal is discovered in the course of a project, it may need to be disclosed to the proper authorities



		

		

The study does not involve sensitive topics including criminal behaviour, health conditions, sexual behaviour or illegal activities.

(this box should expand as you type)



		3

		Risks to the investigator

For example: personal health & safety, physical harm, emotional distress, risk of accusation of harm/impropriety, conflict of interest



		

		Risk to the investigator:

There are always risks. Do not write NA.

Potential risks include delayed recruitment, low response rates and accidental data loss.

(this box should expand as you type)

		How you will mitigate the risk to the investigator:





 Multiple recruitment channels will be used and all research data will be backed up using secure encrypted storage systems.

(this box should expand as you type)



		4

		University/institutional risks

For example: adverse publicity, financial loss, data protection



		

		Risk to the University:

There are always risks. Do not write NA.



Potential institutional risks include data protection breaches or inappropriate use of participant information. (this box should expand as you type)

		How you will mitigate the risk to the University:



The study will comply fully with UK GDPR, the Data Protection Act 2018 and UWTSD research ethics procedures.



(this box should expand as you type)



		5

		Environmental risks

For example: accidental spillage of pollutants, damage to local ecosystems



		

		Risk to the environment:



Participants will receive a debrief statement immediately after survey completion containing researcher contact details should they wish to obtain further information regarding the study findings.





(this box should expand as you type)

		How you will mitigate the risk to environment:







(this box should expand as you type)







SECTION G: Feedback, Consent and Confidentiality



If you have identified in section D that there are no participants, then enter skip this section and continue to section H.



		1

		Feedback

What de-briefing and feedback will be provided to participants, how will this be done and when? 



		

		You don’t need to email your participants with your final report. A good alternative is to set up an email address that they will be able to contact for further details or results.



(this box should expand as you type)



		2

		Informed consent

Describe the arrangements to inform potential participants, before providing consent, of what is involved in participating. Describe the arrangements for participants to provide full consent before data collection begins. If gaining consent in this way is inappropriate, explain how consent will be obtained and recorded in accordance with prevailing data protection legislation.



		

		If you are using a paper questionnaire then you should have the participants sign an appropriate consent form. These forms will count as personal data and should be noted as such in section J.

If you are using an online questionnaire, then you should have a screen before the questions start that acts as a consent form, informing participants that by clicking on the NEXT button they are providing consent.



Before accessing the questionnaire, participants will view an electronic participant information sheet and consent form explaining the purpose of the research, expected time commitment, confidentiality procedures and withdrawal rights. Progressing beyond the consent page and selecting the "Next" button will constitute informed consent.



(this box should expand as you type)



		3

		Confidentiality / Anonymity

Set out how anonymity of participants and confidentiality will be ensured in any outputs. If anonymity is not being offered, explain why this is the case. 



		

		Do not collect names unless you really need them. Do not name participants or organisations in any research publications (including the thesis) without their explicit permission.



No names, addresses, employee identification numbers or identifiable organisational information will be collected. Data will be reported only in aggregated statistical form and no participant or organisation will be identifiable in the dissertation or any associated publication.

(this box should expand as you type)







SECTION H: Data Protection and Storage



		

		Does the research activity involve personal data (as defined by the General Data Protection Regulation 2016 “GDPR” and the Data Protection Act 2018 “DPA”)?

		YES

		NO



		1

		“Personal data” means any information relating to an identified or identifiable natural person (‘data subject’). An identifiable natural person is one who can be identified, directly or indirectly, in particular by reference to an identifier such as a name, an identification number, location data, an online identifier or to one or more factors specific to the physical, physiological, genetic, mental, economic, cultural or social identity of that natural person. Any video or audio recordings of participants is considered to be personal data.

		☐

		☐



		

		If YES, provide a description of the data and explain why this data needs to be collected: Consent forms and anonymous demographic information constitute personal data under UK GDPR.



		2

		This includes audio/video data of participants but can also include IP addresses and usernames. Names, addresses and emails also count, as do consent forms.



The study will collect demographic variables including age category, gender category, employment experience and banking sector role category. No directly identifiable information will be collected.

(this box should expand as you type)



		

		Does it involve special category data (as defined by the GDPR)?

		YES

		NO



		3

		“Special category data” means sensitive personal data consisting of information as to the data subjects’ –

(a) racial or ethnic origin,

(b) political opinions,

(c) religious beliefs or other beliefs of a similar nature,

(d) membership of a trade union (within the meaning of the Trade Union and Labour Relations (Consolidation) Act 1992),

(e) physical or mental health or condition,

(f) sexual life,

(g) genetics,

(h) biometric data (as used for ID purposes),

		

☐

		

NO



		

		If YES, provide a description of the special category data and explain why this data needs to be collected:



		4

		What counts as ‘sensitive’ will differ between cultures. Any information on behaviour that is not in accordance with cultural norms would count as sensitive personal data.







(this box should expand as you type)







		

		
Will data from the research activity (collected data, drafts of the thesis, or materials for publication) be stored in any of the following ways?

		YES

		NO



		5

		Manual files (i.e. in paper form)?

		☐

		☒



		6

		University computers?

		☐

		☒



		7

		Private company computers?

		☐

		☒



		8

		Home or other personal computers?

		☒

		☐



		9

		Laptop computers/ CDs/ Portable disk-drives/ memory sticks?

		☒

		☐



		10

		“Cloud” storage or websites?

		☐

		☒



		11

		Other – specify:



		☐

		☒



		12

		For all stored data, explain the measures in place to ensure the security of the data collected, data confidentiality, including details of backup procedures, password protection, encryption, anonymisation and pseudonymisation:



		

		If possible, save your data on computers that are secure and regularly backed up. Many cloud services only provide GDPR-compliant storage for business customers. An example of suitable text is given below.



All data will be kept in password protected cloud storage on the University Office 365 system which

will not be shared. Audio/visual data will be transcribed and would be shown to participants to

check accuracy of reporting. Any USB sticks used to store or transfer data will be password protected. All participants will be given a unique identifier to ensure confidentiality and this list will be kept securely in the password protected folder. 

All research data will be stored in password-protected encrypted folders on secure cloud storage and password-protected devices. Participants will be assigned numerical identifiers and all identifying information will be removed prior to analysis.







(this box should expand as you type)







		

		Data Protection



		

		Will the research activity involve any of the following activities:

		YES

		NO



		13

		Electronic transfer of data in any form?

		☒

		☐



		14

		Sharing of data with others at the University outside of the immediate research team?

		☐

		☒



		15

		Sharing of data with other organisations?

		☐

		☒



		16

		Export of data outside the UK or importing of data from outside the UK?

		☐

		☒



		17

		Use of personal addresses, postcodes, faxes, emails or telephone numbers?

		☒

		☐



		18

		Publication of data that might allow identification of individuals?

		☐

		☒



		19

		If YES to any question, please provide full details, explaining how this will be conducted in accordance with the GDPR and Data Protection Act (2018) (and/or any international equivalent):



		

		This includes data such as drafts of your thesis as well as experimental or survey data. An example of suitable text is given below.



All data will be encrypted and kept in password protected cloud storage on the University Office 365 system which will not be shared. Any USB sticks used to store or transfer data will be password protected. All data transfers will be encrypted and password protected.  All participants will be given a unique identifier to ensure confidentiality and this list will be kept securely in the password protected folder. The data will be stored until the completion of the project and then deleted. In accordance with the DPA2018, participants will have the right to ask to see what data is held relating to them, and this data will be deleted immediately if the participant requests this, in which case the data will not be used in the project.



(this box should expand as you type)



		20

		List all who will have access to the data generated by the research activity:



		

		Normally the principal researcher, possibly also the supervisor and, if the project has an industrial partner, a representative of that partner. Possibly also external examiner or second marker?

  Principal Researcher 

  Dissertation Supervisor 

  Internal Examiner 

  External Examiner (if required)



(this box should expand as you type)



		21

		List who will have control of, and act as custodian(s) for, data generated by the research activity:



		

		Usually the principal researcher.



The Principal Researcher will act as the custodian of all research data.

(this box should expand as you type)



		22

		Give details of data storage arrangements, including security measures in place to protect the data, where data will be stored, how long for, and in what form. 



		

		All data will be encrypted and kept in password protected cloud storage on the University Office 365 system which will not be shared. Any USB sticks used to store or transfer data will be password protected, and will be reformatted at the end of the project in order to destroy the data. The data will be stored until the completion of the project and then deleted. 



Research data will be retained securely until the completion of assessment and examination requirements and subsequently destroyed in accordance with university regulations.



(this box should expand as you type)



		22

		Confirm that you have read the UWTSD guidance on data management (see https://www.uwtsd.ac.uk/library/research-data-management/)

		☒



		23

		Confirm that you are aware that you need to keep all data until after your research has completed or the end of your funding

		☒









SECTION I: Use of AI tools

		Use of generative AI and other AI-based tools

There are a number of ethical issues relating to the use of generative AI and other AI-based tools, including data security, output bias, and output errors. In general you should assume that any generative AI or other AI-based tool that you pay to use is more secure and accurate than one which is free to use.



Will the research use AI tools to do any of the following:

		YES

		NO

		N/A



		1

		Capture data?

		☐

		☒

		☐



		2

		Generate and/or edit text?

		☐

		☒

		☐



		3

		Generate graphics?

		☐

		☒

		☐



		4

		Generate video?

		☐

		☒

		☐



		5

		Generate sound/music?

		☐

		☒

		☐



		6

		Generate code?

		☐

		☒

		☐



		7

		Generate synthetic data?

		☐

		☒

		☐



		8

		Analyse data?

		☐

		☒

		☐



		9

		Analyse personal or sensitive data?

		☐

		☒

		☐



		10

		Classify data?

		☐

		☒

		☐



		11

		Do you intend to use the free version of any AI tools?

		☐

		☒

		☐



		If you have answered YES to any of questions O1-O11, please provide justification detailing why this is necessary for the research.  



		12

		State which AI tool or tools you will be using, and where they are based (or store their data – you may need to check their webpages or user agreement for this). If you are planning to use Copilot then say if you’re using the UWTSD version of it or the public version. You should also show how you are complying with current UWTSD guidance/policy of the use of AI.

generative AI tools may be used solely for language editing, formatting support and proofreading assistance. AI tools will not be used to analyse participant data, generate findings or replace the independent academic judgement of the researcher.

AI Tools Used

· ChatGPT (OpenAI, United States) 

· Microsoft Copilot (if permitted by UWTSD policy) 

All use of AI tools will comply with UWTSD guidance regarding responsible and transparent use of artificial intelligence in academic research.





(this box should expand as you type)









SECTION J: Declaration

		

		The information which I have provided is correct and complete to the best of my knowledge. I have attempted to identify any risks and issues related to the research activity and acknowledge my obligations and the rights of the participants.



In submitting this application I hereby confirm that I undertake to ensure that the above named research activity will meet the University’s Research Ethics and Integrity Code of Practice which is published on the website: https://www.uwtsd.ac.uk/research/research-ethics/ 



		1

		Signature of applicant:

		Mohammad umer khan 

		Date:17/07/2026





		2

		Supervisor:

		Alireza Nazarian

		Date:17/07/2026



		3

		Signature:

		Alireza Nazarian

		







January 2026	7	Ethical Approval Form 
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The Impact of Artificial Intelligence Adoption on Employee Performance in the UK Banking Sector_ The Mediating Role of Employee Digital Competence (Responses).xlsx
Form Responses 1

		Timestamp		C1. I confirm that I am aged 18 years or above.		C2. I have read and understood the participant information provided above.		C3. I understand that my participation is voluntary.		C4. I understand that I may stop completing the questionnaire before submission without providing a reason.		C5. I understand that my responses will be treated confidentially and reported only in aggregated form.		C6. I voluntarily consent to participate in this research.		A1. Are you currently employed within the UK banking sector?		A2. Do you currently use or interact with AI-enabled or intelligent digital technologies as part of your work?		A3. What is your age group? 
		A5. What best describes your current job level?		A6. What is your principal functional area?		A7. How long have you worked within the banking sector?		A8. How frequently do you use AI-enabled technologies in your work?		A9. Have you received formal organisational training relating to AI-enabled technologies?		 [AIA1	AI-enabled technologies are regularly used in activities relevant to my work.]		 [AIA2	AI-enabled technologies are integrated into important work processes within my organisation.]		 [AIA3	Employees have adequate access to AI-enabled technologies required for their work.]		 [AIA4	AI-enabled systems are incorporated into relevant organisational decision-making processes.]		 [AIA5	The use of AI-enabled technologies is becoming increasingly embedded in normal working practices.]		 [AIA6	My organisation provides adequate technical support for employees using AI-enabled technologies.]		 [AIA7	My organisation provides adequate guidance for the appropriate use of AI-enabled technologies.]		 [AIA8	AI adoption is supported by organisational processes and resources within my workplace.]		 [EDC1	I can confidently use the digital technologies required to perform my job.]		 [EDC2	I can learn to use new digital technologies introduced into my workplace.]		 [EDC3	I can select appropriate digital tools for different work-related tasks.]		 [EDC4	I can resolve routine problems that arise when using workplace digital technologies.]		 [EDC5	I can adapt my working practices when new digital technologies are introduced.]		 [EDC6	I can critically evaluate information produced by digital systems before using it in my work.]		 [EDC7	I am confident in learning how to work with increasingly sophisticated digital systems.]		 [EDC8	I can recognise situations in which digital or AI-generated outputs require additional human judgement.]		 [EP1	I successfully achieve the principal objectives associated with my job.]		 [EP2	I complete my assigned work efficiently within required timeframes.]		 [EP3	The quality of my work consistently meets the standards expected in my role.]		 [EP4	I effectively prioritise my work to achieve required outcomes.]		 [EP5	I manage my responsibilities effectively so that planned tasks are completed.]		 [EP6	I maintain a high level of productivity when performing my core responsibilities.]		 [EP7	I am able to achieve expected work outcomes when job demands change.]		 [EP8	Overall, I perform my job responsibilities effectively.]		E1. Which AI-enabled technologies do you use or interact with as part of your work?
Select all that apply.		E2. Approximately how long have you used AI-enabled technologies in your work?		E3. How would you describe your overall exposure to AI-enabled technologies at work?

		8/27/2026 11:36:13		Yes		Yes		Yes		Yes		Yes		Yes		No		Yes		25–34		Middle Management		Customer Service		Less than 1 year		Never		No		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		Generative AI/AI assistants		Less than 6 months		Moderate

		8/27/2026 14:30:19		Yes		Yes		Yes		Yes		Yes		Yes		No		Yes		25–34		Other		Other		Less than 1 year		Rarely		Unsure		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		Unsure of the specific technology		Less than 6 months		Very low

		8/27/2026 14:54:48		Yes		Yes		Yes		Yes		Yes		Yes		No		Yes		25–34		Supervisory		Customer Service		1–3 years		Often		Yes		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		Chatbots or virtual assistants, Fraud-detection systems, Predictive analytics, AI-supported decision systems, Intelligent process automation, Other AI-enabled technologies		1–2 years		High

		8/27/2026 15:12:06		Yes		Yes		Yes		Yes		Yes		Yes		No		Yes		25–34		Other		Operations		Less than 1 year		Sometimes		Yes		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		Chatbots or virtual assistants		Less than 6 months		Moderate

		8/27/2026 15:38:35		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Middle Management		Retail Banking		1–3 years		Never		Yes		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		Generative AI/AI assistants		6–12 months		Moderate

		8/28/2026 2:07:32		Yes		Yes		Yes		Yes		Yes		Yes		No		Yes		25–34		Middle Management		Operations		Less than 1 year		Sometimes		Yes		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		Generative AI/AI assistants, Chatbots or virtual assistants, Fraud-detection systems, Predictive analytics, AI-supported decision systems, Intelligent process automation		6–12 months		High

		9/7/2026 4:10:07		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Other		4–6 years		Sometimes		Yes		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		2 = Disagree		Fraud-detection systems, Other AI-enabled technologies		More than 2 years		Moderate

		9/7/2026 4:11:40		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Finance/Accounting		4–6 years		Sometimes		No		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		1 = Strongly Disagree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		2 = Disagree		2 = Disagree		2 = Disagree		2 = Disagree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		2 = Disagree		Chatbots or virtual assistants, Predictive analytics, AI-supported decision systems, Intelligent process automation		1–2 years		Very low

		9/7/2026 4:13:33		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Professional/Technical		Operations		7–10 years		Very often		Unsure		5 = Strongly Agree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		Fraud-detection systems, Other AI-enabled technologies		6–12 months		Very low

		9/7/2026 4:15:18		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Customer Service		4–6 years		Sometimes		Yes		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		Chatbots or virtual assistants, Predictive analytics, AI-supported decision systems, Other AI-enabled technologies		6–12 months		Moderate

		9/7/2026 4:16:52		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Senior Management		Finance/Accounting		More than 10 years		Often		No		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		Chatbots or virtual assistants, Fraud-detection systems, Predictive analytics, AI-supported decision systems		More than 2 years		High

		9/7/2026 4:18:35		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Human Resources		1–3 years		Often		Unsure		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		Predictive analytics, Credit/risk assessment systems, AI-supported decision systems		1–2 years		High

		9/7/2026 4:19:56		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Senior Management		Operations		7–10 years		Sometimes		No		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		Chatbots or virtual assistants, Predictive analytics, Intelligent process automation		1–2 years		Moderate

		9/7/2026 4:21:34		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Professional/Technical		Commercial/Corporate Banking		Less than 1 year		Rarely		Unsure		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		1 = Strongly Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		3 = Neither Agree nor Disagree		Fraud-detection systems, Predictive analytics, AI-supported decision systems		Less than 6 months		Moderate

		9/7/2026 4:23:03		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Middle Management		Human Resources		4–6 years		Often		Unsure		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		Fraud-detection systems, Credit/risk assessment systems, Intelligent process automation, Other AI-enabled technologies		1–2 years		Very high

		9/7/2026 4:24:59		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Middle Management		Finance/Accounting		1–3 years		Often		Unsure		5 = Strongly Agree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		Predictive analytics, AI-supported decision systems		1–2 years		Very high

		9/7/2026 4:26:45		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Middle Management		Finance/Accounting		7–10 years		Very often		No		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		Fraud-detection systems, Predictive analytics, Credit/risk assessment systems		6–12 months		Very high

		9/7/2026 4:28:38		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Middle Management		Commercial/Corporate Banking		4–6 years		Rarely		No		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		5 = Strongly Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		AI-supported decision systems, Intelligent process automation		1–2 years		Moderate

		9/7/2026 4:30:24		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Supervisory		Information Technology/Digital		1–3 years		Rarely		Yes		2 = Disagree		2 = Disagree		1 = Strongly Disagree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		1 = Strongly Disagree		1 = Strongly Disagree		Chatbots or virtual assistants, Fraud-detection systems, Predictive analytics, Credit/risk assessment systems		6–12 months		Moderate

		9/7/2026 4:32:04		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Other		Commercial/Corporate Banking		More than 10 years		Sometimes		Unsure		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		Generative AI/AI assistants, Chatbots or virtual assistants, Fraud-detection systems, Other AI-enabled technologies		1–2 years		Moderate

		9/7/2026 4:33:28		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Professional/Technical		Retail Banking		1–3 years		Very often		Unsure		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		Fraud-detection systems, Credit/risk assessment systems, AI-supported decision systems		1–2 years		Low

		9/7/2026 4:34:42		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Information Technology/Digital		1–3 years		Often		No		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		Chatbots or virtual assistants, Credit/risk assessment systems, AI-supported decision systems		1–2 years		High

		9/7/2026 4:35:57		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Operational/Administrative		Information Technology/Digital		4–6 years		Often		Unsure		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		Predictive analytics, AI-supported decision systems, Intelligent process automation		1–2 years		Moderate

		9/7/2026 4:37:12		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Senior Management		Commercial/Corporate Banking		7–10 years		Often		Yes		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		2 = Disagree		1 = Strongly Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		Chatbots or virtual assistants, Fraud-detection systems, Credit/risk assessment systems		1–2 years		Very low

		9/7/2026 4:38:35		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Operations		1–3 years		Rarely		Unsure		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		Chatbots or virtual assistants, Predictive analytics, Credit/risk assessment systems		1–2 years		Moderate

		9/7/2026 4:39:52		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Middle Management		Information Technology/Digital		7–10 years		Sometimes		Unsure		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		Fraud-detection systems, AI-supported decision systems, Other AI-enabled technologies		6–12 months		Moderate

		9/7/2026 4:41:18		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Risk/Compliance		4–6 years		Sometimes		Unsure		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		Generative AI/AI assistants, Chatbots or virtual assistants, Fraud-detection systems, Unsure of the specific technology		6–12 months		Moderate

		9/7/2026 4:42:36		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Risk/Compliance		1–3 years		Sometimes		No		1 = Strongly Disagree		2 = Disagree		4 = Agree		2 = Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		2 = Disagree		1 = Strongly Disagree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		2 = Disagree		Generative AI/AI assistants, Credit/risk assessment systems, Intelligent process automation		1–2 years		Low

		9/7/2026 5:51:51		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Commercial/Corporate Banking		4–6 years		Sometimes		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Predictive analytics, Intelligent process automation		6–12 months		Moderate

		9/7/2026 5:53:14		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Senior Management		Finance/Accounting		7–10 years		Very often		Yes		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Generative AI/AI assistants, Fraud-detection systems, Credit/risk assessment systems, Other AI-enabled technologies		More than 2 years		Very high

		9/7/2026 5:54:59		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Middle Management		Information Technology/Digital		7–10 years		Often		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		Generative AI/AI assistants, Intelligent process automation, Other AI-enabled technologies		More than 2 years		Very high

		9/7/2026 5:56:03		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Supervisory		Operations		4–6 years		Often		Yes		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, Fraud-detection systems, Other AI-enabled technologies		More than 2 years		High

		9/7/2026 14:37:43		Yes		Yes		Yes		Yes		Yes		Yes		No		Yes		45–54		Supervisory		Risk/Compliance		4–6 years		Sometimes		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, AI-supported decision systems, Intelligent process automation, Unsure of the specific technology		1–2 years		High

		9/7/2026 22:39:48		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Commercial/Corporate Banking		7–10 years		Very often		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Fraud-detection systems, AI-supported decision systems		1–2 years		High

		9/7/2026 22:41:49		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Risk/Compliance		1–3 years		Sometimes		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		Credit/risk assessment systems		6–12 months		Moderate

		9/7/2026 22:44:25		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Senior Management		Customer Service		7–10 years		Sometimes		Yes		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		AI-supported decision systems		6–12 months		Low

		9/7/2026 22:47:59		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Customer Service		7–10 years		Sometimes		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		Intelligent process automation		More than 2 years		High

		9/7/2026 22:51:49		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		18–24		Middle Management		Retail Banking		4–6 years		Sometimes		Yes		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		Fraud-detection systems, AI-supported decision systems, Intelligent process automation		6–12 months		Moderate

		9/8/2026 0:59:12		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Customer Service		4–6 years		Sometimes		Yes		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		Generative AI/AI assistants, Fraud-detection systems, Other AI-enabled technologies		1–2 years		Very high

		9/8/2026 1:00:08		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Operational/Administrative		Information Technology/Digital		7–10 years		Very often		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Generative AI/AI assistants, Predictive analytics, Other AI-enabled technologies		1–2 years		High

		9/8/2026 1:02:08		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Risk/Compliance		4–6 years		Often		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		Generative AI/AI assistants, Credit/risk assessment systems, Unsure of the specific technology		1–2 years		High

		9/8/2026 1:04:05		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Middle Management		Information Technology/Digital		7–10 years		Often		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		Generative AI/AI assistants, Predictive analytics, Intelligent process automation		1–2 years		High

		9/8/2026 1:05:14		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Customer Service		4–6 years		Rarely		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		Fraud-detection systems, AI-supported decision systems, Unsure of the specific technology		More than 2 years		Very high

		9/8/2026 1:06:23		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Human Resources		4–6 years		Very often		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		AI-supported decision systems, Intelligent process automation, Other AI-enabled technologies, Unsure of the specific technology		More than 2 years		High

		9/8/2026 1:07:25		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Senior Management		Customer Service		4–6 years		Very often		Yes		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		Credit/risk assessment systems, Intelligent process automation, Unsure of the specific technology		1–2 years		Moderate

		9/8/2026 1:08:32		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Senior Management		Finance/Accounting		More than 10 years		Rarely		Yes		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		Predictive analytics, Other AI-enabled technologies, Unsure of the specific technology		1–2 years		Moderate

		9/8/2026 1:09:33		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Professional/Technical		Information Technology/Digital		4–6 years		Rarely		Yes		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		Predictive analytics, AI-supported decision systems, Unsure of the specific technology		6–12 months		Low

		9/8/2026 1:10:35		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Human Resources		1–3 years		Sometimes		Yes		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		Generative AI/AI assistants, Predictive analytics, Intelligent process automation		6–12 months		High

		9/8/2026 1:11:38		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Risk/Compliance		1–3 years		Rarely		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		Fraud-detection systems, Intelligent process automation, Unsure of the specific technology		6–12 months		Moderate

		9/8/2026 1:20:57		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Professional/Technical		Information Technology/Digital		4–6 years		Rarely		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Chatbots or virtual assistants, Intelligent process automation, Unsure of the specific technology		1–2 years		High

		9/8/2026 1:22:53		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Retail Banking		4–6 years		Rarely		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		Generative AI/AI assistants, Credit/risk assessment systems, Intelligent process automation		1–2 years		Moderate

		9/8/2026 1:23:54		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Professional/Technical		Commercial/Corporate Banking		1–3 years		Rarely		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, Predictive analytics, Intelligent process automation		Less than 6 months		Moderate

		9/8/2026 1:24:51		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Customer Service		1–3 years		Rarely		Yes		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		Chatbots or virtual assistants, AI-supported decision systems, Unsure of the specific technology		6–12 months		Moderate

		9/8/2026 1:25:48		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Operations		1–3 years		Rarely		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Fraud-detection systems, Unsure of the specific technology		6–12 months		High

		9/8/2026 1:26:57		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Operations		1–3 years		Very often		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Generative AI/AI assistants, Credit/risk assessment systems, Unsure of the specific technology		6–12 months		Very high

		9/8/2026 1:27:59		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Risk/Compliance		4–6 years		Rarely		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		Predictive analytics, Credit/risk assessment systems, AI-supported decision systems		6–12 months		Very high

		9/8/2026 1:29:11		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Information Technology/Digital		4–6 years		Sometimes		Yes		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, AI-supported decision systems, Unsure of the specific technology		6–12 months		High

		9/8/2026 1:30:10		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Senior Management		Commercial/Corporate Banking		4–6 years		Often		Yes		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, Fraud-detection systems, Intelligent process automation		6–12 months		Very high

		9/8/2026 1:31:07		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Risk/Compliance		4–6 years		Sometimes		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		Generative AI/AI assistants, Fraud-detection systems, Credit/risk assessment systems, Unsure of the specific technology		1–2 years		Very high

		9/8/2026 1:32:09		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Senior Management		Finance/Accounting		4–6 years		Often		Yes		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Predictive analytics, Other AI-enabled technologies, Unsure of the specific technology		1–2 years		Very high

		9/8/2026 1:33:13		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Information Technology/Digital		4–6 years		Very often		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		Chatbots or virtual assistants, Predictive analytics, Intelligent process automation		More than 2 years		Very high

		9/8/2026 3:02:14		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Commercial/Corporate Banking		1–3 years		Often		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Predictive analytics, AI-supported decision systems		6–12 months		Moderate

		9/8/2026 3:03:17		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Risk/Compliance		4–6 years		Rarely		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		Fraud-detection systems, Intelligent process automation		6–12 months		High

		9/8/2026 3:04:24		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Professional/Technical		Risk/Compliance		4–6 years		Sometimes		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Fraud-detection systems, AI-supported decision systems, Unsure of the specific technology		1–2 years		Very high

		9/8/2026 3:05:56		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Senior Management		Operations		4–6 years		Sometimes		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, Credit/risk assessment systems, Other AI-enabled technologies		1–2 years		Very high

		9/8/2026 3:06:58		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Risk/Compliance		4–6 years		Rarely		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, Chatbots or virtual assistants, Predictive analytics, Unsure of the specific technology		6–12 months		High

		9/8/2026 3:07:53		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Professional/Technical		Retail Banking		1–3 years		Rarely		Yes		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, AI-supported decision systems, Unsure of the specific technology		6–12 months		Very high

		9/8/2026 3:08:54		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Professional/Technical		Operations		1–3 years		Sometimes		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		Fraud-detection systems, Intelligent process automation, Unsure of the specific technology		6–12 months		Moderate

		9/8/2026 3:09:59		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Commercial/Corporate Banking		7–10 years		Often		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		Generative AI/AI assistants, AI-supported decision systems, Unsure of the specific technology		1–2 years		Moderate

		9/8/2026 3:10:58		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Operations		4–6 years		Often		Yes		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, Credit/risk assessment systems, Intelligent process automation		6–12 months		Moderate

		9/8/2026 3:11:54		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Middle Management		Customer Service		4–6 years		Often		Yes		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		Chatbots or virtual assistants, Predictive analytics, Other AI-enabled technologies		6–12 months		Very high

		9/8/2026 3:12:50		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Senior Management		Customer Service		4–6 years		Rarely		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Credit/risk assessment systems, AI-supported decision systems, Other AI-enabled technologies, Unsure of the specific technology		6–12 months		Very high

		9/8/2026 3:13:48		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Operational/Administrative		Retail Banking		4–6 years		Very often		No		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		Generative AI/AI assistants, Chatbots or virtual assistants, AI-supported decision systems, Unsure of the specific technology		Less than 6 months		Moderate

		9/8/2026 3:14:45		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Professional/Technical		Commercial/Corporate Banking		1–3 years		Often		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, Credit/risk assessment systems, Other AI-enabled technologies		6–12 months		Low

		9/8/2026 4:52:56		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Risk/Compliance		1–3 years		Rarely		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		Generative AI/AI assistants, Predictive analytics, Intelligent process automation		6–12 months		Moderate

		9/8/2026 4:54:21		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Professional/Technical		Finance/Accounting		4–6 years		Rarely		Yes		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		Chatbots or virtual assistants, Credit/risk assessment systems, Unsure of the specific technology		1–2 years		High

		9/8/2026 10:04:38		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Operations		4–6 years		Sometimes		Unsure		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		Generative AI/AI assistants, Chatbots or virtual assistants, Fraud-detection systems, Intelligent process automation		1–2 years		Moderate

		9/8/2026 10:06:19		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Senior Management		Customer Service		1–3 years		Rarely		Unsure		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		Fraud-detection systems, Credit/risk assessment systems, Unsure of the specific technology		More than 2 years		High

		9/8/2026 10:07:49		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Operations		1–3 years		Very often		No		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		Chatbots or virtual assistants, Predictive analytics, Other AI-enabled technologies		1–2 years		Low

		9/8/2026 10:09:29		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Middle Management		Human Resources		4–6 years		Very often		Yes		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		Chatbots or virtual assistants, AI-supported decision systems, Unsure of the specific technology		1–2 years		Low

		9/8/2026 10:10:41		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Prefer not to say		Middle Management		Operations		7–10 years		Often		Unsure		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		Predictive analytics, Other AI-enabled technologies		1–2 years		Moderate

		9/8/2026 10:11:59		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Prefer not to say		Supervisory		Finance/Accounting		4–6 years		Sometimes		Unsure		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		4 = Agree		Generative AI/AI assistants, Fraud-detection systems, Predictive analytics, Intelligent process automation		1–2 years		Moderate

		9/8/2026 10:13:43		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Senior Management		Finance/Accounting		7–10 years		Very often		No		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		Predictive analytics, Intelligent process automation		1–2 years		Low

		9/8/2026 10:17:48		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		55 or above		Supervisory		Risk/Compliance		More than 10 years		Rarely		Unsure		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		Fraud-detection systems, Predictive analytics, AI-supported decision systems		1–2 years		Moderate

		9/8/2026 10:19:01		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Customer Service		4–6 years		Rarely		No		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		Generative AI/AI assistants, Predictive analytics, AI-supported decision systems		6–12 months		Low

		9/8/2026 10:20:28		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Professional/Technical		Human Resources		1–3 years		Rarely		Unsure		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		Fraud-detection systems, AI-supported decision systems, Intelligent process automation		6–12 months		Moderate

		9/8/2026 10:21:42		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Human Resources		1–3 years		Sometimes		Yes		4 = Agree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		Chatbots or virtual assistants, Predictive analytics, AI-supported decision systems		1–2 years		Moderate

		9/8/2026 10:23:10		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Operations		4–6 years		Sometimes		Unsure		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		Fraud-detection systems, Predictive analytics, Credit/risk assessment systems		1–2 years		Moderate

		9/8/2026 10:24:36		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Retail Banking		4–6 years		Sometimes		Unsure		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		Predictive analytics, AI-supported decision systems, Intelligent process automation		6–12 months		Moderate

		9/8/2026 10:26:47		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Middle Management		Risk/Compliance		4–6 years		Often		No		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		Predictive analytics, Intelligent process automation		6–12 months		Moderate

		9/8/2026 10:29:03		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Middle Management		Human Resources		4–6 years		Sometimes		Unsure		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		Fraud-detection systems, AI-supported decision systems		1–2 years		Moderate

		9/8/2026 10:30:23		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Information Technology/Digital		4–6 years		Sometimes		Unsure		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		Chatbots or virtual assistants, Fraud-detection systems, Predictive analytics, Credit/risk assessment systems		6–12 months		Low

		9/8/2026 10:32:38		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Middle Management		Operations		7–10 years		Sometimes		Unsure		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		Fraud-detection systems, Credit/risk assessment systems, AI-supported decision systems		1–2 years		Moderate

		9/8/2026 10:33:57		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		18–24		Operational/Administrative		Human Resources		1–3 years		Sometimes		No		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		Predictive analytics, Credit/risk assessment systems, Intelligent process automation		6–12 months		Low

		9/8/2026 10:35:04		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Risk/Compliance		1–3 years		Sometimes		Unsure		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		Chatbots or virtual assistants, Predictive analytics, AI-supported decision systems		6–12 months		Very high

		9/8/2026 10:36:15		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Professional/Technical		Information Technology/Digital		4–6 years		Rarely		No		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		2 = Disagree		3 = Neither Agree nor Disagree		Chatbots or virtual assistants, Credit/risk assessment systems, Intelligent process automation, Unsure of the specific technology		1–2 years		Moderate

		9/8/2026 10:37:28		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Supervisory		Customer Service		More than 10 years		Sometimes		No		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		Fraud-detection systems, Credit/risk assessment systems, Intelligent process automation		1–2 years		High

		9/8/2026 10:38:35		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Senior Management		Human Resources		4–6 years		Sometimes		Yes		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		Predictive analytics, AI-supported decision systems, Intelligent process automation		6–12 months		Moderate

		9/8/2026 10:39:52		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Middle Management		Information Technology/Digital		4–6 years		Never		No		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		Predictive analytics, Intelligent process automation		1–2 years		Moderate

		9/8/2026 11:42:25		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		35–44		Middle Management		Information Technology/Digital		4–6 years		Sometimes		Yes		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		4 = Agree		3 = Neither Agree nor Disagree		5 = Strongly Agree		4 = Agree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		Chatbots or virtual assistants, Intelligent process automation, Other AI-enabled technologies		6–12 months		Moderate

		9/8/2026 11:43:26		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Operational/Administrative		Risk/Compliance		1–3 years		Sometimes		Unsure		4 = Agree		3 = Neither Agree nor Disagree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		Chatbots or virtual assistants, Credit/risk assessment systems, Intelligent process automation		6–12 months		Moderate

		9/8/2026 11:44:29		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		45–54		Middle Management		Customer Service		4–6 years		Often		No		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		2 = Disagree		1 = Strongly Disagree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		2 = Disagree		1 = Strongly Disagree		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		1 = Strongly Disagree		2 = Disagree		1 = Strongly Disagree		Chatbots or virtual assistants, Predictive analytics, Intelligent process automation		6–12 months		Moderate

		9/8/2026 11:45:40		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Prefer not to say		Senior Management		Information Technology/Digital		More than 10 years		Often		No		3 = Neither Agree nor Disagree		2 = Disagree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		1 = Strongly Disagree		4 = Agree		4 = Agree		4 = Agree		2 = Disagree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		4 = Agree		2 = Disagree		5 = Strongly Agree		4 = Agree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		4 = Agree		2 = Disagree		Generative AI/AI assistants, Predictive analytics, AI-supported decision systems, Unsure of the specific technology		6–12 months		High

		9/8/2026 11:47:08		Yes		Yes		Yes		Yes		Yes		Yes		Yes		Yes		25–34		Senior Management		Commercial/Corporate Banking		1–3 years		Very often		Unsure		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		2 = Disagree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		3 = Neither Agree nor Disagree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		4 = Agree		4 = Agree		4 = Agree		4 = Agree		5 = Strongly Agree		3 = Neither Agree nor Disagree		2 = Disagree		4 = Agree		4 = Agree		4 = Agree		Chatbots or virtual assistants, AI-supported decision systems, Other AI-enabled technologies		1–2 years		Moderate
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EXECUTE.


DATASET NAME DataSet1 WINDOW=FRONT.


FREQUENCIES VARIABLES=AIExposure AIUseDuration AITraining AgeGroup JobLevel F


unction BankTenure AIUseFreq


  /BARCHART FREQ


  /ORDER=ANALYSIS.


Frequencies


[DataSet1] 


Statistics


AIExposure
AIUseDuratio


n AITraining AgeGroup JobLevel Function


N Valid


Missing


98 98 98 98 98 98


0 0 0 0 0 0


Statistics


BankTenure AIUseFreq


N Valid


Missing


98 98


0 0


Frequency Table


AIExposure


Frequency Percent Valid Percent
Cumulative 


Percent


Valid 1.0


2.0


3.0


4.0


5.0


Total


3 3.1 3.1 3.1


11 11.2 11.2 14.3


45 45.9 45.9 60.2


20 20.4 20.4 80.6


19 19.4 19.4 100.0


98 100.0 100.0
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AIUseDuration


Frequency Percent Valid Percent
Cumulative 


Percent


Valid 1.0


2.0


3.0


4.0


Total


3 3.1 3.1 3.1


42 42.9 42.9 45.9


43 43.9 43.9 89.8


10 10.2 10.2 100.0


98 100.0 100.0


AITraining


Frequency Percent Valid Percent
Cumulative 


Percent


Valid .0


1.0


2.0


Total


18 18.4 18.4 18.4


55 56.1 56.1 74.5


25 25.5 25.5 100.0


98 100.0 100.0


AgeGroup


Frequency Percent Valid Percent
Cumulative 


Percent


Valid 1.0


2.0


3.0


4.0


5.0


6.0


Total


2 2.0 2.0 2.0


16 16.3 16.3 18.4


46 46.9 46.9 65.3


21 21.4 21.4 86.7


10 10.2 10.2 96.9


3 3.1 3.1 100.0


98 100.0 100.0


JobLevel


Frequency Percent Valid Percent
Cumulative 


Percent


Valid 1.0


2.0


3.0


4.0


5.0


6.0


Total


5 5.1 5.1 5.1


27 27.6 27.6 32.7


22 22.4 22.4 55.1


27 27.6 27.6 82.7


16 16.3 16.3 99.0


1 1.0 1.0 100.0


98 100.0 100.0
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Function


Frequency Percent Valid Percent
Cumulative 


Percent


Valid 1.0


2.0


3.0


4.0


5.0


6.0


7.0


8.0


9.0


Total


7 7.1 7.1 7.1


12 12.2 12.2 19.4


14 14.3 14.3 33.7


13 13.3 13.3 46.9


10 10.2 10.2 57.1


15 15.3 15.3 72.4


10 10.2 10.2 82.7


16 16.3 16.3 99.0


1 1.0 1.0 100.0


98 100.0 100.0


BankTenure


Frequency Percent Valid Percent
Cumulative 


Percent


Valid 1.0


2.0


3.0


4.0


5.0


Total


1 1.0 1.0 1.0


28 28.6 28.6 29.6


47 48.0 48.0 77.6


16 16.3 16.3 93.9


6 6.1 6.1 100.0


98 100.0 100.0


AIUseFreq


Frequency Percent Valid Percent
Cumulative 


Percent


Valid 1.0


2.0


3.0


4.0


5.0


Total


2 2.0 2.0 2.0


25 25.5 25.5 27.6


34 34.7 34.7 62.2


22 22.4 22.4 84.7


15 15.3 15.3 100.0


98 100.0 100.0


Bar Chart
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Function
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DESCRIPTIVES VARIABLES=AIA_Mean EDC_Mean EP_Mean


  /STATISTICS=MEAN STDDEV MIN MAX.


Descriptives


[DataSet1] 


Descriptive Statistics


N Minimum Maximum Mean Std. Deviation


AIA_Mean


EDC_Mean


EP_Mean


Valid N (listwise)


98 2.000 5.000 4.07653 .645572


98 1.750 5.000 4.01020 .721019


98 1.750 5.000 3.96429 .746987


98


RELIABILITY


  /VARIABLES=AIA1 AIA2 AIA3 AIA4 AIA5 AIA6 AIA7 AIA8


  /SCALE('ALL VARIABLES') ALL
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  /MODEL=ALPHA


  /STATISTICS=DESCRIPTIVE SCALE


  /SUMMARY=TOTAL.


Reliability


[DataSet1] 


Scale: ALL VARIABLES


Case Processing Summary


N %


Cases Valid


Excludeda


Total


98 100.0


0 .0


98 100.0


Listwise deletion based on all variables in the procedure.a. 


Reliability Statistics


Cronbach's 
Alpha N of Items


.871 8


Item Statistics


Mean Std. Deviation N


AIA1


AIA2


AIA3


AIA4


AIA5


AIA6


AIA7


AIA8


4.184 .8292 98


4.000 .8615 98


4.000 .9194 98


4.214 .8764 98


4.000 .9739 98


4.031 .9133 98


4.133 .8691 98


4.051 .8778 98
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Item-Total Statistics


Scale Mean if 
Item Deleted


Scale 
Variance if 


Item Deleted


Corrected 
Item-Total 
Correlation


Cronbach's 
Alpha if Item 


Deleted


AIA1


AIA2


AIA3


AIA4


AIA5


AIA6


AIA7


AIA8


28.429 20.990 .658 .852


28.612 20.838 .647 .853


28.612 21.477 .511 .868


28.398 20.984 .613 .856


28.612 20.199 .631 .855


28.582 20.225 .683 .848


28.480 21.613 .533 .865


28.561 20.063 .743 .842


Scale Statistics


Mean Variance Std. Deviation N of Items


32.612 26.673 5.1646 8


RELIABILITY


  /VARIABLES=EDC1 EDC2 EDC3 EDC4 EDC5 EDC6 EDC7 EDC8


  /SCALE('ALL VARIABLES') ALL


  /MODEL=ALPHA


  /STATISTICS=DESCRIPTIVE SCALE


  /SUMMARY=TOTAL.


Reliability


[DataSet1] 


Scale: ALL VARIABLES


Case Processing Summary


N %


Cases Valid


Excludeda


Total


98 100.0


0 .0


98 100.0


Listwise deletion based on all variables in the procedure.a. 


Reliability Statistics


Cronbach's 
Alpha N of Items


.905 8
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Item Statistics


Mean Std. Deviation N


EDC1


EDC2


EDC3


EDC4


EDC5


EDC6


EDC7


EDC8


4.204 .8118 98


3.878 .9872 98


4.041 .8725 98


3.959 .9516 98


3.990 .9250 98


3.980 .9523 98


3.939 1.0033 98


4.092 .9315 98


Item-Total Statistics


Scale Mean if 
Item Deleted


Scale 
Variance if 


Item Deleted


Corrected 
Item-Total 
Correlation


Cronbach's 
Alpha if Item 


Deleted


EDC1


EDC2


EDC3


EDC4


EDC5


EDC6


EDC7


EDC8


27.878 26.047 .792 .885


28.204 25.195 .717 .891


28.041 26.823 .629 .898


28.122 26.191 .634 .898


28.092 25.940 .687 .893


28.102 25.453 .719 .890


28.143 25.216 .700 .892


27.990 25.701 .710 .891


Scale Statistics


Mean Variance Std. Deviation N of Items


32.082 33.272 5.7682 8


RELIABILITY


  /VARIABLES=EP1 EP2 EP3 EP4 EP5 EP6 EP7 EP8


  /SCALE('ALL VARIABLES') ALL


  /MODEL=ALPHA


  /STATISTICS=DESCRIPTIVE SCALE


  /SUMMARY=TOTAL.


Reliability


[DataSet1] 


Scale: ALL VARIABLES
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Case Processing Summary


N %


Cases Valid


Excludeda


Total


98 100.0


0 .0


98 100.0


Listwise deletion based on all variables in the procedure.a. 


Reliability Statistics


Cronbach's 
Alpha N of Items


.911 8


Item Statistics


Mean Std. Deviation N


EP1


EP2


EP3


EP4


EP5


EP6


EP7


EP8


4.133 .8077 98


3.827 .9951 98


4.020 .9192 98


3.969 1.0098 98


3.857 1.0552 98


3.959 .8725 98


4.010 .9999 98


3.939 .9285 98


Item-Total Statistics


Scale Mean if 
Item Deleted


Scale 
Variance if 


Item Deleted


Corrected 
Item-Total 
Correlation


Cronbach's 
Alpha if Item 


Deleted


EP1


EP2


EP3


EP4


EP5


EP6


EP7


EP8


27.582 29.009 .695 .902


27.888 26.864 .762 .895


27.694 28.916 .602 .908


27.745 26.872 .747 .896


27.857 27.093 .683 .903


27.755 28.579 .683 .902


27.704 26.664 .779 .893


27.776 27.516 .753 .896


Scale Statistics


Mean Variance Std. Deviation N of Items


31.714 35.711 5.9759 8


EXAMINE VARIABLES=AIA_Mean EDC_Mean EP_Mean


  /PLOT BOXPLOT STEMLEAF
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  /COMPARE GROUPS


  /STATISTICS DESCRIPTIVES


  /CINTERVAL 95


  /MISSING LISTWISE


  /NOTOTAL.


Explore


[DataSet1] 


Case Processing Summary


Cases


Valid Missing Total


N Percent N Percent N Percent


AIA_Mean


EDC_Mean


EP_Mean


98 100.0% 0 0.0% 98 100.0%


98 100.0% 0 0.0% 98 100.0%


98 100.0% 0 0.0% 98 100.0%


Descriptives


Statistic Std. Error


AIA_Mean Mean


95% Confidence Interval 
for Mean


Lower Bound


Upper Bound


5% Trimmed Mean


Median


Variance


Std. Deviation


Minimum


Maximum


Range


Interquartile Range


Skewness


Kurtosis


EDC_Mean Mean


95% Confidence Interval 
for Mean


Lower Bound


Upper Bound


5% Trimmed Mean


Median


Variance


Std. Deviation


Minimum


Maximum


Range


4.07653 .065213


3.94710


4.20596


4.12968


4.12500


.417


.645572


2.000


5.000


3.000


.656


-1.269 .244


1.894 .483


4.01020 .072834


3.86565


4.15476


4.06987


4.12500


.520


.721019


1.750


5.000


3.250
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Descriptives


Statistic Std. Error


Interquartile Range


Skewness


Kurtosis


EP_Mean Mean


95% Confidence Interval 
for Mean


Lower Bound


Upper Bound


5% Trimmed Mean


Median


Variance


Std. Deviation


Minimum


Maximum


Range


Interquartile Range


Skewness


Kurtosis


.625


-1.504 .244


2.204 .483


3.96429 .075457


3.81452


4.11405


4.03260


4.12500


.558


.746987


1.750


5.000


3.250


.750


-1.493 .244


1.889 .483


AIA_Mean


AIA_Mean Stem-and-Leaf Plot


 Frequency    Stem &  Leaf


     7.00 Extremes    (=<2.9)


     5.00        3 .  12333


    18.00        3 .  555556777777888888


    27.00        4 .  000000000000000011111122233


    35.00        4 .  55555555555555555555555555666666788


     6.00        5 .  000000


 Stem width:     1.000


 Each leaf:       1 case(s)
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AIA_Mean


5.0


4.5


4.0


3.5


3.0


2.5


2.0


97


90


3


83
1423


96


EDC_Mean


EDC_Mean Stem-and-Leaf Plot


 Frequency    Stem &  Leaf


     8.00 Extremes    (=<2.9)


     7.00        3 .  0012233


    17.00        3 .  56667777888888888


    29.00        4 .  00000000000000111111112223333


    32.00        4 .  55555555555555555555555666666667


     5.00        5 .  00000


 Stem width:     1.000


 Each leaf:       1 case(s)
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EDC_Mean


5


4


3


2


1


14
9


90


11
96


2383


EP_Mean


EP_Mean Stem-and-Leaf Plot


 Frequency    Stem &  Leaf


     7.00 Extremes    (=<2.1)


     3.00        2 .  888


     7.00        3 .  0112223


    15.00        3 .  555567777788888


    30.00        4 .  000000000000000011111222333333


    35.00        4 .  55555555555555555555555666666667788


     1.00        5 .  0


 Stem width:     1.000
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 Each leaf:       1 case(s)


EP_Mean


5


4


3


2


1


9 23


3


19
1496


CORRELATIONS


  /VARIABLES=AIA_Mean EDC_Mean EP_Mean


  /PRINT=TWOTAIL NOSIG


  /MISSING=PAIRWISE.


Correlations


[DataSet1] 


Page 20







Correlations


AIA_Mean EDC_Mean EP_Mean


AIA_Mean Pearson Correlation


Sig. (2-tailed)


N


EDC_Mean Pearson Correlation


Sig. (2-tailed)


N


EP_Mean Pearson Correlation


Sig. (2-tailed)


N


1 .817** .849**


.000 .000


98 98 98


.817** 1 .896**


.000 .000


98 98 98


.849** .896** 1


.000 .000


98 98 98


Correlation is significant at the 0.01 level (2-tailed).**. 


REGRESSION


  /MISSING LISTWISE


  /STATISTICS COEFF OUTS R ANOVA


  /CRITERIA=PIN(.05) POUT(.10)


  /NOORIGIN


  /DEPENDENT EP_Mean


  /METHOD=ENTER AIA_Mean.


Regression


[DataSet1] 


Variables Entered/Removeda


Model


Variables 
Entered


Variables 
Removed Method


1 AIA_Meanb . Enter


Dependent Variable: EP_Meana. 


All requested variables entered.b. 


Model Summary


Model R R Square
Adjusted R 


Square
Std. Error of 
the Estimate


1 .849a .721 .718 .396558


Predictors: (Constant), AIA_Meana. 
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ANOVAa


Model


Sum of 
Squares df Mean Square F Sig.


1 Regression


Residual


Total


39.028 1 39.028 248.180 .000b


15.097 96 .157


54.125 97


Dependent Variable: EP_Meana. 


Predictors: (Constant), AIA_Meanb. 


Coefficientsa


Model


Unstandardized Coefficients
Standardized 
Coefficients


t Sig.B Std. Error Beta


1 (Constant)


AIA_Mean


-.041 .257 -.160 .873


.983 .062 .849 15.754 .000


Dependent Variable: EP_Meana. 


REGRESSION


  /MISSING LISTWISE


  /STATISTICS COEFF OUTS R ANOVA


  /CRITERIA=PIN(.05) POUT(.10)


  /NOORIGIN


  /DEPENDENT EP_Mean


  /METHOD=ENTER EDC_Mean.


Regression


[DataSet1] 


Variables Entered/Removeda


Model


Variables 
Entered


Variables 
Removed Method


1 EDC_Meanb . Enter


Dependent Variable: EP_Meana. 


All requested variables entered.b. 


Model Summary


Model R R Square
Adjusted R 


Square
Std. Error of 
the Estimate


1 .896a .804 .802 .332774


Predictors: (Constant), EDC_Meana. 
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ANOVAa


Model


Sum of 
Squares df Mean Square F Sig.


1 Regression


Residual


Total


43.494 1 43.494 392.765 .000b


10.631 96 .111


54.125 97


Dependent Variable: EP_Meana. 


Predictors: (Constant), EDC_Meanb. 


Coefficientsa


Model


Unstandardized Coefficients
Standardized 
Coefficients


t Sig.B Std. Error Beta


1 (Constant)


EDC_Mean


.240 .191 1.257 .212


.929 .047 .896 19.818 .000


Dependent Variable: EP_Meana. 
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Participant Consent


C1. I confirm that I am aged 18 years or above.


104 responses


C2. I have read and understood the participant information provided
above.


104 responses
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C3. I understand that my participation is voluntary.


104 responses


C4. I understand that I may stop completing the questionnaire
before submission without providing a reason.


104 responses


C5. I understand that my responses will be treated confidentially
and reported only in aggregated form.


104 responses


Copy chart


Yes
No


100%


Copy chart


Yes
No


100%
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Yes
No


100%
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C6. I voluntarily consent to participate in this research.


104 responses


Section A: Eligibility and Professional Profile


A1. Are you currently employed within the UK banking sector?


104 responses


A2. Do you currently use or interact with AI-enabled or intelligent
digital technologies as part of your work?


104 responses


Copy chart


Yes
No


100%


Copy chart


Yes
No
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No


100%
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A3. What is your age group? 


104 responses


A5. What best describes your current job level?


104 responses


A6. What is your principal functional area?


104 responses


Copy chart


18–24
25–34
35–44
45–54
55 or above
Prefer not to say


20.2%


9.6%


21.2%


44.2%


Copy chart


Operational/Administrative
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Supervisory
Middle Management
Senior Management
Other


15.4%
27.9%


23.1%
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Copy chart


Retail Banking
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Risk/Compliance
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Information Technology/Digital
Customer Service
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Human Resources
Other
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A7. How long have you worked within the banking sector?


104 responses


A8. How frequently do you use AI-enabled technologies in your
work?


104 responses


A9. Have you received formal organisational training relating to AI-
enabled technologies?


104 responses


Section B: Artificial Intelligence Adoption


Copy chart


Less than 1 year
1–3 years
4–6 years
7–10 years
More than 10 years


15.4%


46.2%


27.9%


Copy chart


Never
Rarely
Sometimes
Often
Very often


14.4%


22.1%


35.6%


25%


Copy chart


Yes
No
Unsure25%18.3%


56.7%
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Section C: Employee Digital Competence


Section D: Employee Performance


Section E: AI Use Context
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E1. Which AI-enabled technologies do you use or interact with as
part of your work?


Select all that apply.


104 responses


E2. Approximately how long have you used AI-enabled technologies
in your work?


104 responses


E3. How would you describe your overall exposure to AI-enabled
technologies at work?


104 responses


Closing Statement


Copy chart


0 20 40 60


Generative AI/AI assistants


Chatbots or virtual assist…


Fraud-detection systems
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AI-supported decision sy…
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[bookmark: _Toc234925454]1. Introduction

[bookmark: _Toc234925455]1.1 Background of the Study

The global banking industry is experiencing significant digital transformation driven by advances in artificial intelligence (AI), machine learning, big data analytics and intelligent automation technologies. Unlike previous technological innovations that primarily supported operational activities, AI is increasingly viewed as a strategic capability capable of transforming organisational processes, decision-making quality and service delivery models (Davenport and Ronanki, 2018). Within financial services, AI applications including fraud detection systems, chatbots, credit scoring algorithms, robotic process automation and predictive analytics have improved efficiency and customer responsiveness while reducing operational costs (Jarrahi, 2018). The UK banking sector has emerged as one of Europe's leading adopters of AI technologies through large-scale digital transformation initiatives undertaken by institutions such as HSBC, Barclays and Lloyds Banking Group. However, while technological investment has accelerated, questions remain regarding whether AI adoption translates into improved employee outcomes rather than merely organisational benefits (Bank of England, 2024).

[bookmark: _Toc234925456]1.2 Research Problem

Despite growing investment in artificial intelligence technologies, existing research has predominantly examined AI adoption from organisational and technological perspectives, focusing on profitability, operational efficiency, customer satisfaction and competitive advantage (Makarius et al., 2020). Comparatively little attention has been devoted to understanding employee-level outcomes, particularly employee performance within AI-enabled workplaces. This limitation is significant because technological adoption alone does not guarantee productivity improvements unless employees possess the capabilities required to effectively utilise digital technologies (Sousa and Rocha, 2019). Furthermore, empirical evidence examining these relationships within the UK banking sector remains limited despite the industry's extensive digital transformation activities, thereby creating uncertainty regarding the human implications of AI implementation.

[bookmark: _Toc234925457]1.3 Research Gap

Several important gaps justify the need for the present study. First, a theoretical gap exists because previous research has rarely integrated the Technology Acceptance Model with strategic human resource management theories relating to employee performance outcomes. Second, an empirical gap exists due to the limited availability of quantitative studies examining the relationship between AI adoption and employee performance using primary data. Third, a contextual gap emerges because most existing studies have focused on manufacturing, technology and healthcare sectors rather than banking institutions in the United Kingdom (Upadhyay and Khandelwal, 2018). Finally, a managerial gap exists because organisations lack evidence-based guidance regarding workforce digital readiness and employee capability development required for successful AI implementation (van Laar et al., 2020).

[bookmark: _Toc234925458]1.4 Research Aim

The rapid adoption of artificial intelligence technologies within the banking sector has transformed operational processes, customer service delivery and strategic decision-making capabilities. However, the extent to which these technological advancements improve employee-level outcomes remains insufficiently understood, particularly within knowledge-intensive service organisations such as banks. Furthermore, emerging evidence suggests that employees' digital capabilities may influence the extent to which organisations can realise the benefits associated with AI implementation (Makarius et al., 2020). Consequently, the aim of this study is to critically examine the impact of artificial intelligence adoption on employee performance in the United Kingdom banking sector and investigate the mediating role of employee digital competence in explaining this relationship.

[bookmark: _Toc234925459]1.5 Research Objectives

The specific research objectives are therefore:

Objective 1: To examine the effect of artificial intelligence adoption on employee performance in the UK banking sector.

Objective 2: To investigate the relationship between artificial intelligence adoption and employee digital competence.

Objective 3: To examine the influence of employee digital competence on employee performance.

Objective 4: To determine the mediating role of employee digital competence in the relationship between artificial intelligence adoption and employee performance.

[bookmark: _Toc234925460]1.6 Research Questions

The study seeks to answer the following research questions:

RQ1: What is the relationship between artificial intelligence adoption and employee performance in UK banks?

RQ2: How does artificial intelligence adoption influence employee digital competence?

RQ3: What is the relationship between employee digital competence and employee performance?

RQ4: Does employee digital competence mediate the relationship between artificial intelligence adoption and employee performance?

[bookmark: _Toc234925461]1.7 Research Hypotheses

The hypotheses are therefore stated as follows:

H1: Artificial intelligence adoption positively influences employee performance.

H2: Artificial intelligence adoption positively influences employee digital competence.

H3: Employee digital competence positively influences employee performance.

H4: Employee digital competence mediates the relationship between artificial intelligence adoption and employee performance.

[bookmark: _Toc234925462]2. Literature Review

The purpose of this literature review is to critically examine the existing body of knowledge relating to artificial intelligence adoption, employee digital competence and employee performance within organisational settings, with particular emphasis on the banking sector. Rather than providing a descriptive summary of previous studies, this chapter seeks to identify theoretical debates, empirical inconsistencies and contextual limitations that justify the need for the present investigation. The literature review therefore establishes the theoretical and conceptual foundation upon which the research questions, hypotheses and methodology of the study are developed. The review is organised around three interconnected themes. 

First, it examines the Technology Acceptance Model (TAM) as the principal theoretical framework underpinning technology adoption behaviour within organisations. Second, it critically evaluates the literature surrounding artificial intelligence adoption and its implications for employee performance. Third, it investigates employee digital competence as a potential explanatory mechanism linking technological adoption with workplace outcomes. These themes were selected because they directly correspond to the independent, mediating and dependent variables proposed within the conceptual framework. The Technology Acceptance Model developed by Davis (1989) remains one of the most influential theoretical frameworks within information systems and technology adoption research. 

The model argues that employees' intentions to use technological systems are primarily determined by perceived usefulness and perceived ease of use. While TAM has demonstrated substantial explanatory power across numerous technological contexts, critics argue that the model places excessive emphasis on individual perceptions while underestimating the influence of organisational culture, technological capabilities and workforce readiness (Venkatesh and Davis, 2000). This limitation becomes particularly important in artificial intelligence environments where employees require sophisticated digital skills to effectively utilise emerging technologies. Consequently, the present study extends the traditional TAM perspective by incorporating employee digital competence as an additional explanatory construct.

Artificial intelligence adoption has emerged as a major research theme within contemporary management and organisational studies. Existing literature suggests that AI technologies contribute to operational efficiency, decision quality and organisational competitiveness through automation, predictive analytics and intelligent decision support systems (Davenport and Ronanki, 2018). However, much of this literature focuses on organisational-level outcomes, including productivity improvements, profitability and customer satisfaction, while employee-level consequences remain comparatively underexplored (Makarius et al., 2020). Furthermore, several scholars have questioned the assumption that technological investment automatically generates productivity gains, arguing instead that complementary human capabilities are required to realise the benefits of digital transformation (Jarrahi, 2018).

Employee digital competence has therefore emerged as a critical concept within digital transformation literature. Digital competence extends beyond technical proficiency and encompasses digital literacy, adaptability, problem-solving capability and technological confidence required to operate effectively within technology-intensive workplaces (van Laar et al., 2020). Previous studies have consistently reported positive associations between digital competence and employee productivity, innovation and learning capacity (Sousa and Rocha, 2019). Nevertheless, empirical research examining the interaction between artificial intelligence adoption, digital competence and employee performance remains limited, particularly within service-intensive industries such as banking.

Several important research gaps emerge from the literature. Theoretically, few studies integrate technology acceptance theories with strategic human resource management perspectives. Empirically, quantitative evidence examining the relationship between AI adoption and employee performance remains insufficient. Contextually, existing studies have predominantly focused on manufacturing and technology sectors rather than financial institutions. Finally, from a managerial perspective, limited guidance exists regarding workforce digital readiness and employee capability development strategies required for successful artificial intelligence implementation. These limitations provide strong justification for the present study and demonstrate its potential contribution to both academic literature and managerial practice.

[bookmark: _Toc234925463]3. Methodology

The purpose of this chapter is to explain and justify the methodological choices adopted to investigate the relationship between artificial intelligence adoption, employee digital competence and employee performance within the United Kingdom banking sector. In accordance with the research aim and hypotheses, the study adopts a quantitative methodological design that allows for the objective measurement and statistical examination of relationships between the proposed variables. A rigorous methodology is essential to ensure the validity, reliability and credibility of the research findings while enabling the study to make meaningful theoretical and practical contributions.

[bookmark: _Toc234925464]3.1 Research Philosophy

The study adopts a positivist research philosophy, which assumes that social phenomena can be objectively measured and analysed using empirical observation and statistical methods. Positivism is particularly appropriate for studies seeking to test hypotheses and establish relationships between variables through numerical data analysis (Saunders, Lewis and Thornhill, 2023). Since the present research aims to examine the influence of artificial intelligence adoption on employee performance and test the mediating role of employee digital competence, a positivist approach provides the most suitable philosophical foundation. Unlike interpretivist approaches, which emphasise subjective experiences and meanings, positivism allows the researcher to generate findings that are generalisable across organisational contexts.

[bookmark: _Toc234925465]3.2 Research Approach and Design

The study employs a deductive research approach, whereby hypotheses derived from existing theories and empirical literature are tested using primary quantitative data. Deductive reasoning is consistent with the Technology Acceptance Model (TAM), which provides the theoretical basis for predicting relationships between technology adoption and behavioural outcomes (Davis, 1989). The research further adopts a cross-sectional explanatory research design, allowing the researcher to collect data at a single point in time and examine causal relationships between the variables under investigation (Bryman and Bell, 2022).

[bookmark: _Toc234925466]3.3 Data Collection Method

Primary data will be collected using a structured self-administered questionnaire distributed electronically through Google Forms and Microsoft Forms. A survey method is considered appropriate because it facilitates the collection of standardised data from a relatively large number of respondents while allowing for statistical analysis and hypothesis testing (Hair et al., 2022). The questionnaire will utilise a five-point Likert scale, ranging from 1 = Strongly Disagree to 5 = Strongly Agree, which is widely used in organisational and behavioural research due to its simplicity and reliability.



The questionnaire will consist of four sections:

· Demographic characteristics.

· Artificial intelligence adoption.

· Employee digital competence.

· Employee performance.

Measurement items will be adapted from previously validated scales to enhance construct validity and comparability with existing studies.

[bookmark: _Toc234925467]3.4 Population, Sampling and Sample Size

The target population comprises employees working within UK banking institutions, including commercial, retail and digital banks. Given the practical challenges associated with obtaining a complete sampling frame, the study will employ convenience sampling combined with snowball sampling techniques. Although probability sampling offers greater representativeness, non-probability approaches are frequently adopted in organisational research where access to respondents is restricted (Saunders, Lewis and Thornhill, 2023). The study aims to collect responses from approximately 80-100 banking employees, exceeding the minimum threshold commonly accepted for multivariate statistical analysis and improving the robustness of the findings (Hair et al., 2022).

[bookmark: _Toc234925468]3.5 Data Analysis Techniques

The collected data will be analysed using IBM SPSS Statistics Version 29. Data analysis will commence with data screening procedures to identify missing values, outliers and inconsistencies. Descriptive statistics will then be used to summarise respondent characteristics and variable distributions. To assess measurement reliability, Cronbach's Alpha coefficients will be calculated, with values exceeding 0.70 considered acceptable (Hair et al., 2022). Subsequently, Pearson correlation analysis will examine relationships between the study variables, while multiple regression analysis will test the direct effects proposed in the hypotheses. The mediating role of employee digital competence will be examined through hierarchical regression analysis, enabling the study to evaluate both direct and indirect relationships without requiring additional analytical software.



[bookmark: _Toc234925469]3.6 Ethical Considerations

The research will comply fully with university ethical requirements and the principles of informed consent, voluntary participation, confidentiality and anonymity. Participants will receive an information sheet explaining the purpose of the study and their right to withdraw prior to data submission. No personally identifiable information will be collected, and all responses will remain anonymous. Data will be securely stored on password-protected university systems and accessed only by the researcher and supervisory team in accordance with the UK General Data Protection Regulation (UK GDPR) and the Data Protection Act 2018.

[bookmark: _Toc234925470]4. Expected Findings

The primary aim of this study is to examine the impact of artificial intelligence adoption on employee performance in the United Kingdom banking sector and to investigate the mediating role of employee digital competence within this relationship. Based on the Technology Acceptance Model (TAM) and existing empirical literature, the study anticipates that artificial intelligence adoption will demonstrate a positive and statistically significant relationship with employee performance outcomes. Specifically, employees working in organisations with higher levels of AI integration are expected to report improvements in productivity, work efficiency, service quality and goal achievement due to reductions in repetitive tasks and enhanced decision-support capabilities (Davenport and Ronanki, 2018).

Furthermore, the study expects artificial intelligence adoption to positively influence employee digital competence. Increased interaction with intelligent systems, automation technologies and digital platforms is anticipated to encourage employees to develop stronger technological skills, digital literacy and adaptability to changing workplace requirements (Sousa and Rocha, 2019). In turn, employees possessing higher levels of digital competence are expected to demonstrate superior performance outcomes because they are better equipped to utilise technological resources, solve complex problems and adapt to digitally intensive work environments (van Laar et al., 2020). However, the study does not assume that artificial intelligence adoption will automatically generate performance improvements across all employees. 

Existing literature suggests that technological investment without complementary human capital development may produce resistance, technology anxiety and underutilisation of AI capabilities, thereby limiting organisational returns from digital transformation initiatives (Jarrahi, 2018). Consequently, the research expects employee digital competence to play a significant explanatory role in translating technological capability into employee performance outcomes. If supported, the findings would contribute theoretically by extending the Technology Acceptance Model beyond traditional technology acceptance behaviours towards employee performance outcomes within strategic human resource management research. From a managerial perspective, the findings may encourage banking institutions to prioritise workforce reskilling, digital capability development and continuous learning initiatives alongside technological investment strategies. Nevertheless, these anticipated findings remain provisional and subject to empirical verification through the analysis of primary survey data collected from UK banking employees.

[bookmark: _Toc234925471]5. Limitations

Despite the potential contributions of this study, several limitations should be acknowledged. First, the use of a cross-sectional research design restricts the ability to establish definitive causal relationships between artificial intelligence adoption, employee digital competence and employee performance because data are collected at a single point in time (Bryman and Bell, 2022). Second, the use of convenience and snowball sampling may limit the generalisability of findings to the wider UK banking workforce due to potential selection bias. Third, the study relies on self-reported questionnaire responses, which may introduce common method bias and social desirability bias (Podsakoff et al., 2003). Finally, access to employees from large banking institutions may restrict sample diversity. To mitigate these limitations, validated measurement scales, anonymity assurances and rigorous statistical procedures will be employed to enhance reliability and validity.

[bookmark: _Toc234925472]6. Timeframe

The research will be conducted over a sixteen-week period in accordance with the MBA dissertation schedule. The first phase will involve the completion of the dissertation proposal and ethical approval application. This will be followed by an extensive review of academic literature and the development of the survey instrument. Data collection from UK banking employees is expected to occur over a four-week period, followed by data cleaning, coding and statistical analysis using IBM SPSS Statistics. The final stages will involve interpretation of findings, dissertation writing, proofreading and submission. Establishing a realistic timetable demonstrates effective project management and enhances the feasibility of the proposed research (Saunders, Lewis and Thornhill, 2023).

Table 6.1 Proposed Research Timeline

		Activity

		Jul

		Aug

		Sep

		Oct



		Proposal Development

		✓

		

		

		



		Ethics Approval

		✓

		

		

		



		Literature Review

		✓

		✓

		

		



		Questionnaire Design

		✓

		

		

		



		Data Collection

		

		✓

		

		



		Data Analysis (SPSS)

		

		✓

		✓

		



		Findings and Discussion

		

		

		✓

		



		Final Editing and Submission

		

		

		

		✓
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[bookmark: _Toc234925473]7. Conclusion

This proposal has outlined the rationale, theoretical foundation and methodological approach for investigating the impact of artificial intelligence adoption on employee performance within the UK banking sector. The study specifically seeks to address an important gap in existing literature by examining the mediating role of employee digital competence in explaining employee performance outcomes in AI-enabled workplaces. By integrating perspectives from technology acceptance and strategic human resource management, the research aims to contribute both theoretically and practically to contemporary debates surrounding digital transformation and workforce capability development. The adoption of a quantitative methodology and robust SPSS analytical techniques is expected to provide reliable empirical evidence capable of informing organisational decision-making, employee development strategies and future human resource practices within the banking industry.
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