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This study explores the impact of workplace transformation due to AI technology on the role identity, job confidence and perceived job security of retail banking workers in Wales and South West England, and how this impact is either enhanced or mitigated by organisational support. The study, which is set in the context of the widespread use of artificial intelligence in financial services in the UK, fills a gap in evidence that offers insights into how the transition to AI is affecting individual staff members, across the region. A positivist, deductive and quantitative design was used. Primary data was gathered by sending a structured online questionnaire via LinkedIn, with the Likert scales ranging from 1 to 5 and representing the degree of exposure to AI, disruption of role identity, job confidence, perceived job security and organisational support. A final sample of 150 employees (Customer service and Back office) was analyzed using descriptive statistics, reliability analysis, Pearson correlation analysis, multiple regression analysis with the moderation term, one-way ANOVA and chi-square tests in IBM SPSS Statistics software. The results were surprising. While there was moderate-to-high exposure to AI, there were limited links between the exposure to AI and role identity disruption, job confidence, and perceived job security, with organisational support having no moderating role. Organisational support had a direct and positive relationship with perceived job security, which was the only significant influence observed. There were no significant differences in perceptions between role type or region. In this sample, the psychological effect of AI is not as much about how much AI employees come across, but that it is contingent on the level of support their organisation gives them. It suggests that retail banks should focus on structured training, clear communication, reskilling programs and reliable support. The study provides region-specific evidence and undermines the general view that exposure to AI negatively impacts employee wellbeing.
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In the UK, AI is revolutionizing the way retail banks are doing business. In a blink of an eye, automated credit scoring, algorithmic fraud detection, AI-driven customer service platforms, and machine-assisted compliance systems have become part of organisational infrastructure. The Financial Conduct Authority (FCA, 2022) similarly found that while most regulated financial firms are currently using at least one AI application, the immediate potential gains are largely for operational efficiency, productivity enhancement, and financial crime prevention. The findings of the Bank of England (2024) and the FCA (2022) are consistent with the pattern seen across the financial services sector: a significant majority of firms are already using at least one AI application, and the near-term benefits are generally financial services specific, focused on financial crime prevention, productivity enhancement, and operational efficiency. However, this transformation is not limited to back-office processing but is increasingly changing the nature of front-line jobs, particularly in customer-facing and relationship management areas which often provide retail banking employees with a sense of purpose and identity in their jobs.
There is a dominant academic and policy narrative that focuses on labour market displacement, wage impacts, and job task automation indices (Acemoglu and Restrepo, 2020; Arntz, Gregory and Zierahn, 2016; Restrepo, 2024) that remains at the macro level despite this massive change. Georgieff and Hyee (2022) continue this macro tradition, and they review the cross-country evidence of the relationship between AI adoption and employment growth in some occupational segments and employment contraction in others, which may be masked by aggregate statistics. Petersen et al. (2022) also show that automation's impact on distribution is intersectional - meaning there are systematic variations in impacts by income, gender and by visible minority status - an effect directly applicable to a banking workforce that is increasingly diverse and intersectional. Very few empirical studies have considered the psychological reactions and experiences of individual bank staff to the gradual intrusion of AI into their working lives, specifically in terms of regional banking environments like Wales and South West England. This is a big omission. While the aggregate level of labour market outcomes is one level of analysis, the psychological aspects of AI-induced change in the workplace - such as the impact on role identity, job confidence, and perceived job security - are a different level of analysis and have significant implications for the performance of machines, people, and the sustainable management of technological transition (Selenko et al., 2022). To be sure, the anxiety of technological automation is not simply an attitude in the workplace, but also has measurable health impacts: Baek, Yoon and Won (2022) found that workers' anxiety about automation was strongly linked to sleep disturbances.
The context of retail banking in Wales and the South West of England is very instructive for this investigation. The sector has a large and diverse workforce with a strong branch, relationship management and back-of-house (risk, compliance and operations) people. There are significant variations in exposure to AI-driven change within these roles, with frontline advisory roles being increasingly integrated with AI customer service platforms and robo-advisory tools, while back-office positions are seeing algorithmic decision-support systems in credit appraisals and compliance monitoring, as well as fraud analysis (Buchanan and Wright, 2021; Bothaina Alsobai and Dalal Aassouli, 2025). The systematic review of the integration of AI in financial services by Vuković, Dekpo-Adza and Matović (2025) points out that the level of readiness of regulatory and organizational frameworks for this transition is quite different between jurisdictions and institution types, which makes a regionally constrained study more valuable than the general national one. So too has the availability of banking service declined - reports of the closure of high street branches in the United Kingdom have been documented as reason for concern in local communities, adding to the pressure on the remaining branches to take on more transactions and implement more workflow change in relation to AI (Waitzman, 2024; Access to Banking, 2024). The implications for psychological consequences of these different experiences of AI exposure need to be understood to guide targeted support strategies for organisations in the midst of deep change.
[bookmark: _Toc239988526][bookmark: _Toc241204801]1.1 Research Problem and Justification
This dissertation addresses the research problem that there is a lack of empirically supported evidence of workplace change, with a focus on the use of AI, and region specific evidence of how that changes the psychological wellbeing of retail banking employees across Wales and South West England. Despite the clear task displacement and occupational restructuring effects of AI on the labour market documented by institutional authorities such as the Bank of England (2024), the Financial Stability Board's own assessment of the systemic implications of AI (The financial stability implications of artificial intelligence, 2024), and the OECD's analysis of AI-driven shifts in labour market skill demand (Artificial intelligence and the changing demand for skills in the labour market, 2024), and the theoretical literature on automation and labour markets has established mechanisms for task displacement and occupational restructuring (Acemoglu and Restrepo, 2020; Autor, 2019; Arvind Upreti and Sridhar, 2024), the employee-level psychological experience of task displacement and occupational restructuring in the specific context of UK regional retail banking remains underexplored. Building on the literature syntheses of Coppa et al. (2018) and Filippi, Bannò and Trento (2023), this paper highlights that the mechanisms linking technological change to the outcomes for individual workers are still far less advanced than the macroeconomic models that are used to predict the impacts of technological change on aggregate employment.
This gap results in three important consequences. First, role identity, job confidence and perceived job security are theoretically and empirically separable constructs that have not been systematically explored within a single quantitative scale, with automation-specific insecurity separate from general job insecurity. Similarly, Roll, De Witte and Wang (2023) argue that job insecurity is a multidimensional construct and that measuring job insecurity without also measuring automation-specific insecurity would be incomplete. Secondly, the moderating effects of organisational support mechanisms that are found in the literature but rarely operated in practice need to be examined in an empirical study in a sector-specific and regionally limited sample. Third, the evidence base so far available is limited for organisations in retail banking who are looking to implement AI transitions to support employee wellbeing and ensure staff engagement.Third, the evidence base available so far is limited for organisations in retail banking who are looking to implement AI transitions to support employee wellbeing and ensure staff engagement (Parliament.uk, 2024). The readiness of employees to undergo organisational change is also varied and is influenced by context, as the readiness of workforce segments to undergo organisational change during the post-pandemic is different from each other (Zona, Erlin and Sarianti, 2025).
[bookmark: _Toc239988527][bookmark: _Toc241204802]1.2 Research Question, Aim, and Objectives
The following key research questions for the study are: What are the implications for role identity, job confidence and perceived job security amongst retail banking employees in Wales and South West England when changes in the working environment are introduced as a result of AI, and how well do organisations' support systems mitigate the psychological impact?
This study aims to investigate the effects of AI workplace change on the psychological experience of employees in retail banking within Wales and South West England with a focus on the moderating effect of organisational support. The enquiry is organised around five specific objectives:
1. To identify the extent to which retail banking employees in Wales and South West England are exposed to AI-driven changes within their day-to-day working roles.
1. To explore how AI integration in retail banking influences employee role identity and sense of professional purpose.
1. To examine the relationship between AI adoption and employee job confidence and perceived job security in the retail banking sector.
1. To assess the degree to which organisational support mechanisms moderate the psychological impact of AI-driven workplace change on employees.
1. To recommend practical strategies for retail banking organisations to better support employee adaptation to AI-driven change.
[bookmark: _Toc239988528][bookmark: _Toc241204803]1.3 Theoretical Positioning
This study lies in a theoretical nexus: within three literatures. The first is the tradition of automation/labour market theory, which is most prominently represented by Acemoglu and Restrepo (2020) and Autor (2019), which poses the question of how AI reconfigures instead of replacing jobs, and how it generates task polarisation across occupational hierarchies; Walo (2023) offers a methodological caveat here, noting that many studies on routine tasks are less precise about task measurement itself, which the present study attempts to remedy by measuring perceived AI exposure directly rather than indirectly through task codes. The second is the algorithmic management literature represented by Zhang et al. (2025a), which focuses on the human consequences of algorithmic systems as they reshuffle control in the workplace and reduce employee autonomy and professional discretion, while calling for more than one level of analysis to comprehend the human consequences of algorithmic control, the individual, the team, and the organisation. The third is the technostress and Job Demands-Resources (JD-R) model developed by Bakker, Demerouti and Sanz-Vergel (2023), and later by Bakker and Demerouti (2024), which posits that the stress resulting from the demands created by AI interacts with employee self-efficacy and organisational resources to create psychological effects, such as technostress, loss of job confidence, and increased job insecurity.
The three pillars are brought together by a central theoretical proposition that the combined impact of AI induced workplace changes in retail banking is a compounded psychological stressor that threatens professional role identity, job confidence and enhances job insecurity, but that these effects are usefully mitigated by the provision of organisational support. This proposition is explored using a positivist, deductive, quantitative cross sectional research design.
[bookmark: _Toc239988529][bookmark: _Toc241204804]1.4 Significance of the Study
This research has 3 substantive contributions to the existing knowledge base. It extends the JD-R model and algorithmic management literature into the specific context of UK regional retail banking, and examines differential effects of AI exposure on three theoretical constructs that are related but distinct in the field of management. From an empirical perspective, it provides quantitative survey evidence from a sample defined regionally that has not been covered in the literature, as confirmed in recent systematic reviews (Soulami, Benchekroun and Galiulina, 2024; Valtonen et al., 2025). In practice, it provides practical suggestions for retail banking organisations in Wales and South West England to consider when creating HRM support mechanisms for AI transitions that leave employee wellbeing intact, whilst maintaining organisational function and performance, which builds on the strategic HRM guidance provided by Zervas and Stiakakis (2025) for addressing digital skills gaps in workplaces.
[bookmark: _Toc239988530][bookmark: _Toc241204805]1.5 Structure of the Dissertation
The dissertation consists of five chapters. Chapter 1 lays out the research problem, rationale, objectives and theoretical positioning. In chapter 2, the review of the literature is both critical and synthetic, with the result of which a conceptual framework is proposed which is grounded in the three theoretical pillars. The research methodology, which comprises the philosophical approach, design, sampling strategy, data collection instrument, and data analysis approach, is justified in Chapter 3. The results of the cross sectional survey are presented and discussed in Chapter 4. The conclusion, contribution to knowledge, limitations, and practical recommendations are presented in Chapter 5.
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[bookmark: _Toc239988532][bookmark: _Toc241204807]2.1 Introduction to the Review
This chapter critically discusses theoretical and empirical basis of the study. It focuses on three interrelated pillars: Automation and Labour market theory - how AI changes the nature of the work and occupational identity at the task level; Algorithmic management theory - how AI-based control systems decrease job autonomy and professional discretion; Technostress and Job Demands-Resources (JD-R) theory - how AI exposure relates to changes in job confidence, perceived job security and wellbeing at the psychological level. The chapter shifts from an expository to a critical synthesis, pinpointing tensions, gaps etc. before building a conceptual framework that situates perceived organizational support as the key moderating factor.
The review primarily leans on sources that have been published since 2016, marking a period of increased adoption of AI in the financial industry and the emergence of empirical research on AI's impact on individuals at work. Macro-level scaffolding is provided by some of the foundational work done by Acemoglu and Restrepo (2020), Arntz, Gregory and Zierahn (2016), and Autor (2019), while the analysis is also rooted in recent empirical evidence concerning the impact of AI on workers' wellbeing by Chuang, Chiang and Lin (2025), Valtonen et al. (2025), and Giuntella, Konig and Stella (2025).
[bookmark: _Toc239988533][bookmark: _Toc241204808]2.2 Pillar 1: Automation, Labour Market Theory, and Task Reconfiguration
[bookmark: _Toc239988534][bookmark: _Toc241204809]2.2.1 The Displacement-Productivity Nexus
The study of automation and job loss is a rather long and complex process that has evolved from initial descriptions of machines substituting for jobs to more complex task-based descriptions. Acemoglu and Restrepo (2020) offer compelling empirical evidence that robotisation lowers employment to population ratio and depresses wages in the local labour markets that are exposed to robotisation, and differentiate between displacement effects (which shift tasks away from humans) and reinstatement effects (which create additional tasks for humans). The overall effect is based on the dominant force, which varies between different occupational structures and the speed of adoption. In a later synthesis, Restrepo (2024) finds that the net impact of the two forces has varied by industry, with knowledge-intensive service industries, such as financial services, demonstrating a more complex relationship.
The implications for the retail bank industry are related to the task content of bank positions. Occupational-level risk assessments should be avoided, as automation susceptibility should be assessed at the task level, not the job level, argue Arntz, Gregory and Zierahn (2016). This warning is extended by Walo (2023) who demonstrates that the analytical tool used in much of this literature, routine-task measurement, is only poorly specified, and will generate inconsistent estimates of polarisation. Lira et al. (2022) indicate that self-reported assessments of technology exposure can be subject to reference bias that may restrict the applicability of policy implications from results of large-scale surveys. Certain occupations in banking have a mixed susceptibility profile, in that they have certain elements that are amenable to automation (e.g., loan processing and fraud screening based on rules) and other elements that are inherently interpersonal (e.g., relationship advisory and ethical judgement for credit decisions), as relevant to this study's comparison of customer-facing and back-office workers in banking.
S. Autor's (2019) task polarisation thesis adds to this point by demonstrating that the distribution of tasks along the spectrum is not evenly affected by technological change, but is instead skewed towards the high-skill and low-skill extremes. Arvind Upriya and Sridhar (2024) highlight recent econometric evidence which indicates that while the labour demand for non-routine, cognitively demanding tasks is comparatively stable, routine tasks continue to witness a downward trend in labour demand. Other studies, such as those by Georgieff and Hyee (2022) and Petersen et al. (2022), also reveal that the impact of AI on jobs is not uniform. Petersen et al. (2022) also demonstrate this pattern, which is driven by income, gender and minority status, as these factors apply to the demographically diverse banking workforce studied here. In retail banking, the polarisation is evident in the increasing automation of routine, transactional work, which has been the core competency area of numerous employees in the middle tier of the workforce, and the growing need for skills in advising and managing client relationships, where artificial intelligence is less effective.
One key drawback of the automation tradition is that it has been mostly macro-oriented. Based on this literature, synthesised by Filippi, Bannò and Trento (2023), the mechanisms linking technological change to the individual worker experience are still much less advanced than those that are used in the macroeconomic models to predict macroeconomic employment changes. This gap is addressed in the present study by operationalizing perceived AI exposure as the independent variable in a psychological outcomes model, where the arguments are translated from an aggregate to an individual level.
[bookmark: _Toc239988535][bookmark: _Toc241204810]2.2.2 AI in UK Financial Services: Sectoral Context
The arguments from the automation literature are manifested in the documented path of the use of AI in retail banking in the UK. The Bank of England (2024) states that deployment of AI in financial services in the UK has ramped up significantly over the last few years with the areas of operational efficiency, productivity and anti-money laundering experiencing the greatest benefits perceived, as identified in the Financial Conduct Authority (FCA, 2022) research note. Buchanan and Wright (2021) explain how machine learning has infiltrated credit assessment, customer service and compliance processes, systematically limiting the role of the human element. Bothina Alsobai and Dalal Aassouli (2025) confirm, in their worldwide survey of digital transformation strategies in retail banks, that restructuring with AI is not only limited to innovations in the customer interface, but is also transforming internal roles across the banking sector. Nguyen and Le (2024) back this up with their analysis of AI-driven chatbots in the banking sector's customer experience. Digital transformation also influences employee innovative behaviour, as Bindel Sibassaha, Pea-Assounga and Bambi (2025) highlight that digitalisation impacts employees' innovative behaviour at the workplace. The transition towards digital service channels is not limited to back-office operations; Kondybayeva et al. (2024) report that the use of generative voice chatbots has a measurable impact on customer satisfaction and productivity in the banking industry.
This path has also been the subject of institutional interest with regard to financial stability. This trend is confirmed by the Financial Stability Board's own study (The financial stability implications of artificial intelligence, 2024) and the OECD's research on reconfiguration of labour market skill demand (Artificial intelligence and the changing demand for skills in the labour market, 2024) in the international context. However, the readiness of the regulatory framework is very uneven between jurisdictions, including the UK, which is considered more advanced, but still lacks specific guidance on the impacts at the employee level, the same as has been identified by Parliament's own inquiry into AI in financial services (Parliament.uk, 2024), as noted by Vuković, Dekpo-Adza and Matović (2025). These institutional accounts do not, however, consider whether the change in the psychological state of those working inside it will have a distributional effect, an area this study intends to contribute.
Specifically in digital banking environments, Annisa, Siahaan and Lumbanraja (2024) show that prolonged interaction with automated systems creates anxiety, cognitive overload, and a loss of confidence in the bank's staff among banking staff in contexts where accountability is high, and that this relationship is mediated by self-efficacy. This is exacerbated by pressures on regional access, including the closure of high street banks throughout the United Kingdom (Waitzman, 2024) and the impact this has had on in-person banking access for vulnerable people in Wales (Access to Banking, 2024). Beyond HR frontline tasks, AI is also becoming a valuable asset in HR processes, as Dadaboyev et al. (2025) explored in their investigation into the application of AI for employee recruitment and Prasad and De (2024) discussed how generative AI can transform HRM processes.
[bookmark: _Toc239988536][bookmark: _Toc241204811]2.3 Pillar 2: Algorithmic Management, Autonomy Loss, and Role Identity
[bookmark: _Toc239988537][bookmark: _Toc241204812]2.3.1 Algorithmic Control as a New Organisational Paradigm
The second pillar expands upon the arguments on the task reconfiguration of Pillar 1 and incorporates subjective, identity-level impacts of algorithmic control of the workplace. An influential review of algorithms at work by Zhang et al. (2025a) identifies how algorithmic systems can change the nature of organisational control: by limiting workers' actions using automated rules; by monitoring performance by capturing data on a continuous basis; and by substituting managerial judgment with algorithmic outputs. Kayas (2023) takes this further and claims that constant monitoring using algorithms represents a "qualitatively different" type of organizational control, a control felt by workers more consistently and less contestably. The psychological issue of electronic performance monitoring is unique, as Brinson et al. (2024) found that the reactance, trust and privacy concerns work together to influence the reactions of employees to electronic performance monitoring technologies. This is supported by Vitak and Zimmer (2023) who determine that perceived surveillance intensity, not surveillance itself, is related to negative attitudinal outcomes.
The occupational identity implications are clear. In knowledge-intensive service based professions, like banking, the professional identity is often formed by exercising expertise, judgement and competency in client relationships (Jussupow, Spohrer and Heinzl, 2022). This disruption of the self-concept of an occupation is what Mirbabaie et al. (2021) refer to as AI identity threat, which they describe as an occupational phenomenon consisting of three main predictors: changing nature of work, status position loss, and the degree to which employees feel they are a part of the AI system. Alongside this framing of occupational identity threat, Rui et al. (2026) provide a more agentic perspective of how employees do not passively absorb threat, but actively renegotiate their occupational identity in response to the integration of AI. Shonhe and Min (2025) also conclude that professional identity threat can occur simultaneously with, and be reduced by, intentional organisational actions to promote a perspective of AI as an augmentative tool.Human - AI teaming is a new paradigm where human and AI are not viewed as substitutes for each other but as potential partners - Berretta et al (2023) define and scope the field from a human-centred perspective. As Hubbart (2023) explained, aversion to change is a recurring obstacle to technological change that is often the cause of the failure of organisational change initiatives because people do not like to break their routines.
The algorithmic management literature is further advanced by the duality approach of Meijerink and Bondarouk (2021) who acknowledge the capabilities of algorithmic HR systems as both a constraint and an opportunity for autonomy: Although the algorithmic control decreases autonomy, it can simultaneously enhance efficiency and provide data-driven insights. This duality implies that the relationship between the effects of AI exposure and role identity disruption is moderated by the type of AI implementation and how much meaningful discretion is left with the employees. Similarly, Liu et al. (2024) note that there is a similar level of diversity, with results varying significantly based on the level of perceived support or punishment of algorithmic oversight.
Along the same lines, Jarrahi et al. (2021) examine the potential for algorithmic management to change the worker's experience from a sociotechnical perspective, arguing that the effects of algorithmic management on the worker's experience is not only a matter of technology, but also of organisational decision-making on the design and governance of AI systems. Kadolkar, Kepes and Subramony (2024) conclude in a similar vein: The psychological impacts of algorithmic control depend on contextual factors, such as worker autonomy, transparency of algorithmic decision rules, and human recourse, which are all relevant to the moderating effect of organisational support explored here.
[bookmark: _Toc239988538][bookmark: _Toc241204813]2.3.2 Professional Identity and Occupation-Level Threat
Given that identifying threats to one's role or job is a theoretically distinct phenomenon from technostress or job insecurity, Bankins et al. (2023) argue that threats to one's occupational identity may be multilevel, with a focus on group-level sensemaking to examine how such sensemaking contributes to threats to one's identity.
Selenko et al. (2022) conclude that algorithmic control has been linked to lower levels of occupational commitment, as well as a fundamental change in the way in which work quality is measured. Muldoon and Raekstad (2022) put the argument more strongly in political theory, asserting that algorithmic domination is a new form of labour power that is not covered by conventional methods of labour protection. In early-stage deployments, workers are unlikely to feel the algorithmic control is legitimate without it being transparent, and without ways to appeal it, as Wiener, Cram and Benlian (2021) demonstrate with a legitimacy perspective. Perceptions of fairness are key to employees' response to algorithmic systems, as Malin et al. (2025) demonstrate that the fairness perceptions of applicants who were rejected by AI diverge significantly from those of applicants who were rejected by humans.
One methodological weakness that stands out in this literature is that it lacks quantitative confirmations and empirical studies, relying instead on qualitative and case-based research, such as by Zhang et al. (2025a) and Bankins et al. (2023), or on surveys of non-banking industries, such as those by Mirbabaie et al. (2021) and Jussupow, Spohrer and Heinzl (2022). AI readiness among employees is not just a matter of technology, but one that is attitudinal, with resistance to change strongly predicting the lack of it (Cai et al. 2023). This omission is partially filled by Felix, Dourado and Nossa (2023), who conduct a quantitative study of algorithmic management preferences among gig workers, and show that the match between personal preferences for autonomy vs security and the algorithmic regime experienced correlates with wellbeing outcomes, a finding which has not yet been tested on a sample of bankers. In technology-mediated work, job autonomy can be a double-edged sword: while for the gig economy it has both positive and negative impacts on workplace wellbeing as reported by Wan et al. (2024), in some other contexts it could prove destructive. This gap is filled by the present study that is quantitatively designed with a cross-sectional approach and targeted 150 - 200 employees working in retail banking.
[bookmark: _Toc239988539][bookmark: _Toc241204814]2.4 Pillar 3: Technostress, Job Demands-Resources, and Psychological Outcomes
[bookmark: _Toc239988540][bookmark: _Toc241204815]2.4.1 The JD-R Framework as a Unifying Architecture
The Job Demands-Resources model offers the psychological framework that enables the task reconfiguration arguments of Pillar 1 and the occupational identity arguments of Pillar 2 to be synthesized into a unified perspective of employee wellbeing. Within the JD-R model, job demands refer to physical, cognitive, emotional and social elements of a job that require prolonged effort and are linked to psychological costs, while job resources are physical, cognitive, emotional and social elements of a job that reduce job demands, support the achievement of goals, or foster growth (Buonomo et al., 2023). Bakker, Demerouti and Sanz-Vergel (2023) validate this architecture as empirically valid across occupational settings, and easily adaptable to demands in the digital and AI settings. The concept of job resources is clarified in Bakker and Demerouti (2024) in two ways: firstly, by motivating employee engagement and secondly, by buffering employee health impairment. Galanakis and Tsitouri (2022) validate the model's ability to account for engagement and burnout as separate processes, dependent on available resources, and not as opposite extremes along a continuum. Technostress demands are created because of the complexity of the work and the constant adaptation required in the workplace with the assistance of AI, while AI-driven resources are supplied through efficiency-enhancing tools that enhance human performance (Babashahi, L. et al., 2024). The explanatory power of the JD-R model can be applied to the job performance, as Lee and Jo (2023) found that job demands and job resources predict job performance in any occupational context.
The most recent test of the JD-R model in an AI context is the three-wave Bayesian structural equation model testing across multiple industries by Chuang, Chiang and Lin (2025), which is the most methodologically rigorous. They conclude that the relationship between AI and job stress is indeed a two-way street, with AI inducing technostress and causing less job satisfaction, but AI self-efficacy, a personal resource, can boost engagement and generative AI tools can buffer the effects of technostress. Similarly, Scholze and Hecker (2023) arrive at the broadly consistent conclusion that digitisation is a unique kind of extension of the classical JD-R model and, in a follow-up study, Scholze and Hecker (2024) also bring the "bright and dark side" of digitisation to the fore: it can be a demand for some employees, a resource for others, depending on their digital self-efficacy.
Ghani et al. (2022) further investigate the techno-stress-insecurity relationship in the retail context, and identify that retail workers' job insecurity is significantly linked to their technostress. Technostress inhibitors and creators are two opposing forces; Estrada-Muñoz et al., (2022) were able to demonstrate the measurable impact of technostress inhibitors on technostress symptoms among employees. Hang et al. (2022) demonstrate that the relationship between techno-stressors and employee wellbeing is moderated by the use of technostress inhibitors, an organisational resource deliberately created to buffer technostress, thus suggesting a moderating effect for organisational support as postulated in this study.
[bookmark: _Toc239988541][bookmark: _Toc241204816]2.4.2 Job Confidence and Professional Self-Efficacy
In the JD-R framework, self-efficacy acts as a moderating factor that protects against negative psychological consequences between AI demands and psychological consequences. In this respect, Saleem and Malik (2023) confirm that the link between technostress and performance is moderated by self-efficacy, meaning employees who feel confident in their capacity to perform in technologically demanding situations can sustain engagement more effectively. This has been extended by Saidy, Garanti and Sadaka (2022) who determined that job performance in high accountability service settings is moderated by the relationship between technostress creators and self-efficacy. Yet, from the perspective of the longitudinal dimension, Medici et al. (2023) demonstrate that technological self-efficacy is also connected to occupational mobility intentions, and those with less confidence in the technology are more likely to think of quitting the job as AI increases.
The self-efficacy arguments underpin job confidence in this study, but embedded more broadly, at the occupational level, of continued competence and professional value in an AI-supported context. Theoretically, this distinction is supported by the argument put forward by Huang and Rust (2018) that as AI becomes more capable of handling the more structured and analytical aspects of services, a higher proportion of the work human employees will do remains more attached to relational, emotional and contextual skills that AI is not easily mimicking, meaning that employees who are more likely to be associated with the more automated parts of their job will see a greater erosion of their sense of self. Similarly, Castaneda et al. (2025) discuss the psychological impact of AI use in the workplace on frontline workers, where the role of AI is either to enhance their relational skills or effectively replace them.
Building on this, Bibi, Tan and Yao (2025) directly test and support the moderating effect of self-efficacy in the context of employee wellbeing and AI capability perceptions, pointing to the fact that the association between AI capability perceptions and employee wellbeing is mediated by individual self-efficacy appraisals, which is consistent with the Chuang et al. (2025) results indicating that self-efficacy should be viewed as an active process influencing how employees process AI exposure rather than simply the result of the exposure. Confidence in one's own competence is intertwined with trust in the AI systems that employees collaborate with, and even with self-efficacy, opaque algorithmic outputs can lead to a loss of trust (Yu, Li and Fan, 2023).
[bookmark: _Toc239988542][bookmark: _Toc241204817]2.4.3 Perceived Job Security and AI-Induced Threat
The third outcome variable is perceived job security, which differs from role identity disruption and job confidence, because it focuses on future, rather than present, scenarios, and it reflects employees' subjective sense of whether their jobs will continue to exist or be significantly changed as AI is increasingly integrated into their work. In a formal psychometric model, Roll, De Witte and Wang (2023) differentiate between two forms of insecurity: job insecurity in the broader economy and security related to specific automation, and suggest that different measurement strategies are needed for each type of insecurity; in this study, the instrument design reflects this argument.
Kim, Kim and Lee (2025) offer empirical evidence-from the perspective of affective events theory-that AI-induced job insecurity is theoretically and empirically different from general job insecurity, as these events are emotionally salient and generate insecurity appraisals and that self-efficacy is a psychological buffer. Kim and Kim (2024) build on this by exploring the impact of job insecurity on knowledge sharing and conclude that knowledge sharing is inhibited by employees who feel insecure. The link between job insecurity and CWB in this study is directly relevant to the sequential mediation pathway that Kim et al. (2023) found between the exposure to COVID-19 and the relationship between job insecurity and organisational support.
On the other hand, Fu and Zhang (2026) directly moderate this relationship, discovering that the connection between applying AI and work insecurity is moderated by both self-efficacy and transformational leadership. Zheng and Zhang (2025) illustrate that emotional exhaustion is mediated by job insecurity and work-family interference via a serial mediation pathway from AI awareness. Zheng and Zhang (2025) find that job insecurity and work-family interference mediate the relationship between AI awareness and emotional exhaustion, forming a serial mediation pathway. The effects of AI anxiety are seen in behaviour, with Uygungil-Erdogan et al. (2025) showing that the anxiety towards AI has been found to be a significant predictor of turnover intention among employees. Sha and Chai (2025) add a coping perspective, finding job crafting mitigates the negative association between digital-AI transformation and job insecurity. While AI anxiety may seem like a threat to creativity, as Tong, Yu and Shou (2025) demonstrate, there is the potential for interventions that can dampen the negative effect of AI anxiety on employees' creative output. These studies are consistent in that Oh, Kim and Kim and Lee (2024) find that organisational perfectionism exacerbated the impact of job insecurity on employee misbehaviour, and again that AI learning self-efficacy buffered that relationship.
Harunavamwe et al. (2025) operationalize perceived organizational support (POS) as an important moderator between technostress and workplace engagement, and workplace flourishing, and conclude that POS is a promising moderating factor between AI-related technostress and workplace engagement and flourishing. Ward and Harunavamwe (2025) limit it to the link between POS and technostress and work-family conflict, and they found that a positive attitude towards POS lowers the spillover of technostress to employees' family life. Bakker, Demerouti and Sanz-Vergel (2023) find that across all industries, job resources that have appeared in the literature the most consistently are POS, training provision, managerial transparency, and participatory technology governance.
[bookmark: _Toc239988543][bookmark: _Toc241204818]2.4.4 Organisational Support as Moderator
There are three converging lines of evidence for the theoretical centrality of POS as a moderating variable. The general PSO literature, based on the organisational support theory (Eisenberger et al., 1986), has validated that when employees feel valued by the organisation they will respond by showing a higher degree of commitment and higher resilience in dealing with work pressures. This reciprocal process is also found to be very strong across occupations, as discussed in the study by Hngoi et al. (2023) where POS is a consistently protective factor against insecurity leading to withdrawal. Second, the literature reviewed above is consistent with how POS serves as a meaningful buffer in the context of AI-related workplace change, as it buffers the relationship between AI exposure and job insecurity (Fu and Zhang, 2026; Kim, Kim and Lee, 2025) and between AI adoption and psychological distress (Xu, Xue and Zhao, 2023). The deployment of responsible AI is an innovation resource itself; according to Xu et al. (2026) employees' interaction with AI can positively influence their behaviour towards service innovations in a responsible way. Third, the specific mechanisms where organisations have been found to effectively support individuals through AI transitions are training, transparent communication and participatory governance (Budhwar et al., 2022; Zervas and Stiakakis, 2025). To fully leverage the benefits and reduce the risks of this new technology in the workplace, organisations need to develop norms for the use of generative AI, as Söllner et al (2025) argue.
Jeong, Kim and Lee (2024) conducted a study directly related to this issue in which they found coaching leadership buffers the relationship between job stress related to using AI and psychological strain and physical health outcomes, indicating that coaching leadership is not just an organisational attribute but an active organizational influence. Brunner, Schuster and Lehmann (2023) confirm this relationship between leadership and service innovation capacity, with the conclusion that digital leadership is strengthened by visible leadership on the part of the leaders. Lanzl (2023) further restricts this to social support, which is largely the immediate proximal inhibitor of technostress, and more specifically, from supervisors and colleagues.
The POS argument has been supported implicitly, for instance, by Saleem and Malik (2023), and Saidy, Garanti and Sadaka (2022) who examined self-efficacy as the main factor in sustaining self-efficacy during technologically stressful situations, but found little interest in the subject of self-efficacy itself. Harunavamwe and Kanengoni (2023) introduce mindfulness as an additional individual-level coping mechanism alongside technology self-efficacy; they suggest that these have a complementary relationship and that these mechanisms are most effective when brought about within a supportive organisational climate. AI can be a catalyst for innovation, as Zhang et al. (2025b) have shown that when people use AI at work, it positively impacts their innovative behaviour. Theoretically, a difference between POS as a moderator and self-efficacy as a mediator is significant in this study's regression design because in this study, POS is considered as an organisationally-provided resource directly affecting the relationships between the exposure of AI and the outcome, while self-efficacy is considered as a mechanism by which the effect of POS is influencing individual psychological states.
[bookmark: _Toc239988544][bookmark: _Toc241204819]2.5 Areas of Consensus, Contradiction, and Methodological Debate
[bookmark: _Toc239988545][bookmark: _Toc241204820]2.5.1 Points of Convergence
For the three pillars, there are a number of significant correspondences that are robust. The main mechanism identified by Zhang et al. (2025a), Annisa, Siahaan and Lumbanraja (2024), and Chuang, Chiang and Lin (2025) is the reduction in human discretion as a result of AI adoption in service-oriented occupations, across the board. Second, there is consistent evidence that self-efficacy moderates the severity of these negative effects: Saleem and Malik (2023), Saidy, Garanti and Sadaka (2022), Bibi, Tan and Yao (2025), and Kim, Kim and Lee (2025) all confirm this moderating function, albeit in different industry contexts. Third, the dual demands-resources dynamic of AI system adoption is an architecture that is widely accepted as appropriate for this analysis; Bakker, Demerouti and Sanz-Vergel (2023) and Chuang, Chiang and Lin (2025) provided some of the more methodologically rigorous confirmations of its applicability.
[bookmark: _Toc239988546][bookmark: _Toc241204821]2.5.2 Theoretical Tensions and Unresolved Debates
There are some questions in the literature that are not as agreed upon. The biggest question is whether AI will be a displacement or an augmentation force. Arntz, Gregory and Zierahn (2016) and Acemoglu and Restrepo (2020) highlight the displacement mechanisms, while Autor (2019) and Meijerink and Bondarouk (2021) focus on the reinstatement and duality mechanisms. Within one study, both effects were empirically validated as occurring simultaneously by Chuang, Chiang and Lin (2025), and as having different impact depending on the specific context of the individual employee, which is not captured in aggregate analyses. In this study, this tension is operationalized as the independent variable: the level of perceived AI exposure, with the dependent variable being the relationship to the Outcomes in each of the different types of roles that vary in their exposure to displacement versus augmentation dynamics.
The other tension is related to the stability of organisational support as a moderator. The buffering role of POS is supported by several studies, but Meijerink and Bondarouk (2021) point out that the automated automation of HR interactions in the algorithmic management systems may lead to a reduction of the perceived authenticity of organisational support. As documented by La Torre et al. (2022) for employees of banking companies, the general picture of smart working in banking is that the perception of technology-mediated working varies based on the adaptations of the organisation and the pandemic era. In a more general study of the adoption of AI in HRM practices, Nawaz et al., (2024) reports that employees differentiate between the use of AI when working with themselves as compared to when it is used to manage or assess them, with the latter eliciting significantly more negative attitudes. As discussed by Malin et al. (2025) and Prasad and De (2024), the adoption of AI in HRM practices brings up concerns regarding the ethics and trust of employees. Theoretically, this can impose a paradox as the present study does not test it directly but recognises it as a future limitation for a longitudinal study.
[bookmark: _Toc239988547][bookmark: _Toc241204822]2.5.3 Methodological Patterns and Limitations
The literature reveals several methodological properties that repeated throughout the literature that were used as motivations behind the design of this study. Second, qualitative and conceptual approaches are predominant: Zhang et al. (2025a) and Bankins et al. (2023) offer important theoretical contributions, but they lack quantitative evidence; Jussupow, Spohrer and Heinzl (2022) and Mirbabaie et al. (2021) do provide quantitative survey evidence from outside banking, and this study's quantitative cross-sectional design fills this gap. Second, most empirical studies focus on samples of large economies and/or single countries, with few studies exploring the regional or sectoral level of the UK contexts; Buchanan and Wright (2021) and the Bank of England (2024) do provide UK financial sector data, but at the institutional level not the employee level, so this study addresses the regional level in Wales and South West England. Third, each of the three outcome constructs that are central to the present study is typically studied alone, instead of as a coherent whole. Existing studies are infrequent to consider multiple psychological outcomes at the same time, as stated by Soulami, Benchekroun, and Galiulina (2024). This study's multiple regression design directly addresses the limitation of Jin, Jiang and Liao's (2024) work affective wellbeing as a composite outcome since the authors do not break down identity, confidence, and security dimensions of the construct.
[bookmark: _Toc239988548][bookmark: _Toc241204823]2.6 The Research Gap and the Study's Contribution
Bringing it all together, from the three pillars, there is a clear research gap. A strong theoretical case and some empirical support have been developed for the hypothesis that AI-induced change in the workplace has a negative impact on the psychological outcomes of employees in service jobs, with organizational support acting as a moderator. A solid theoretical rationale and partial empirical support for the hypothesis that AI-induced change in the workplace has a negative impact on the psychological outcomes of the employees in service occupations, which is moderated by organizational support has been developed. The relationships have not, however, been explored in one single published study within a quantitative, employee-level, sector-specific sample of retail banking in Wales and South West England. The significance of this gap for theory and practice is as follows: theoretically, it does not allow for the testing of applicability of the JD-R-organisational support moderation model in a regionally bounded context and practically, it does not allow for the evidence to design targeted employee support programmes in the context of retail banking organisations.
The current study is aimed at filling this gap. The study delivers the first Wales/region-specific, sector-specific, employee-level quantitative evidence about these relationships by using a structured quantitative questionnaire to measure employee exposure to AI, disruption of role identity, job confidence, perceived job security, and organisational support using validated instruments with Likert scale responses, followed by analysis of the resulting data using multiple regression analysis within SPSS software. It puts the JD-R model and algorithmic management theory one step further into a largely unexplored context and provides concrete information that is usable in practice by practitioner organisations.
In this systematic review, Valtonen et al. (2025) report that theoretical advances in the AI-work literature have yet to keep pace with technological evolution, with future studies that need to focus on empirical research in various specific sectors, and across contexts. During technological transitions, the transformation of practices is a factor that has a significant impact on the performance of the organisation, as shown by Mahamoud Hasan, Aparisi-Torrijo and González-Ladrón-de-Guevara (2025). In a similar finding, Giuntella, Konig and Stella (2025) argue that the current evidence base is too aggregate and needs to be more occupation-specific to understand the impact of AI on worker wellbeing and should not be a substitute for continued use of averages across industries. This study directly addresses those calls, and finds itself at the nexus of a quickly evolving field, a sparsely investigated area and a group of psychological constructs which have not yet been studied together in a coherent quantitative manner.
[bookmark: _Toc239988549][bookmark: _Toc241204824]2.7 Chapter Summary
Three related streams of literature were reviewed critically in this chapter and are the basis of the present study. According to the tradition of automation and labour market, AI changes jobs instead of replacing them, creating task-level reconfiguration, with a shifting of the risk of displacement towards those whose professional competences are based on routine analytical activities. The literature on algorithmic management shows that this reconfiguration is entailed by a qualitative shift in the control of workplaces that reduces the discretion for workers and poses a threat to their occupational identity, in varying intensities depending on how far organisations will let go of control over the AI system. Within the technostress and JD-R framework, the psychologizing of these structural changes leads to the individual-level outcomes of technostress and job confidence, as well as job insecurity and support as a buffer to these effects.In the technostress and JD-R framework, the structural changes resulting from AI exposure are psychologized to individual-level outcomes of technostress, job confidence, job insecurity, and organisational support as a buffer to the negative effects.
The three pillars of the synthesis provide a clear theoretical framework in which perceived AI exposure can be considered to lead to role identity disruption, which in turn causes lower job confidence and higher perceived job insecurity, all of which are mediated by perceived organisational support. The conceptual framework of this model, shown graphically in Figure 3.1, is the theoretic basis for the empirical investigation reported in the following chapters. The test methodology of this model is explained in Chapter 3.



[bookmark: _Toc239988550][bookmark: _Toc241204825]Chapter 3: Research Methodology
[bookmark: _Toc239988551][bookmark: _Toc241204826]3.1 Introduction, Aims and Objectives
The methodology deployed in the investigation of the impact of AI-enabled change in the workplace on the role identity, job confidence and sense of job security of retail banking staff in Wales and the South West of England and how this is mitigated by organisational support is outlined and justified in this chapter. It presents the philosophical stance taken, the process by which theory in this study was developed, the method and strategy for data collection, the construction of the data collection tool, the population and sampling strategy, the analysis of the data, and steps taken to ensure reliability, validity and ethical integrity. Each decision is explained in terms of the research question and objectives, not as a blanket statement about the possibilities of research (Saunders, Lewis and Thornhill, 2019).
The research has a focus on understanding how AI workplace transformation affects the psychological well-being of retail banking staff across Wales and South West England, specifically examining the moderating effect of organisational support. The specific objectives are to identify the extent of exposure of employees to AI-driven change; to explore how the introduction of AI affects their identity and sense of professional purpose; to examine the relationship between the adoption of AI and employees' job confidence and job security; to address how the extent of organisational support moderates the relationship between AI adoption and job confidence and perceived job security; and to recommend practical strategies for retail banking organisations to support the adaptation of employees to AI-driven change.
[bookmark: _Toc239988552][bookmark: _Toc241204827]3.2 Research Rationale
The methodology is directly derived from the nature of the research question. The study examines the extent to which those three psychological outcomes are affected by the level of perceived AI exposure and how much this impact is amplified and tempered by organisational support. Questions which are asked in terms of "how much" and "to what extent" require structured, numerical data that enables relationships between variables to be tested and compared, the purpose of quantitative research, according to Veal (2011) and Saunders, Lewis and Thornhill (2019). The hypothesis-testing logic of positivism and post-positivism, as the philosophical support of quantitative research, is confirmed by the study by Maksimović and Evtimov (2023) which characterized the designs that allow numerical comparison across a defined sample as the most suitable type of designs for quantitative research. A quantitative design will ensure the same measures are used for all respondents, the data can be analysed statistically, and data can be compared between sub-groups, e.g. customer-facing staff and back office.
The methodological justification for this is also clearly established. The existing empirical studies on technostress, job insecurity and organisational support in AI and digital-work settings have relied on validated Likert scale questionnaires, with the data analysed using correlation analysis, regression analysis or structural models (Saleem and Malik, 2023; Buonomo et al., 2023; Zhang et al., 2025a). A similar quantitative approach is then taken in the present study to enable the development of this existing measurement. In the practical terms of the limited time frame of an MBA dissertation it is also the most realistic quantitative approach that can be adopted, as it can efficiently reach the geographically distributed professional population and rigorous analysis can be accomplished as SPSS is available within the institution.
[bookmark: _Toc239988553][bookmark: _Toc241204828]3.3 Research Philosophy
Research philosophy involves the researcher's beliefs about what knowledge is and how it is ‘legitimatisable’ (Saunders, Lewis and Thornhill, 2019). Saunders et al. present these choices as a series of layers in the "research onion": from the outer philosophical position through the process of delving into a theory, through the choice of methodological approach and then to a strategy, through a time horizon, to the techniques of data collection and techniques of analysis. This is the path taken in this case and appears in Figure 3.1.
The following philosophical positions are frequently discerned. The positivism approach assumes that social phenomenon can be objectively observed and quantitatively measured, the researcher does not depend on what he/she studies, and knowledge is best achieved by testing theory with empirical and quantitative data. Interpretivism, by contrast, assumes that social reality is subjectively created, and aims to gain in-depth understanding of context by employing qualitative approaches. Maksimović and Evtimov (2023) follow the intellectual history of positivism up to its post-positivist elaborations, explaining that most contemporary quantitative researchers do not assert the objectivity of classical positivism, but are more measured in their approach, still maintaining the position of falsifiable, numerically testable propositions. In between positivism and interpretivism are other positions, including critical realism and pragmatism, which favours the use of whatever methods are most likely to provide the answer(s) to the research question (Saunders, Lewis and Thornhill, 2019).
The philosophy of this study is positivist philosophy. The constructs of interest, perceived AI exposure, role identity disruption, job confidence, perceived job security, and organisational support are operationalised as measurable properties and quantified using standardised scale items and compared across many cases. The intent was to examine empirically what is predicted by a theoretical basis, not to explore the lived experience in depth, as reflected in the study's aim of generalising within the defined scope to the broader population of retail banking staff in the region.
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[bookmark: _Toc241206283]Figure 3.1: The research onion, showing the applied methodological path (adapted from Saunders, Lewis and Thornhill, 2019).
[bookmark: _Toc239988554][bookmark: _Toc241204829]3.4 Research Approach to Theory Development
The study employs deductive approach as the strategy in line with the positivist method. Deductive research starts with theory, draws conclusions that are testable from the theory, and tests the theory by gathering data to assess whether the theory is supported by the data (Saunders, Lewis and Thornhill, 2019). Combined, the three theoretical pillars from the literature reviewed (automation and labour market theory, algorithmic management, and technostress and Job Demands-Resources theory) suggest that higher perceived AI exposure will be associated with higher levels of role identity disruption, lower job confidence, and higher job insecurity, with organisational support intervening to dampen these relationships. The constructs are operationalized in the questionnaire and the analysis will determine if the relationships that are expected are present in the data. An inductive approach was not considered, since the aim is to test a fully-fledged body of theory in a new regional and sectoral setting, not to build theory.
[bookmark: _Toc239988555][bookmark: _Toc241204830]3.5 Methodological Choice and Research Strategy
The research design is mono-method type quantitative research which consists of one quantitative data collection method, structured questionnaire and analysed by using statistical procedure. The handbook and the supervisor advise inexperienced researchers not to use mixed methods research within the short period of time available. In reviewing the study designs, hypotheses, and sampling approaches, Singh, Vadakedath and Kandi (2023) found that a well-specified single-method design, when executed rigorously is in general preferred to a more ambitious mixed-methods design, which a novice researcher may not be able to execute to the same rigor within a constrained timeframe, which is of particular relevance in this context. Saunders, Lewis and Thornhill (2019) recognize that surveys are appropriate when the standardised information desired from many respondents is to be gathered at an economical cost. There was no alternative to the use of an experiment - the study had to be realistic as it was based on perceptions in a real workplace and not on experimental manipulation, and no alternative to a one organisation study as there was limited generalisation across the regional sector.
The time horizon adopted cross-sectional: only data gathered once at one instance of time within the time frame of the dissertation of around four to six weeks, as this is the time frame of the dissertation (Saunders, Lewis and Thornhill, 2019). In a study that echoes the authors of the 2021 paper by Taris, Kessler and Kelloway (2021), who noted the drawbacks of cross-sectional designs in occupational health psychology, they state that a cross-sectional design is useful for initial testing of theory in a new context, but does not meet these standards for determining temporal precedence or ruling out reverse causation, which is why they state in Section 3.11 that they would like to reiterate this point. Despite the lack of causal inferences, as noted by Guerrero et al. (2024) in their methodological review, cross-sectional designs are suitable for the initial testing of theories.
[bookmark: _Toc239988556][bookmark: _Toc241204831]3.6 Data Collection and Instrument Design
A self-completion online questionnaire was used for primary data collection which was completed in full in Appendix A. This questionnaire is all closed questioning - classification items, screening question to confirm eligibility, and a series of five-point Likert scale statements (1 = strongly disagree, 5 = strongly agree, and an equivalent importance scale at the end of the section). Likert items are used to transform attitudes and perceptions into a numerical data that can be analysed statistically and is easy for the respondents to complete (Veal, 2011). The ordinal Likert data of this type call for methods of analysis suited to their level of measurement, as confirmed by the examination of non-parametric data analysis approaches to Likert data in Van Wert (2025) in Section 3.8.
Each section of the instrument corresponds to a research objective: AI exposure (Objective 1); role identity (Objective 2); job confidence and perceived job security (Objective 3); organisational support (Objective 4); perceived importance of support strategies (Objective 5). The researcher wrote the statements from the constructs presented in the literature review instead of copying them from copyrighted scales, and was inspired by the existing literature on algorithmic control (Kellogg, Valentine and Christin, 2020), technostress and self-efficacy (Saleem and Malik, 2023; Buonomo et al., 2023) and perceived organisational support ( Zhang et al., 2025a). Peng et al. (2021) and Daovisan and Intarakamhang (2024) both validated occupational self-efficacy scale and wellbeing scale respectively, which are both good examples of scale construction principles, item clarity, dimensional coherence and iterative refinement that guided the development of the constructs of the present instrument. In their guide to the use and development of questionnaires in health research, Koo and Yang (2025) emphasize the need to pay attention to the clarity of the items, dimensional coherence and iterative refinement. Vega-Muñoz et al. (2022) also show the critical importance of turning an abstract theoretical construct into concrete, behaviourally specific items to a psychometrically sound instrument.
The instrument was improved based on supervisors' feedback. The consent section was reworded to include a series of information statements, with consent being requested as a single step at the beginning of the survey, similar to the electronic informed consent criteria established by Yusof, Teo and Ng (2022). The "Don't know" option was included in the attitudinal sections, and several additional items were inserted that aligned with the objectives. An optional open comment box was added at the end of the survey.
The questionnaire was pretested with a few banking professionals and was reviewed and approved by the supervisor as per the handbook before the full distribution. The items were found to be clear, unambiguous and answerable (Saunders, Lewis and Thornhill, 2019) after being piloted. In the context of the pilot testing of a survey questionnaire, Tate et al. (2023) and Hashim et al. (2022), respectively, agree that even a small pilot sample could reveal ambiguous language and problems with the ordering of responses on the questionnaire before it detracts from the main data collection. The Pilot resulted in minor wording changes only, which does not detract from the reliability and viability of the final instrument.
[bookmark: _Toc239988557][bookmark: _Toc241204832]3.7 Population, Sample and Sampling Strategy
The target population is retail banking employees across Wales and South West England, excluding just customer-facing staff and back-office employees, to ensure that the entire spectrum of exposure to AI in the retail banking sector is captured. This population is also demographically diverse with 23% working in the financial and professional services sector, which is currently seeing a growing demand for digital skills among the workforce, as reported in GOV.WALES (2024) in their 2022 employer skills survey of Wales. Flexible work arrangements (FWAs) can impact knowledge-sharing, Cheng et al. (2023) concluded that FWAs affect employees' willingness to share knowledge in post-pandemic workplaces.
Due to the fact that there is no accessible sampling frame which includes all employees in retail banking in the two identified regions, a non-probability purposive sampling strategy was employed which involved targeting those who had an appropriate defined role in retail banking within the region and relevant to the research question, with the screening question employed. Recruitment was mainly undertaken via LinkedIn. When a complete sampling frame does not exist and when the researcher has a clear idea about a particular and identifiable population, purposive sampling is a legitimate sampling technique, as confirmed by Ahmed (2024) who provided practical advice on sampling technique and sample size. Targeting a sample of 150-200 respondents is due to the statistical reason of sample size determination and power analysis in the context of the multiple regression analyses that will be conducted in Section 3.8 as indicated by Kang (2021). Self-selection and the fact that respondents are active on the platform is the two major drawbacks of this approach are recognized in Section 3.11.
[bookmark: _Toc239988558][bookmark: _Toc241204833]3.8 Data Analysis
Field (2024) IBM SPSS Statistics was used for the export and analysis of completed responses. There are 3 stages to analysis. A sample profile and variable distribution is summarised with descriptive statistics, which is broken down by role type. Secondly, cross-tabulation with chi-square tests compares answers in the two groups of employees, customer-facing and back-office. Third, multiple regression is used to determine the proportion of variance in each of the three outcomes accounted for by the perceived level of AI exposure and the interaction between the perceived level of AI exposure and perceived organisational support.
Multiple regression is suitable as it enables the examination of more than one predictor at a time, and quantifies the strength and direction of each predictor-response relationship (Field, 2024). The underlying assumptions were checked (Field, 2024) prior to interpretation: (1) linearity, (2) homoscedasticity, (3) absence of severe multicollinearity, (4) approximately normal residuals, and (5) adequate (between one and ten) ratio of cases to predictors. The usual VIF rules of thumb are frequently used mechanically as suggested by Kalnins and Praitis Hill (2023), and consistent with that, multicollinearity should be interpreted together with theoretical judgment, which was done in Chapter 4. Uher et al. (2022) told the automated data cleaning procedures performed prior to analysis. Responses that were coded as "Don't know" were considered missing and treated as such; Mainzer et al. (2024) note that the conclusions to be drawn from such data are only credible if missing responses are treated consistently and transparently. In an attempt to reduce the potential of common method bias, the questionnaire used in this study had several procedural safeguards such as different wording of items and ensuring anonymity (Podsakoff et al., 2024).
[bookmark: _Toc239988559][bookmark: _Toc241204834]3.9 Reliability and Validity
Reliability is related to consistency of measurement (Saunders, Lewis and Thornhill, 2019). The internal consistency reliability was evaluated by Cronbach's alpha for each multi-item construct following conventional criteria (Field, 2024). Zakariya (2022) in his examination of the problem of overuse of Cronbach's alpha in social-science research advises against using a single alpha value as the sole criterion for scale quality, which is reflected in Chapter 4 as the use of item-level statistics. This is supported by the work of Menon et al. (2025) who offer a primer on reliability testing for rating scales. The same standardised tool was used for all the respondents in the same online setting, which further increases reliability.
Validity-Refers to whether the instrument measures what it is supposed to measure. Content and face validity is achieved by constructing items directly from the literature review; matching each item in the instrument matrix with a research objective; and conducting a pilot study using the supervisor and a sample of banking professionals. Lim (2024) explains that content validity, face validity, convergent validity, discriminant validity, nomological validity and predictive validity are distinct kinds of validities that cumulatively comprise a validity case. Elangvan and Sundaravel (2021) and Masuwai, Zulkifli and Hamzah (2024) both found that the technique of having a structured expert panel review the wording of items, similar to what was done by the supervisor here, is a good technique for determining content and face validity. Similar examples of validity assessment of newly developed measurement tools are given by Roy et al. (2023) and Wafudu, Kamin and Marcel (2022). Construct validity is based on the inclusion of measures that are grounded in established theoretical constructs (Saleem and Malik, 2023; Buonomo et al., 2023; Zhang et al., 2025a). The use of anonymity and the option not to answer certain items is designed to minimize social desirability bias, but limitations of self-report data are recognized in Section 3.11.
[bookmark: _Toc239988560][bookmark: _Toc241204835]3.10 Ethical Considerations
The research was conducted in compliance with the UWTSD Research Ethics and Integrity Code of Practice and ethical approval was gained prior to the collection of data (Appendix B). It was anonymous, voluntary and only open to adults aged 18 or above, no personal or special category data was collected and responses were anonymous. Based on feedback from supervisors, through a single informed-consent step at the beginning of the survey, consent was obtained as per the electronic informed-consent criteria identified by Yusof, Teo and Ng (2022). A study of ethical theories and governance models of responsible research practice (Madanchian & Taherdoost, 2025) supports the methods used here, which are representative of accepted good practice when conducting research with human participants, particularly with regard to voluntary participation, provision of transparent information, and minimal collection and securing of data. Data were accessed in compliance with the UK General Data Protection Regulation and the Data Protection Act 2018 and were stored securely on University systems, and for as long as was necessary during the dissertation process.
[bookmark: _Toc239988561][bookmark: _Toc241204836]3.11 Limitations of the Methodology
A few caveats are noted. The cross-sectional design is also a one-shot study that cannot be used to determine causal direction (Taris, Kessler and Kelloway, 2021). It is important to recognize that the data collected using the self-report Likert scale measures perceptions and not observed behaviour, and as such have the potential for social desirability bias and common-method bias, which are what the procedural safeguards in section 3.8 aimed to reduce, but not eliminate, in this study (Podsakoff et al., 2024). Purposive sampling approach using LinkedIn is not representative as it only captures professionals active on LinkedIn and willing to participate. The regional context which is the source of the originality of the study hinders the generalisability of the results of the study. Lastly, multiple regression can identify relationships but cannot clearly explain the mechanisms that produce these relationships; a trade-off that could be captured in a more rigorous design within a limited single method, but better suited to a more resource intensive qualitative or mixed method design, as made all too apparent by Singh, Vadakedath and Kandi (2023).
[bookmark: _Toc239988562][bookmark: _Toc241204837]3.12 Chapter Summary
This chapter has proposed and argued for a positivist, deductive, mono-method quantitative approach, that is, a cross sectional online questionnaire completed by staff working in retail banking in Wales and South West England that was analysed in SPSS using descriptive statistics, chi square tests and multiple regression analysis. It has described the design of the questionnaire to achieve the goal, sampling and recruiting the subjects, the reliability and validity of the questionnaire, and protection of ethical integrity. The results of the survey are presented and discussed in the next chapter.



[bookmark: _Toc239988563][bookmark: _Toc241204838]Chapter 4: Data Analysis and Findings
[bookmark: _Toc239988564][bookmark: _Toc241204839]4.1 Introduction
The quantitative survey of retail banking staff in Wales and South West England (N = 150) is reported in this chapter. It follows the sequence suggested by the dissertation handbook: data screening and response profile, demographic profile of the sample, reliability of measurement scales, descriptive statistics for study variables, correlation analysis, the multiple regression models that are the primary test of the study, one-way ANOVA based on the demographic profile of the sample, and chi-square tests of association. Each result is reported in a tabular format, a number of SPSS charts are provided as figures and the results are discussed in terms of the study objectives, hypotheses and the theoretical literature from chapter 2. All analyses were conducted using IBM SPSS Statistics version 27 and numbers presented here are directly from the analysis of SPSS.
[bookmark: _Toc239988565][bookmark: _Toc241204840]4.2 Data Screening and Response Profile
The online questionnaire was sent out on LinkedIn and a total of 150 completed questionnaires were received. The data were screened as per the methodology plan, prior to analysis. No cases were discarded at this stage, as all respondents consented, passed the screening question and were eligible to participate in the study. No one gave an invariant (straight-line) pattern of answers in response to the check on careless responding, which was done by calculating the standard deviation of each respondent's answers to the 48 scale items, and the longest run of answers that was the same for each, however. Multivariate outliers were examined for the five composite scores based on a chi-square criterion of p < .001 (critical value = 20.52, df = 5), and were not found in any case. Uher et al. (2022) Delineate a combination of variance-based and distance-based screening as a suitable automatic method to detect unusual questionnaire responses, and the lack of such cases in this study is in line with a relatively involved pool of respondents. Table 4.1 summarises the screening funnel, leaving 150 in the analytic sample.
[bookmark: _Toc241205891]Table 4.1: Data screening funnel
	Screening step
	Rule applied
	N remaining

	Responses collected
	-
	150

	Consent / continue / eligibility
	Remove screening failures
	150

	Careless straight-liners
	Remove zero-variance responders
	150

	Multivariate outliers
	Mahalanobis distance, p < .001
	150

	Final analytic sample
	-
	150


Note. “Don’t know” responses were coded 9 and set as user-missing; they were excluded from calculations rather than treated as a scale point.
[bookmark: _Toc239988566][bookmark: _Toc241204841]4.3 Demographic Profile of the Sample
The demographic profile of the 150 respondents is shown in Table 4.2. There is a good distribution of the sample around the age bands, with the highest numbers in age band 3 (25-34; 30.7%) and 4 (35-44; 31.3%). There is almost equal representation of males (48.7%) and females (44.7%). As for role, 40.7% of respondents are customer facing or frontline workers; 32.7% are back-office or operational workers, a logical division given it's an AI exposure study. Respondents also have experience: over two-thirds have been in retail banking for at least 4 years. The regional split is due to the focus of the study with 44.0% in Wales and 48.0% in South West England. The profile aligns with the broad and relevant cross-section of the target population that is suggested by the data, in line with the findings from GOV.WALES (2024) which shows that financial services has a demographically diverse workforce across the region.
[bookmark: _Toc241205892]Table 4.2: Demographic profile of respondents (N = 150)
	Variable
	Category
	n
	%

	Age group
	18-24
	16
	10.7

	
	25-34
	46
	30.7

	
	35-44
	47
	31.3

	
	45-54
	31
	20.7

	
	55 or over
	10
	6.7

	Gender
	Male
	73
	48.7

	
	Female
	67
	44.7

	
	Non-binary / gender diverse
	5
	3.3

	
	Prefer not to say
	5
	3.3

	Role type
	Customer-facing / frontline
	61
	40.7

	
	Back-office / operational
	49
	32.7

	
	Management / supervisory
	30
	20.0

	
	Other retail banking role
	10
	6.7

	Years in banking
	Less than 1 year
	14
	9.3

	
	1-3 years
	31
	20.7

	
	4-6 years
	36
	24.0

	
	7-10 years
	34
	22.7

	
	More than 10 years
	35
	23.3

	Region
	Wales
	66
	44.0

	
	South West England
	72
	48.0

	
	Both (split role)
	12
	8.0
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[bookmark: _Toc241206295]Figure 4.1: Age group of respondents (%).
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[bookmark: _Toc241206296]Figure 4.2: Gender of respondents (%).
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[bookmark: _Toc241206297]Figure 4.3: Role type of respondents (%).
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[bookmark: _Toc241206298]Figure 4.4: Years in retail banking (%).
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[bookmark: _Toc241206299]Figure 5.5: Region of respondents (%).
[bookmark: _Toc239988567][bookmark: _Toc241204842]4.4 Reliability of the Measurement Scales
The internal consistency of each multi-item scale was evaluated by Cronbach's alpha (alpha values computed for the items reverse-scored as appropriate). The general consensus is that a score of .70 or higher is acceptable, and scores of .60 to .70 are questionable (Field, 2024). However, Zakariya (2022) warns that alpha is dependent on scale length and homogeneity of the items and should not be interpreted as a stand-alone conclusion about the quality of the scale. All three indexes achieved the acceptable levels: Organisational Support (α = .791), Job Confidence (α = .736) and Perceived Job Security (α = .710). Both AI Exposure (α = .587) and Role Identity Disruption (α = .651) were just below this, so should be interpreted with caution. The item-total correlation for C9 ('AI has changed which of my skills are most valued') was extremely low (.022) and removing this item would increase the alpha to .685, which is common in scales that measure a conceptually related but distinct aspect of the construct (Menon et al., 2025).
Support strategies scale had a low alpha (α = .365). This is to be expected since its items reflect a checklist of various but relatively independent forms of support and not just one construct. Therefore, the Section F items are reported separately as descriptive rankings, and not lumped together for inferential testing, under Objective 5 (Section 4.9).
[bookmark: _Toc241205893]Table 4.3: Reliability of the study scales
	Scale
	Items
	Valid N
	α
	Level

	AI Exposure
	8
	121
	0.587
	Questionable

	Role Identity Disruption
	9
	109
	0.651
	Questionable

	Job Confidence
	7
	123
	0.736
	Acceptable

	Perceived Job Security
	7
	126
	0.710
	Acceptable

	Organisational Support
	9
	112
	0.791
	Acceptable

	Support Importance
	8
	120
	0.365
	Checklist*


Note. Valid N is listwise per scale (respondents with a “Don’t know” on any item in that scale are excluded from its alpha). *Reported item-by-item, not as a composite.
[bookmark: _Toc239988568][bookmark: _Toc241204843]4.5 Descriptive Statistics
The descriptive statistics for each of the six composite scores, which are measured on a 1-5 scale, are shown in Table 4.4. Overall, the AI Exposure agreement mean is higher than all other perception scales (M = 3.48, SD = 0.51), reflecting a moderate-to-high level of exposure at work, meeting Objective 1. This is broadly aligned with the sectoral picture reported by the Bank of England (2024) and Buchanan and Wright (2021) which reports on the growing pace of AI adoption in financial services. The mean scores for each of these measures (Role Identity Disruption, M = 2.92; Job Confidence, M = 3.15; Perceived Job Security, M = 3.00; and, Organisational Support, M = 3.04) are all close to the middle of each scale, indicating that on average this sample of banking employees are neither strongly agreeing nor strongly disagreeing with the disruption narrative that is dominant in much of the theoretical literature reviewed in Chapter 2. The mean for the Importance of Support Strategies is high (M = 4.15), suggesting that, regardless of the actual level of exposure and outcome, organisational support is consistently considered important. The histograms in Figures 4.6 to 4.10 support the skewness and kurtosis falling within the ±1 range for all composites indicating that the distribution is close enough to normal to allow for parametric analysis (Field, 2024).
[bookmark: _Toc241205894]Table 4.4: Descriptive statistics for the composite variables (N = 150)
	Variable
	Min
	Max
	Mean
	SD
	Skew
	Kurt

	AI Exposure
	2.38
	4.75
	3.48
	0.505
	0.115
	−.295

	Role Identity Disruption
	1.44
	4.13
	2.92
	0.536
	−.030
	−.460

	Job Confidence
	1.57
	4.57
	3.15
	0.694
	−.206
	−.646

	Perceived Job Security
	1.57
	4.67
	3.00
	0.669
	0.082
	−.449

	Organisational Support
	1.56
	4.56
	3.04
	0.667
	−.037
	−.610

	Support Importance
	3.13
	5.00
	4.15
	0.336
	0.066
	0.186
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[bookmark: _Toc241206300]Figure 4.6: Distribution of AI Exposure scores.
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[bookmark: _Toc241206301]Figure 4.7: Distribution of Role Identity Disruption scores.
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[bookmark: _Toc241206302]Figure 4.8: Distribution of Job Confidence scores.
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[bookmark: _Toc241206303]Figure 4.9: Distribution of Perceived Job Security scores.
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[bookmark: _Toc241206304]Figure 4.10: Distribution of Organisational Support scores.
[bookmark: _Toc239988569][bookmark: _Toc241204844]4.6 Correlation Analysis
Pearson correlations between the five main composite variables are shown in Table 4.5. Two patterns stand out. First, the three outcome variables are strongly related to one another: Role Identity Disruption is negatively correlated with Job Confidence (r = -.663, p < .001) and Perceived Job Security (r = -.630, p < .001), while Job Confidence and Perceived Job Security are positively correlated (r = .688, p < .001). Employees who feel their role identity is more disrupted also tend to feel less confident and less secure, which is consistent with the technostress and JD-R literature reviewed in Chapter 2 (Saleem and Malik, 2023; Buonomo et al., 2023), and with the theoretical proposition that role identity, job confidence, and job security, while conceptually distinct, are empirically intertwined facets of a single underlying psychological response to workplace change.
Second, and importantly for the study's hypotheses, AI Exposure is not significantly related to any of the three outcomes (r = .019, .102 and .081; all p > .21). This null pattern is a substantively important finding rather than a methodological failure. Włoch, Śledziewska and Rożynek (2024), examining determinants of fear of automation across six European countries, find that perceived exposure to automating technologies and psychologically felt threat are frequently only weakly coupled, a pattern the present correlations reproduce in a UK banking-specific sample. Weinerová, Szűcs and Ioannidis (2022), reviewing published correlational effect sizes in social and developmental psychology, further note that many theoretically expected relationships prove considerably weaker in practice than the underlying theory implies, cautioning against interpreting a null or weak correlation as evidence against the theory itself. Organisational Support has only one significant correlation, a weak positive link with Perceived Job Security (r = .194, p = .017), foreshadowing the regression results below. The finding that AI exposure was not associated with psychological strain is consistent with evidence that self-report measures of technology exposure are subject to reference bias, as Lira et al. (2022) caution.
[bookmark: _Toc241205895]Table 4.5: Pearson correlations between composite variables (N = 150)
	Variable
	1
	2
	3
	4
	5

	1. AI Exposure
	1
	
	
	
	

	2. Role Identity Disruption
	.019
	1
	
	
	

	3. Job Confidence
	.102
	−.663**
	1
	
	

	4. Perceived Job Security
	.081
	−.630**
	.688**
	1
	

	5. Organisational Support
	−.007
	−.063
	.081
	.194*
	1


Note. ** p < .01, * p < .05 (two-tailed). Pairwise N = 150.
[bookmark: _Toc239988570][bookmark: _Toc241204845]4.7 Multiple Regression Analysis (Main Test)
Three multiple regression models were run, one for each outcome. In each, the mean-centred AI Exposure and Organisational Support scores were entered first (Model 1), and the AI Exposure × Organisational Support interaction term was added second (Model 2) to test whether support moderates the effect of AI exposure. Centring the predictors and inspecting the variance inflation factors (all VIF ≈ 1.00, well below the common threshold of 10) confirmed that multicollinearity was not a problem (Field, 2024), consistent with the more context-sensitive interpretation of VIF diagnostics recommended by Kalnins and Praitis Hill (2023). The model summaries are given in Table 4.6 and the coefficients in Table 4.7.
The regression results confirm the pattern seen in the correlations. For Role Identity Disruption and Job Confidence, neither AI Exposure, Organisational Support, nor their interaction is a significant predictor, and the models explain almost none of the variance (R² = .004 and .020 respectively). For Perceived Job Security, the main-effects model is significant overall (F(2,147) = 3.415, p = .036), but this is driven entirely by Organisational Support (B = 0.197, β = .197, t = 2.434, p = .016), not by AI Exposure. The interaction term is not significant in any of the three models, so there is no evidence that organisational support moderates the effect of AI exposure.
The pattern must be interpreted carefully in the light of the theory outlined in Chapter 2. The literature on JD-R and technostress suggests that the exposure to AI can be understood as a demand which may lead to the deterioration of psychological outcomes, while such resources as organizational support can mitigate this deterioration (Bakker, Demerouti and Sanz-Vergel, 2023; Chuang, Chiang and Lin, 2025). The current results do not invalidate this framework, but rather indicate that, for this specific regional and sectoral sample, the level of perceived exposure to AI as captured in the measure used here is not yet high enough to be considered as a strong demand. Similarly, Nesindande, Saurombe and Joseph (2024) conclude that the adaptation of employees to technological change in Banking is often not immediate and evenly spread across the entire psychological landscape of employees. Giering and Kirchner (2025) also find that the link between AI exposure and autonomy-related outcomes is far more contingent and context-specific than previous theoretical models predicted.
The one significant effect - higher perceived organisational support leads to higher perceived job security - is consistent with Harunavamwe, Ward and Marange (2025) and Ward and Harunavamwe (2025) who found that the effects of perceived organisational support are more easily discovered in the area of job security and in the area of strain associated with technostress. It is also aligned with Xu, Xue and Zhao (2023) who argue that the relationship between AI opportunity perception and employee workplace wellbeing is also mediated by organisational and individual resources and doesn't work as a direct, unconditioned effect.
[bookmark: _Toc241205896]Table 4.6: Regression model summaries
	Outcome (model)
	R²
	Adj. R²
	F
	df
	p

	Role Identity - M1
	.004
	−.009
	0.317
	2,147
	.729

	Role Identity - M2 (+int.)
	.004
	−.016
	0.214
	3,146
	.887

	Job Confidence - M1
	.017
	.004
	1.273
	2,147
	.283

	Job Confidence - M2 (+int.)
	.020
	.000
	1.015
	3,146
	.388

	Job Security - M1
	.044
	.031
	3.415
	2,147
	.036

	Job Security - M2 (+int.)
	.047
	.027
	2.396
	3,146
	.071


Note. M1 = main effects; M2 = with AI Exposure × Organisational Support interaction.
[bookmark: _Toc241205897]Table 4.7: Regression coefficients (final model, Model 2)
	Outcome / predictor
	B
	SE
	β
	t
	p
	VIF

	Role Identity Disruption
	
	
	
	
	
	

	  AI Exposure (c)
	.020
	.088
	.019
	0.224
	.823
	1.004

	  Org Support (c)
	−.051
	.067
	−.063
	−.766
	.445
	1.002

	  AI × Org Support
	−.014
	.141
	−.008
	−.102
	.919
	1.006

	Job Confidence
	
	
	
	
	
	

	  AI Exposure (c)
	.146
	.113
	.106
	1.291
	.199
	1.004

	  Org Support (c)
	.082
	.085
	.079
	0.962
	.338
	1.002

	  AI × Org Support
	−.129
	.181
	−.059
	−.713
	.477
	1.006

	Perceived Job Security
	
	
	
	
	
	

	  AI Exposure (c)
	.105
	.107
	.080
	0.983
	.327
	1.004

	  Org Support (c)
	.197
	.081
	.197
	2.434
	.016
	1.002

	  AI × Org Support
	.107
	.172
	.050
	0.622
	.535
	1.006


Note. (c) = mean-centred. The only significant predictor is Organisational Support on Perceived Job Security (bold).
[bookmark: _Toc239988571][bookmark: _Toc241204846]4.8 Group Comparison: One-Way ANOVA by Role Type
A series of one-way ANOVAs were conducted to determine if there were differences in perceptions between the four role types (customer-facing, back-office, management, other) within each composite. All variables were non-significant for Levene's test and, therefore, the assumption of equal variances was satisfied (Field, 2024). None of the ANOVAs were statistically significant (all p > .23) and Tukey post hoc tests yielded no statistically significant differences. (See Table 4.8) As suggested in the literature of task-based automation (Arntz, Gregory and Zierahn, 2016; Autor, 2019), customer-facing staff may also feel more exposed or less secure than back-office staff, due to their different task composition, but role groups did not differ significantly on any variable. However, Fazi, Zaniboni and Wang (2025) report that in reality the psychological experience of technological change is often smaller than what is outlined in task-composition theory, as the employees facing the same technology in the same organisation often face similar communication and change-management processes that make the subjective experience homogeneous irrespective of formal role distinctions. The group means for perceived job security and AI exposure are very similar as shown in Figures 4.11 and 4.12.
[bookmark: _Toc241205898]Table 4.8: One-way ANOVA of composites by role type (group means and test)
	Variable
	Cust.-fac.
	Back-off.
	Mgmt
	Other
	F
	p

	AI Exposure
	3.45
	3.53
	3.42
	3.52
	0.369
	.776

	Role Identity Disruption
	2.90
	2.88
	2.98
	2.97
	0.274
	.844

	Job Confidence
	3.21
	3.22
	2.95
	2.97
	1.426
	.238

	Perceived Job Security
	2.96
	3.08
	3.04
	2.80
	0.652
	.583

	Organisational Support
	2.97
	3.10
	3.10
	2.90
	0.568
	.637


Note. df = 3,146 for every test. n = 61 / 49 / 30 / 10. No Tukey pairwise comparison was significant.
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[bookmark: _Toc241206305]Figure 4.11: Mean Perceived Job Security by role type.
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[bookmark: _Toc241206306]Figure 4.12: Mean AI Exposure by role type.
[bookmark: _Toc239988572][bookmark: _Toc241204847]4.9 Chi-Square Tests and Support-Strategy Priorities
Chi-square test of association were used to determine if there was an association between banded AI exposure and banded job security (low / medium / high) with role type and region. As indicated in Table 4.9, none of the three tests were significant indicating that the distribution of exposure and security levels are similar across role type and region. Two of the tables had greater than 20% of the cells in which the expected count was less than five, which is an assumption of the chi-square test, and therefore these two results should be interpreted with caution; however, they are in the same direction as the other analyses, which was not significant.
The support strategies that employees see as most important is the objective 5. Items in Section F are not on a single scale; therefore, the data are reported separately. The percentage of respondents who rate each strategy as "Important" or "Very important" is listed in order of importance in Table 4.10. Of all eight strategies, structured training (73%), transparent communication (73%) and reskilling opportunities (73%) were all rated highly. This ranking is very similar to the findings in the review of the HRM literature (Chapter 2) which have found training, communication and reskilling to be the three key components of successful organisational AI transition management (Budhwar et al., 2022), and to the finding of Muehlemann, (2025) that an increase in AI adoption without training provision is associated with the significantly poorer adaptation outcomes associated with employees. The ranking provides an evidence-based rationale for the recommendations that will be made in the next chapter.
[bookmark: _Toc241205899]Table 4.9: Chi-square tests of association
	Test
	χ²
	df
	p
	N

	AI Exposure band × Role type
	1.744
	6
	.942
	150

	Job Security band × Role type
	3.245
	6
	.777
	150

	Job Security band × Region
	1.771
	4
	.778
	150


Note. The two role-type tables had >20% of cells with expected count <5; interpret with caution.
[bookmark: _Toc241205900]Table 4.10: Support strategies ranked by perceived importance
	Support strategy
	% Important / Very important

	Regular, structured training on new AI tools
	87.8

	Transparent communication about AI’s impact on roles
	84.1

	Reskilling / redeployment opportunities
	80.9

	Commitment to retaining staff, avoiding redundancies
	79.5

	Emotional / wellbeing support during change
	78.3

	Recognising and rewarding new skills
	77.0

	Career development and coaching support
	74.0

	Involving employees in AI adoption decisions
	73.0


Note. Valid percentages (“Don’t know” excluded).
[bookmark: _Toc239988573][bookmark: _Toc241204848]4.10 Summary of Findings
The analysis generated a clear and consistent picture. Employees feel moderately to highly exposed to AI, and that exposure is not found to be statistically correlated with, regressed on, ANOVAed on or chi-squared on role identity disruption, job confidence or perceived job security. There is one significant relationship between the variables: the higher perceived job security, the higher the organisational support. Table 4.11 presents each hypothesis along with whether or not it is supported by the data.
For each of the research objectives, Objective 1 is addressed by the finding that average level of exposure to AI is moderate-to-high, Objective 2 and 3 are addressed by the finding that the links between exposure and role identity, confidence and security are not significantly moderated by organisational support, and Objective 4 is addressed by the finding that organisational support directly positively affects job security, which is not significantly moderated by the links between exposure and role identity, confidence and security. Objective 5 is addressed by the ranking of support strategies in Table 4.10. No directional relationships were seen as in the earlier chapters and Chapter 5 discusses the implications of this. When combined with the findings of Włoch, Śledziewska and Rożynek (2024) demonstrating the weak linkage between the exposure to AI and the perceived threat, and those of Giering and Kirchner (2025) and Nesindande, Saurombe and Joseph (2024) showing that the psychological impact of AI at work is sector and context-dependent, the present results suggest that the psychological experience of AI at work is more attributable to the level of support provided to workers by their respective organisations than to the actual amount of AI exposure.
[bookmark: _Toc241205901]Table 4.11: Summary of hypothesis testing
	H
	Statement
	Key result
	Decision

	H1
	Higher AI exposure → higher role identity disruption
	r=.019; β=.019, p=.823
	Not supported

	H2
	Higher AI exposure → lower job confidence
	r=.102; β=.106, p=.199
	Not supported

	H3
	Higher AI exposure → lower perceived job security
	r=.081; β=.080, p=.327
	Not supported

	H4
	Organisational support moderates the AI-outcome links
	interactions p>.47
	Not supported

	-
	Organisational support → higher perceived job security
	β=.197, p=.016
	Supported






[bookmark: _Toc239988574][bookmark: _Toc241204849]Chapter 5: Conclusions and Recommendations
[bookmark: _Toc239988575][bookmark: _Toc241204850]5.1 Introduction
The last chapter synthesizes the results of the study and interprets them. It restates the goal of research, highlights the major findings in relation to each of the five research goals, summarizes the contribution this research makes to knowledge and a set of practical recommendations for retail banking organisations, and concludes by noting the limitations of the research and suggesting directions for future research. The overall objective was to examine the role identity, job confidence and perceived job security of retail banking staff in Wales and South West England affected by workplace change enabled by AI, and to examine the role of organisational support as a moderator of that impact. This goal was achieved by conducting a positivist, deductive, quantitative survey involving 150 employees and analysing it through descriptive statistics, correlation, multiple regression, one-way ANOVA and chi square tests in SPSS.
[bookmark: _Toc239988576][bookmark: _Toc241204851]5.2 Conclusions
The study had five objectives, which have been discussed in Chapter 4. The conclusions are presented in a list of objectives, starting with the first objective presented in the list of research questions, followed by the conclusion for that objective and then onto the next objective.
The first goal was to determine the level of exposure of retail banking workers in the region to AI-driven change. Evidence indicates that exposure is moderate to high. The AI exposure scale was the highest average of all perception scores (M = 3.48, on a five-point scale), with the majority agreeing that the use of AI tools in their work is increasing and will continue to grow in the future. The task exposure to generative AI in financial services is reflected in the high exposure estimates reported here, which are consistent with the estimates reported by Gmyrek, Berg and Bescond (2023) in their analysis of the potential impact of generative AI on task exposure across jobs and occupations globally.
The second aim was to investigate the implications of the use of AI on employee role identity. In contrast to what was expected in the literature, there was no significant association between perceived AI exposure and role identity disruption (r = .019; β = .019, p = .823). Abdullahi et al. (2026) investigate the relationship between AI threat perception and role identity and find that AI threat and exposure are different constructively and empirically, and that AI exposure might not fully reflect the appraisal process through which identity threat occurs, which could help explain the lack of association between the two in this study. H1 was thus not accepted.
The third goal explored the connection between AI adoption and job confidence, as well as job security. Again, there were no significant relationships between AI exposure and job confidence r = .102, p = .215, or perceived job security r = .081, p = .323; nor were either of these relationships significant in the regression models. No evidence was found for support of hypotheses H2 and H3. As measured by downstream wellbeing outcomes, we find that it is the affective appraisal of AI, anxiety specifically, and not exposure to AI itself, which explains the relationship between AI and wellbeing outcomes among service industry workers (Feng et al., 2025), while also suggesting that exposure to AI may be linked to wellbeing outcomes independent of psychological threat. It is at odds with the popular narrative about automation threatening jobs, which is so pervasive that it is a dominant theme in much popular discussion (Kellogg, Valentine and Christin, 2020).
The fourth objective analysed the moderating effect of organisational support in the psychological consequences of AI change. Hypothesis H4 was not supported as the interaction between AI exposure and organisational support was not significant for any of the three outcomes. However, greater organisational support significantly predicted greater perceived job security (β = .197, p = .016). Similarly, Ncube et al. (2025) conclude that HRM interventions have the greatest impact directly on employee levels of security and retention and not directly on the scale of the technological change itself. Organisational support is therefore important as a direct source of security, and that's arguably the most useful thing that the study found, as it suggests that organisations can take steps to provide such support. The finding of the study is also consistent with the findings of Xu et al. (2026) and Mahamoud Hasan et al. (2025) which show that there is a direct link between the implementation of AI in organisations and the change management, both of which in turn positively predict job security.
The fifth goal was to determine the most preferred employee support strategies. Regular, structured training on new AI tools (87.8%), clear communication about impact of AI on jobs (84.1%) and reskilling/redeployment opportunities (80.9%) were the top three valued. Addressing personalised training-programme design and the potential of generative AI to boost productivity with proper support through training, both cite by Fraile et al. (2023) and by Naqbi, Bahroun and Ahmed (2024) emphasize the need to have a structured and continuous training programme as the most important activity for employees, rather than a one-off induction programme.
Collectively, the four hypotheses from the literature were not supported, and the data suggested that organisational support was the primary factor impacting employees' security. The main finding is that, for this sample of regions, psychological experiences of AI at work are strongly influenced by the extent to which organisations support these workers and much less by the amount of AI they experience.
[bookmark: _Toc239988577][bookmark: _Toc241204852]5.3 Contribution to Knowledge
The study has a number of contributions to make. First, it offers local, and sector-specific, empirical insights into a subject that is generally and often speculatively discussed, in line with the Financial Stability Board's assessment (The financial stability implications of artificial intelligence, 2024) and Parliament's investigation into AI in financial services (Parliament.uk, 2024).
Second, the lack of correlation between perceived AI exposure and role identity disruption, low confidence and job insecurity aligns with the technostress and JD-R tradition that views technological change as a demand whose impact is reliant on resources available (Kellogg, Valentine and Christin, 2020; Saleem and Malik, 2023; Buonomo et al., 2023). AI's psychological impact is also more varied and contingent than initially conceptualized by the empirical literature, which is why Jia et al. (2025) come to the same conclusion.
Thirdly, the study highlights the importance of organisational support as a job resource. This strong direct relationship between organizational support and perceived job security aligns with Harunavamwe, Ward and Marange (2025), who consider perceived organizational support as one of the key mechanisms that mitigate technostress in the context of AI. The current study contributes a twist: Support was found to work as a direct determinant of security instead of as a moderator of the impact of AI. Dima et al. (2024), who explore how artificial intelligence impacts human resource activities, also conclude that the HR role influences the security of employees in significant ways, not only by managing demands but also by directly enacting policies and providing support.
Another more useful addition is the null results themselves. In the work of Morandini et al. (2023), who explored the effects of AI on workers' skills and wellbeing, they acknowledge that much of the available evidence base is based on studies that were designed to identify and report any meaningful impacts, and that transparently-reported null findings like the ones presented here provide a valuable corrective to this publication bias. The study's documentation that psychological strain and exposure did not correlate in a real work setting indicates that an oversimplified story is not true and serves to bring attention back to the organisational factors that do seem to be related to psychological strain.
[bookmark: _Toc239988578][bookmark: _Toc241204853]5.4 Recommendations for Managerial Practice
The conclusions are applicable to retail banking organisations. Organisational support was the most important and only significant factor associated with employees' perception of job security, and the perceived cultural support was rated high by employees, so investing in support should be a clear priority.
The most valuable strategy is to deliver structured training on new AI-based tools and systems regularly. Employees expect the use of AI in their jobs to continue to grow, so training needs shouldn't be limited to one session. The finding that structured opportunities for learning-by-doing are significant for enhancing the subjective sense of mastery of employees has direct relevance to this study (Shao et al., 2024), as these opportunities are highly relevant to the learning behaviour of employees when using augmentation-based AI tools. The findings of Zhang et al (2025b) and Sun, Hu and Su (2026) reinforce the practical recommendation to invest in structured training and reskilling, given that evidence suggests that, when supported properly, AI use can spur innovation.
The second is to be clear on the impact of AI on duties and roles. As Molnár and Frangos (2024) reiterate in their review of the role of HR in the world of AI, one factor that consistently comes up in numerous discussions about what keeps employees engaged during change is the need to communicate clearly with HR and line managers.
The third one is to provide real opportunities for reskilling and redeployment, which indicates that the organisation is investing in its employees instead of replacing them. In the context of HRHRC's transitioning into AI, Khatoon et al. (2025) highlight the importance of structured reskilling paths as a key element of responsible transition management in the HR-driven service industry, particularly within the banking sector.
The fourth recommendation is that organizational support should be treated as an investment and not as an extra and should be provided systematically in areas of involvement in AI decisions, career development and coaching, recognition, and wellbeing support. Abhari, K. (2025) show that investments in the transition to digital technologies that promote organisational resilience do not just yield technological benefits, but also provide positive organizational learning and innovation benefits. Organisations should also be mindful of the health and wellbeing implications of automation anxiety, as found by Baek, Yoon and Won (2022) who showed that there was a relationship between automation anxiety and sleep disturbance.
The group comparisons lead to a last cross cutting recommendation: given that no significant differences in perceptions were found between role type or region, these measures can be reasonably applied to all employees and not just to those who work directly with customers. Support strategies should also take account of demographic diversity, as it is possible that the same overall rates of support may be provided but that different types of support are used by age cohorts with different rates of success, conclude Chang, Xu and Xie (2023) in their examination of the ageing workforce in the era of technological advancement.
[bookmark: _Toc239988579][bookmark: _Toc241204854]5.5 Limitations of the Study
There are a number of caveats to be considered. The study employed a cross sectional design which does not allow the determination of cause and effect, and thus only captures the perceptions at one moment in time (Saunders, Lewis and Thornhill, 2019; Taris, Kessler and Kelloway, 2021). The data was self-reported and there was a risk of social desirability and common-method bias (Podsakoff et al., 2024). Purposive sampling and LinkedIn sampling are two types of recruitment that are restricted to the sample size of the professionals who use LinkedIn. Reliability for two scales, AI exposure and role identity disruption, were below the recommended .70 level (Field, 2024) and as a result should be interpreted with caution. Lastly, the regression models accounted for little of the variance in the outcomes. Low explained variance in applied structural equation modelling research studies may be because of the fact that a poorly specified theoretical model is not the reason and instead it may be because of unmeasured individual-difference and contextual variables (Memon et al., 2024).
[bookmark: _Toc239988580][bookmark: _Toc241204855]5.6 Recommendations for Further Research
The restrictions contain definite instructions for further research. Longitudinal designs would enable researchers to observe changes in employees' perceptions over time as the use of AI becomes more entrenched; Rohwer et al. (2022) point out that longitudinal studies are well suited to the processes of these cumulative, slow-building psychological effects that can occur that may not be captured in a simple cross-sectional snapshot. A qualitative or mixed-methods study would be helpful in understanding the reasons why psychological strain does not seem to be the case when being exposed to AI. Self-report and objective measures of AI use could be combined to lessen the reliance on self-report alone; as Wilmes et al. (2023) point out, triangulating self-report measures with more objective measures of usage can significantly bolster exposure measurement. Recruiting a larger and more representative sample beyond LinkedIn to enhance generalisability, and refining the scales of AI-exposure and role-identity to future measurement would strengthen the measurement. Future research is also recommended to include the organisation level adoption maturity as a contextual moderator, as it was suggested by Yuniawan et al (2025). Finally, the theme of organisational support has been found to be one of the important aspects, which could be examined in future research to understand which type of organisational support is most effective in the protection of employee security, which Liu, Sheng and Liu (2025) start to explore using a conservation-of-resources perspective.
[bookmark: _Toc239988581][bookmark: _Toc241204856]5.7 Concluding Remarks
The aim of this study was to explore the implications of an AI-driven change on role identity, confidence and job security for retail banking staff in Wales and South West England. What it reveals most is that, in isolation, the exposure level that employees have to AI doesn't seem to have a negative impact on how they feel about themselves, their confidence or security. Whereas organisational support is the only factor found to be significantly related to employee security, what really matters is organisational support. This is an optimistic and actionable message in an industry constantly evolving by leaps and bounds with AI: that the psychological effects of AI aren't inevitable, and that HR departments can help employees feel secure as the technology advances by investing in training, transparency, and reskilling and relying on a dependable support team. The study has achieved its aims, has responded to its research question and has produced some useful additions to the literature and a specific programme of action for those organisations that will be involved in the change in practice.
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[bookmark: _Toc241204858]Appendix A: Participant Questionnaire
The questionnaire below was distributed online. It was revised in response to supervisor feedback (received 01.07.26): a single consent step replaced individual confirmations; a “Don’t know” (DK) option was added to the rating sections; additional objective-aligned items were included; and an optional comment box was added.
[bookmark: _Toc239988584][bookmark: _Toc241204859]Participant Information and Consent
You are invited to take part in a short, anonymous survey for an MBA dissertation at the University of Wales Trinity Saint David (UWTSD). The survey explores how AI-driven change in retail banking affects employees’ sense of their role, their confidence and their job security. It should take about 8-10 minutes to complete. Please read the following statements before you begin:
•  I have read and understood the information provided above.
•  I am aged 18 years or over.
•  I am currently employed in a retail banking role in Wales or South West England.
•  I understand that my participation is entirely voluntary and that I may withdraw at any time before submitting my responses.
•  I understand that once I submit my responses, withdrawal will not be possible, as the data is anonymous and cannot be traced back to me.
•  I understand that no personally identifying information will be collected at any point during this survey.
•  I understand that my responses will be recorded anonymously and reported only in aggregate statistical form.
•  I understand that my data will not be shared with my employer, any regulatory body, or any third party.
•  I understand that the data collected will be used solely for the purposes of an MBA dissertation at UWTSD.
•  I confirm that I have not been coerced or pressured into participating and that I am giving my consent freely.
Consent: By ticking the box below and clicking “Begin Survey”, you confirm that you have read and understood the information above, that you meet the eligibility criteria, and that you consent to take part in this study.
☐  I have read the above information and I consent to take part.        [ Begin Survey ]
[bookmark: _Toc239988585][bookmark: _Toc241204860]Section 1: Eligibility (Screening Question)
EQ1. Are you currently employed in a retail banking role (e.g. branch staff, relationship manager, personal banker, risk, compliance, fraud, or operations) based in Wales or South West England?
☐  Yes - please continue to the survey
☐  No - thank you; you do not meet the eligibility criteria for this study.
[bookmark: _Toc239988586][bookmark: _Toc241204861]Section A: Demographic Information
A1. What is your age group?
☐  18-24
☐  25-34
☐  35-44
☐  45-54
☐  55 or over

A2. What is your gender?
☐  Male
☐  Female
☐  Non-binary / gender diverse
☐  Prefer not to say

A3. Which of the following best describes your role type?
☐  Customer-facing / frontline
☐  Back-office / operational
☐  Management / supervisory
☐  Other retail banking role

A4. How many years have you worked in retail banking?
☐  Less than 1 year
☐  1-3 years
☐  4-6 years
☐  7-10 years
☐  More than 10 years

A5. Which region are you currently based in?
☐  Wales
☐  South West England
☐  Both (split role)
[bookmark: _Toc239988587][bookmark: _Toc241204862]Section B: AI Exposure in the Workplace
Objective 1: To identify the extent to which retail banking employees are exposed to AI-driven changes within their day-to-day working roles. Scale: 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree. DK = Don’t know / not applicable.
	Statement
	1
	2
	3
	4
	5
	DK

	B1. AI-powered tools (e.g. automated systems, algorithms, chatbots) are used regularly in my day-to-day role.
	☐
	☐
	☐
	☐
	☐
	☐

	B2. The use of AI in my workplace has increased noticeably over the past two years.
	☐
	☐
	☐
	☐
	☐
	☐

	B3. AI systems now perform tasks that were previously carried out by employees in my team.
	☐
	☐
	☐
	☐
	☐
	☐

	B4. I am required to work alongside or interpret outputs from AI-driven systems as part of my normal duties.
	☐
	☐
	☐
	☐
	☐
	☐

	B5. The level of AI integration in my role is higher than I expected when I started this job.
	☐
	☐
	☐
	☐
	☐
	☐

	B6. My organisation has introduced new AI tools or automated processes within the last 12 months.
	☐
	☐
	☐
	☐
	☐
	☐

	B7. AI or automated systems now influence work decisions that I previously made myself.
	☐
	☐
	☐
	☐
	☐
	☐

	B8. I expect the level of AI used in my role to increase further over the next two years.
	☐
	☐
	☐
	☐
	☐
	☐


[bookmark: _Toc239988588][bookmark: _Toc241204863]Section C: Role Identity
Objective 2: To explore how AI integration influences employee role identity and sense of professional purpose. Scale: 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree. DK = Don’t know / not applicable.
	Statement
	1
	2
	3
	4
	5
	DK

	C1. I have a clear sense of my professional purpose and identity in my current role.
	☐
	☐
	☐
	☐
	☐
	☐

	C2. The introduction of AI has changed the nature of what I do in my job.
	☐
	☐
	☐
	☐
	☐
	☐

	C3. I feel that AI systems are taking over the tasks that defined my professional expertise.
	☐
	☐
	☐
	☐
	☐
	☐

	C4. I still feel that my skills and judgement are valued, despite the use of AI in my workplace.
	☐
	☐
	☐
	☐
	☐
	☐

	C5. The increasing use of AI has made me question what my role is within the organisation.
	☐
	☐
	☐
	☐
	☐
	☐

	C6. My professional identity remains intact even as AI becomes more embedded in my work.
	☐
	☐
	☐
	☐
	☐
	☐

	C7. I feel that my role has become less meaningful as a result of AI-driven workplace changes.
	☐
	☐
	☐
	☐
	☐
	☐

	C8. I am able to find new ways to contribute professionally in an AI-enabled work environment.
	☐
	☐
	☐
	☐
	☐
	☐

	C9. AI has changed which of my skills are most valued at work.
	☐
	☐
	☐
	☐
	☐
	☐


[bookmark: _Toc239988589][bookmark: _Toc241204864]Section D: Job Confidence and Perceived Job Security
Objective 3: To examine the relationship between AI adoption and employee job confidence and perceived job security. Scale: 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree. DK = Don’t know / not applicable.
[bookmark: _Toc239988590][bookmark: _Toc241204865]Job Confidence
	Statement
	1
	2
	3
	4
	5
	DK

	D1. I feel confident in my ability to perform my job effectively in an AI-enabled workplace.
	☐
	☐
	☐
	☐
	☐
	☐

	D2. Working alongside AI systems has reduced my confidence in my own professional abilities.
	☐
	☐
	☐
	☐
	☐
	☐

	D3. I am able to keep up with the technological changes that AI is bringing to my role.
	☐
	☐
	☐
	☐
	☐
	☐

	D4. I feel less competent in my role as a result of AI taking over certain tasks.
	☐
	☐
	☐
	☐
	☐
	☐

	D5. I believe my skills and experience are still relevant and valued in an AI-driven banking environment.
	☐
	☐
	☐
	☐
	☐
	☐

	D6. The pace of AI change in my workplace makes it difficult for me to feel confident in my performance.
	☐
	☐
	☐
	☐
	☐
	☐

	D7. I feel well prepared to adapt to further AI-driven changes in my role.
	☐
	☐
	☐
	☐
	☐
	☐


[bookmark: _Toc239988591][bookmark: _Toc241204866]Perceived Job Security
	Statement
	1
	2
	3
	4
	5
	DK

	D8. I am concerned that AI may replace my role or make my position redundant in the future.
	☐
	☐
	☐
	☐
	☐
	☐

	D9. I feel secure in my employment, despite the increasing use of AI in my workplace.
	☐
	☐
	☐
	☐
	☐
	☐

	D10. I worry that my current skills will become obsolete as AI becomes more advanced.
	☐
	☐
	☐
	☐
	☐
	☐

	D11. I believe my job will continue to exist in its current form over the next three to five years.
	☐
	☐
	☐
	☐
	☐
	☐

	D12. The advancement of AI in banking makes me feel uncertain about my long-term career prospects.
	☐
	☐
	☐
	☐
	☐
	☐

	D13. I am confident that my organisation will find ways to retain employees even as AI adoption increases.
	☐
	☐
	☐
	☐
	☐
	☐

	D14. I have considered changing my role or career because of AI developments in banking.
	☐
	☐
	☐
	☐
	☐
	☐


[bookmark: _Toc239988592][bookmark: _Toc241204867]Section E: Organisational Support
Objective 4: To assess the degree to which organisational support mechanisms moderate the psychological impact of AI-driven workplace change. Scale: 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree. DK = Don’t know / not applicable.
	Statement
	1
	2
	3
	4
	5
	DK

	E1. My organisation has provided me with adequate training to help me work effectively with AI tools.
	☐
	☐
	☐
	☐
	☐
	☐

	E2. My manager communicates clearly about how AI is being introduced and what it means for my role.
	☐
	☐
	☐
	☐
	☐
	☐

	E3. My organisation actively supports employees in adapting to AI-driven workplace changes.
	☐
	☐
	☐
	☐
	☐
	☐

	E4. I feel that my organisation values my contribution, even as AI takes on more tasks.
	☐
	☐
	☐
	☐
	☐
	☐

	E5. My organisation provides opportunities for reskilling or upskilling in response to AI developments.
	☐
	☐
	☐
	☐
	☐
	☐

	E6. Employees in my workplace are involved in decisions about how AI tools are implemented.
	☐
	☐
	☐
	☐
	☐
	☐

	E7. My organisation has clearly explained what AI changes mean for job roles and employment in the future.
	☐
	☐
	☐
	☐
	☐
	☐

	E8. The support provided by my organisation has helped me feel more confident about working with AI.
	☐
	☐
	☐
	☐
	☐
	☐

	E9. My organisation gives me enough time to learn and adjust to new AI tools.
	☐
	☐
	☐
	☐
	☐
	☐


[bookmark: _Toc239988593][bookmark: _Toc241204868]Section F: Importance of Support Strategies
Objective 5: To recommend practical strategies for retail banking organisations to better support employee adaptation to AI-driven change. Scale: 1 = Not at all important, 2 = Slightly important, 3 = Moderately important, 4 = Important, 5 = Very important. DK = Don’t know.
	Statement
	1
	2
	3
	4
	5
	DK

	F1. Providing regular and structured training on new AI tools and systems.
	☐
	☐
	☐
	☐
	☐
	☐

	F2. Offering clear and transparent communication about how AI will affect roles and responsibilities.
	☐
	☐
	☐
	☐
	☐
	☐

	F3. Creating opportunities for employees to reskill or move into new roles as AI changes existing ones.
	☐
	☐
	☐
	☐
	☐
	☐

	F4. Involving employees in decisions about how AI is adopted and implemented in the workplace.
	☐
	☐
	☐
	☐
	☐
	☐

	F5. Providing access to career development and coaching support during periods of AI-driven change.
	☐
	☐
	☐
	☐
	☐
	☐

	F6. Establishing a clear organisational commitment to retaining staff and avoiding redundancies where possible.
	☐
	☐
	☐
	☐
	☐
	☐

	F7. Recognising and rewarding employees for developing new skills or adapting to AI-enabled ways of working.
	☐
	☐
	☐
	☐
	☐
	☐

	F8. Providing emotional or wellbeing support (e.g. counselling, stress management) during AI-driven change.
	☐
	☐
	☐
	☐
	☐
	☐


[bookmark: _Toc239988594][bookmark: _Toc241204869]Section G: Additional Comments (Optional)
Is there anything else you would like to share about how AI has affected your role, your confidence, or your sense of job security? You may leave this blank.
________________________________________________________________
________________________________________________________________
________________________________________________________________

Thank you for completing this survey. If you would like a summary of the findings, please contact: 2503788@student.uwtsd.ac.uk


[bookmark: _Toc239988595][bookmark: _Toc241204870]Appendix B: Completed Ethical Approval Form (PG2)
A UWTSD PG2 Application for Ethical Approval for this study was completed and submitted, and approved prior to data collection. The approved form is signed by the researcher (Mohammod Emad Uddin, 20 May 2026) and the supervisor (Daniela Hellyer) and mentions the project “The Impact of AI-Driven Workplace Change on Employee Role Identity, Job Confidence, and Perceived Job Security in Retail Banking”.
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Emad_Survey_Responses_150.csv
Emad_Survey_Responses_150

		RespondentID		Consent		Continue		Eligibility_RetailBanking_WalesSWEngland		A1_AgeGroup		A2_Gender		A3_RoleType		A4_YearsInBanking		A5_Region		B1_AItoolsUsedRegularly		B2_AIuseIncreased2yrs		B3_AIperformsTeamTasks		B4_WorkAlongsideAIoutputs		B5_AIhigherThanExpected		B6_NewAItoolsLast12mo		B7_AIinfluencesMyDecisions		B8_ExpectAIincreaseNext2yrs		C1_ClearProfessionalPurpose		C2_AIchangedNatureOfJob		C3_AItakingOverExpertise		C4_SkillsJudgementStillValued		C5_QuestioningMyRole		C6_ProfessionalIdentityIntact		C7_RoleLessMeaningful		C8_FindNewWaysToContribute		C9_AIchangedValuedSkills		D1_ConfidentInAIworkplace		D2_AIreducedMyConfidence		D3_AbleToKeepUp		D4_FeelLessCompetent		D5_SkillsStillRelevant		D6_PaceHardToFeelConfident		D7_WellPreparedToAdapt		D8_ConcernedAImayReplaceMe		D9_FeelSecureInEmployment		D10_WorrySkillsObsolete		D11_JobExistsNext3to5yrs		D12_UncertainLongTermProspects		D13_OrgWillRetainEmployees		D14_ConsideredChangingCareer		E1_AdequateTraining		E2_ManagerCommunicatesClearly		E3_OrgSupportsAdapting		E4_OrgValuesContribution		E5_ReskillingOpportunities		E6_EmployeesInvolvedInDecisions		E7_OrgExplainedAImeaning		E8_SupportBuiltConfidence		E9_EnoughTimeToLearn		F1_RegularStructuredTraining		F2_TransparentCommunication		F3_ReskillingOpportunities		F4_InvolveEmployeesInDecisions		F5_CareerDevCoaching		F6_CommitmentToRetainStaff		F7_RecogniseRewardNewSkills		F8_EmotionalWellbeingSupport		G14_AdditionalComments

		R001		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Other retail banking role		Less than 1 year		South West England		2		3		3		3		4		2		5		3		5		4		1		3		3		2		3		4		4		3		5		4		5		3		2		1		4		2		3		3		3		5		4		5		3		3		3		4		3		5		5		3		4		5		2		4		4		3		5		4

		R002		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		Both (split role)		3		3		4		3		3		4		5		4		5		4		2		3		3		5		3		5		4		4		4		5		5		5		1		4		1		4		1		DK		2		4		2		4		4		2		3		4		1		3		4		3		5		4		5		5		5		5		3		5

		R003		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		South West England		4		4		4		2		2		4		3		5		3		4		5		3		3		2		3		3		3		3		3		3		1		5		3		5		2		4		3		3		3		3		2		3		3		2		4		3		2		3		4		4		5		4		4		4		5		4		4		4

		R004		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Other retail banking role		More than 10 years		South West England		2		3		DK		2		3		1		2		4		2		3		4		3		2		2		5		2		2		3		5		2		3		3		3		4		2		4		4		3		3		3		4		DK		3		2		4		3		3		3		2		2		5		5		5		4		3		5		5		3		It sometimes feels like decisions are made without consulting frontline staff.

		R005		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		Wales		DK		4		4		3		2		3		4		2		2		5		4		3		4		2		4		1		3		2		4		2		5		4		3		2		5		2		5		1		4		2		4		3		2		2		4		3		2		1		3		2		5		4		DK		3		3		3		5		2

		R006		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Prefer not to say		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		Wales		3		DK		4		3		3		4		DK		4		5		5		2		4		2		5		4		5		5		4		1		5		1		3		3		5		3		5		2		5		1		2		2		2		4		3		5		4		3		DK		5		5		4		3		3		4		5		5		4		4

		R007		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		Wales		3		4		3		4		3		3		1		3		4		2		5		5		4		5		4		2		3		2		5		2		5		1		4		3		4		3		5		3		4		1		4		2		2		2		3		2		3		2		1		2		5		4		5		5		4		5		3		4

		R008		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		South West England		4		4		4		4		5		2		5		4		3		4		4		4		3		4		5		1		5		4		4		3		3		3		5		3		3		2		4		2		3		3		4		2		4		2		4		2		1		2		1		2		4		5		5		4		2		3		4		5

		R009		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		Wales		5		3		5		3		4		4		4		3		4		2		3		5		3		5		3		3		2		5		3		4		3		3		4		2		3		3		4		4		3		4		5		5		5		5		4		4		5		4		5		3		5		5		4		3		4		5		5		4		AI supports my work rather than replacing it, which reassures me.

		R010		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		More than 10 years		Wales		5		3		3		4		4		5		3		4		5		5		1		4		5		5		3		5		4		4		2		4		4		3		3		5		2		5		3		3		3		2		3		4		4		DK		4		4		4		5		4		4		5		5		3		5		4		5		4		4

		R011		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		Wales		4		3		4		3		5		5		3		3		3		4		2		5		3		3		2		DK		3		4		1		5		5		4		5		1		4		3		3		3		4		5		5		5		4		3		3		4		4		DK		3		5		5		4		4		5		5		4		4		5		Communication from management about AI changes could be clearer.

		R012		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Management / supervisory		4-6 years		Wales		5		3		3		3		3		3		2		4		4		DK		2		2		3		3		2		3		5		3		2		2		2		3		3		3		3		2		3		5		4		2		4		1		1		2		2		1		1		2		1		3		5		5		3		3		2		4		4		5

		R013		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		Less than 1 year		Wales		3		5		4		4		4		3		2		2		4		3		2		5		3		5		2		5		3		5		3		4		1		4		1		5		2		4		2		3		1		3		3		3		4		5		5		4		3		3		4		3		4		3		4		4		5		4		4		3		I've had to learn new skills quickly, which has been stressful at times.

		R014		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		More than 10 years		South West England		4		4		1		2		2		4		2		4		5		3		4		5		2		4		3		4		3		3		2		4		3		4		3		4		2		4		3		4		3		2		2		3		3		2		4		3		1		4		4		4		5		4		5		4		4		5		5		4		More training would help me feel confident using the new systems.

		R015		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		Wales		4		3		5		5		4		4		4		4		4		5		4		5		4		4		4		DK		5		3		4		3		4		4		3		3		DK		3		5		4		3		3		2		3		DK		3		5		2		1		3		4		3		4		4		5		2		5		4		DK		4		There is not enough time allocated to learn the new tools properly.

		R016		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		Less than 1 year		Wales		3		3		2		2		3		3		1		4		2		3		4		3		4		4		4		2		4		5		3		4		5		2		3		4		3		2		4		3		2		2		3		2		4		2		3		4		3		2		3		4		4		5		3		DK		3		5		4		4

		R017		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		South West England		4		2		DK		3		4		3		3		5		4		4		3		3		3		3		3		5		DK		3		3		4		3		3		2		5		3		3		2		3		3		3		3		5		2		2		4		3		3		3		4		3		5		5		4		3		3		5		4		5

		R018		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		South West England		5		5		3		4		4		5		2		4		5		3		3		4		3		5		3		4		4		3		5		4		3		4		2		3		2		5		4		DK		2		4		2		1		2		1		3		1		2		2		2		2		4		4		4		4		5		3		5		4

		R019		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Both (split role)		5		DK		4		5		5		5		4		5		3		4		4		5		2		3		3		5		5		3		4		4		3		3		3		DK		4		4		2		3		2		4		5		4		2		4		3		3		3		5		2		4		5		4		5		4		5		5		4		4

		R020		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		South West England		4		3		4		5		4		5		3		4		3		5		2		4		3		5		4		3		4		4		2		5		4		5		2		4		3		3		4		3		3		3		3		3		2		2		3		4		1		4		4		3		5		5		3		4		5		3		3		5

		R021		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		South West England		4		5		4		2		3		2		2		4		2		4		4		4		5		4		3		2		4		3		4		4		4		4		2		3		3		2		3		DK		3		5		3		3		3		3		DK		2		5		3		3		5		5		5		4		5		4		4		4		3

		R022		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Non-binary / gender diverse		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		Wales		2		3		4		3		2		4		DK		4		4		2		3		4		2		4		4		5		2		4		3		4		3		4		3		5		2		5		3		4		1		3		2		4		4		3		3		4		3		4		3		3		5		5		5		5		5		5		4		4

		R023		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		South West England		5		3		4		5		4		4		4		5		4		DK		4		4		4		3		2		DK		4		5		2		5		3		DK		4		4		2		5		1		5		3		5		2		5		4		3		4		4		3		3		4		5		5		5		4		4		3		3		5		5		I worry my skills will become outdated if I don't keep learning.

		R024		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Non-binary / gender diverse		Management / supervisory		4-6 years		Wales		3		5		2		4		3		4		2		4		5		5		3		3		3		4		3		3		4		4		DK		3		2		3		4		3		3		2		4		2		3		2		4		2		2		3		3		3		2		1		2		3		5		5		4		2		4		4		5		3		Reskilling opportunities have helped me adapt to the changes.

		R025		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Management / supervisory		More than 10 years		Wales		4		5		4		5		3		5		2		DK		3		4		3		5		2		4		4		4		3		4		2		5		4		5		3		3		1		5		2		5		3		3		2		3		4		3		4		4		2		4		4		3		5		4		5		5		5		5		5		5		Customers still value speaking to a real person for important matters.

		R026		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Other retail banking role		7-10 years		South West England		5		5		3		4		3		4		2		4		DK		3		3		3		4		3		3		3		5		3		5		4		5		4		3		4		5		2		3		3		4		3		3		3		4		4		4		5		4		4		3		1		4		4		5		4		4		3		3		3

		R027		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		South West England		3		5		4		4		3		2		3		4		5		4		2		4		3		4		4		2		4		4		5		5		5		4		4		4		3		4		1		4		2		5		3		5		4		4		4		4		1		2		5		3		4		4		5		5		5		5		5		4

		R028		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		Less than 1 year		Wales		4		3		4		2		5		3		2		3		4		2		3		4		3		3		4		2		3		4		4		5		3		5		2		3		4		5		1		4		3		2		2		4		3		2		4		2		4		2		2		1		5		4		5		4		4		4		4		4

		R029		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		South West England		5		3		3		4		2		2		DK		2		2		4		5		3		5		3		4		2		4		3		4		2		4		3		4		2		5		2		4		2		3		4		4		2		3		4		5		5		4		2		4		3		4		4		4		3		5		5		4		3		I feel my experience is still valued even with automation.

		R030		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		Wales		2		3		4		4		2		3		3		4		2		4		DK		3		4		3		4		1		5		4		3		2		3		5		3		4		3		3		3		2		3		2		3		3		3		3		1		3		3		DK		3		2		5		5		3		4		3		4		4		4

		R031		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Wales		5		4		4		5		4		5		4		5		DK		5		2		4		1		5		3		5		4		5		3		3		3		3		2		5		3		4		4		4		1		4		3		3		2		4		2		2		3		3		3		3		5		3		5		5		3		4		5		3

		R032		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Other retail banking role		4-6 years		Wales		3		4		4		3		2		5		2		4		3		DK		4		DK		3		3		3		3		3		3		2		4		4		3		4		2		3		3		4		4		4		2		2		1		1		1		3		1		3		1		2		DK		5		3		4		3		4		3		5		4		I've had to learn new skills quickly, which has been stressful at times.

		R033		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		South West England		4		5		3		DK		4		4		4		5		4		4		4		4		3		5		3		5		5		5		2		5		2		DK		DK		4		4		3		3		3		3		2		4		2		2		DK		4		3		2		1		4		4		5		4		3		3		5		5		4		4		Reskilling opportunities have helped me adapt to the changes.

		R034		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Management / supervisory		7-10 years		South West England		3		4		5		4		2		3		1		3		4		2		2		3		1		4		2		3		3		4		4		4		4		4		3		3		3		3		4		4		2		4		4		4		2		3		4		1		2		2		2		1		5		5		4		3		4		4		4		4

		R035		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		More than 10 years		South West England		3		5		3		4		4		3		3		3		3		4		5		3		3		2		5		4		2		4		4		4		5		5		4		2		3		1		3		4		4		4		5		3		5		4		4		4		4		3		5		2		4		5		4		5		DK		3		5		2

		R036		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Management / supervisory		1-3 years		South West England		3		3		3		4		2		2		2		5		5		4		2		5		1		5		3		4		3		3		3		4		4		5		3		5		3		4		2		3		2		3		2		2		1		1		3		1		3		2		2		2		5		5		5		4		5		5		4		4

		R037		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		South West England		3		3		3		4		3		4		2		2		4		3		5		5		3		2		5		4		4		3		4		4		3		3		5		1		3		2		4		3		4		2		4		2		1		4		1		3		3		DK		DK		2		3		3		5		4		4		4		4		3		I've had to learn new skills quickly, which has been stressful at times.

		R038		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		South West England		3		5		1		3		2		5		3		4		3		3		4		3		4		4		4		3		4		4		4		4		3		2		3		2		4		4		3		1		2		3		3		3		3		DK		4		4		4		3		2		2		5		4		3		4		3		5		2		2		AI supports my work rather than replacing it, which reassures me.

		R039		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Wales		3		4		1		4		DK		2		2		3		4		1		3		3		2		5		2		5		4		DK		2		5		4		5		1		3		3		DK		3		4		1		5		2		5		5		4		4		4		4		5		5		5		5		4		5		5		3		5		4		5

		R040		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Management / supervisory		7-10 years		South West England		2		4		4		2		3		3		2		3		2		3		5		3		3		1		4		3		3		2		5		3		5		2		4		DK		3		2		4		3		3		DK		3		5		2		5		2		2		5		4		5		2		5		DK		5		5		3		3		3		3		It sometimes feels like decisions are made without consulting frontline staff.

		R041		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Prefer not to say		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		Wales		2		2		1		3		3		3		3		4		5		2		3		4		1		2		3		2		DK		4		2		5		5		4		4		4		3		1		4		3		4		3		2		3		2		4		5		5		5		4		5		2		5		3		4		4		5		5		3		4

		R042		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		South West England		5		5		4		2		2		3		3		3		4		4		3		2		4		3		4		2		3		2		5		4		5		2		4		2		4		3		5		2		4		5		2		3		3		4		3		1		2		4		4		1		5		4		DK		4		4		4		3		4		I feel uncertain about where my role will be in five years.

		R043		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Management / supervisory		7-10 years		Wales		3		4		5		4		3		4		3		5		1		DK		4		3		4		3		4		3		2		2		4		3		5		4		4		4		DK		3		4		2		5		4		5		4		4		4		2		DK		1		4		4		3		5		3		4		5		5		4		4		3

		R044		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		South West England		4		5		5		3		2		1		2		5		3		5		4		2		3		3		5		3		3		3		DK		DK		4		2		3		4		4		4		4		3		3		1		2		1		3		3		4		2		2		DK		2		3		4		4		5		4		4		4		4		4

		R045		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		South West England		3		4		4		3		4		4		5		5		4		5		3		4		4		3		3		4		4		4		3		3		4		2		3		3		4		5		3		5		4		DK		2		3		4		2		2		3		4		3		3		4		4		4		4		4		5		5		4		5

		R046		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		Wales		2		3		1		3		3		2		1		4		3		4		1		2		5		4		3		4		3		5		4		3		4		2		4		5		3		4		3		2		3		3		5		3		2		3		4		3		3		3		3		2		5		4		4		3		DK		3		3		4		It sometimes feels like decisions are made without consulting frontline staff.

		R047		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		Wales		3		5		3		4		3		4		3		4		3		4		3		3		4		3		3		3		2		4		3		3		4		3		3		3		4		3		DK		3		4		4		4		2		1		1		3		1		2		2		2		2		3		4		4		5		3		DK		5		4

		R048		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		South West England		4		5		4		4		3		3		2		DK		2		4		DK		4		4		2		2		2		2		2		5		2		5		5		3		1		3		2		3		2		5		4		5		4		3		2		3		3		2		1		4		3		4		3		4		5		4		4		4		4		AI has made some tasks faster but I worry about the human element being lost.

		R049		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Other retail banking role		7-10 years		South West England		4		3		3		4		2		3		3		5		5		2		2		4		3		4		5		4		3		2		2		2		5		5		3		4		2		3		4		2		4		5		3		4		3		3		4		4		3		DK		5		4		5		4		3		4		5		4		3		DK

		R050		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Wales		3		4		2		4		3		2		3		DK		3		3		4		4		4		2		2		3		DK		2		5		2		4		4		4		3		4		2		4		3		DK		3		5		5		4		5		5		3		3		2		3		4		4		4		3		4		2		4		3		5

		R051		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		South West England		4		3		4		3		3		4		4		2		4		5		3		5		3		5		4		3		3		3		2		1		4		4		3		4		2		4		4		5		4		3		3		3		2		3		3		4		3		3		3		DK		5		4		4		4		3		5		5		5

		R052		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		Less than 1 year		Wales		3		3		3		3		4		3		3		5		4		3		5		2		5		2		4		1		2		4		5		DK		5		2		DK		2		4		2		5		3		DK		3		5		1		2		2		4		2		3		3		3		2		3		4		2		5		3		3		4		5		Communication from management about AI changes could be clearer.

		R053		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		Wales		5		4		3		3		2		4		5		4		4		DK		5		DK		3		2		3		4		DK		4		5		3		5		3		3		2		2		3		DK		2		DK		2		5		4		3		2		4		2		2		2		3		3		3		5		4		3		5		5		4		4

		R054		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		Both (split role)		3		4		4		4		3		4		4		4		4		4		3		4		4		4		2		3		5		3		2		4		4		2		3		3		2		2		4		3		3		3		1		3		4		3		3		3		4		1		3		1		DK		2		4		5		4		4		4		4

		R055		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Management / supervisory		1-3 years		Wales		3		5		3		3		4		5		4		5		4		3		2		5		3		3		3		3		3		DK		4		2		5		3		3		4		3		2		2		3		3		4		4		4		4		3		4		3		DK		3		4		2		5		4		5		4		4		5		5		5		Communication from management about AI changes could be clearer.

		R056		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		South West England		DK		3		2		3		3		3		3		3		3		3		5		4		3		4		4		2		3		2		4		3		5		3		5		3		4		2		5		3		4		3		5		3		3		5		3		3		3		3		3		3		5		5		4		4		3		2		4		5

		R057		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		South West England		5		4		4		5		4		4		DK		4		5		5		1		4		2		2		5		4		4		3		3		5		3		4		DK		5		2		4		1		4		4		4		4		4		2		2		3		DK		4		3		2		2		4		4		4		3		5		4		4		4

		R058		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		Wales		5		4		4		4		5		5		3		3		3		4		3		2		3		2		4		4		5		3		4		3		4		4		5		4		2		2		DK		DK		4		4		5		2		3		5		4		3		3		4		5		3		4		5		5		4		4		2		3		3

		R059		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		South West England		3		5		4		4		5		4		3		2		3		4		4		3		5		3		5		3		3		1		5		3		5		2		5		2		5		2		5		2		5		3		4		2		4		5		4		2		3		4		2		4		5		3		4		3		3		5		3		3

		R060		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Management / supervisory		4-6 years		Both (split role)		4		4		4		3		3		4		5		4		4		5		3		5		2		4		3		5		3		5		3		4		3		5		2		4		2		4		1		4		3		2		3		4		2		5		4		4		3		4		3		5		4		4		5		5		3		4		4		5

		R061		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		Wales		3		5		4		5		3		4		1		4		1		3		5		3		4		3		5		4		2		DK		5		2		4		2		5		3		3		2		5		3		4		3		4		3		3		3		3		3		2		4		4		3		4		5		4		5		4		3		3		DK

		R062		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		Wales		3		3		3		3		4		3		2		3		2		4		4		3		4		4		4		3		4		2		4		3		5		3		2		4		DK		3		4		1		3		3		4		5		5		3		3		5		2		DK		3		2		4		4		5		3		5		3		3		4

		R063		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Management / supervisory		4-6 years		South West England		4		4		5		5		DK		4		4		5		4		5		2		3		2		4		4		1		3		4		3		3		3		5		2		4		2		4		3		3		3		2		3		3		2		4		1		4		1		2		3		2		5		4		3		4		5		4		4		3		It sometimes feels like decisions are made without consulting frontline staff.

		R064		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		South West England		4		5		4		2		3		DK		2		4		5		3		5		4		4		4		3		4		2		5		4		4		4		4		3		4		4		2		2		2		3		4		4		5		5		3		4		3		3		3		5		5		2		5		4		DK		3		4		3		4

		R065		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		Less than 1 year		Both (split role)		5		3		4		4		3		4		4		5		5		4		2		4		1		5		2		3		4		5		4		5		3		DK		4		5		3		4		DK		4		1		4		1		4		3		2		4		3		4		3		3		4		4		4		4		3		4		5		DK		5		Communication from management about AI changes could be clearer.

		R066		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		South West England		2		2		3		4		2		3		2		5		4		4		2		3		DK		4		2		5		3		5		2		5		2		3		3		4		3		4		3		4		3		3		3		4		2		4		3		3		DK		4		3		2		4		DK		4		4		5		4		5		3

		R067		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Other retail banking role		More than 10 years		South West England		4		3		5		3		4		4		2		DK		4		4		4		4		4		3		4		3		5		2		4		3		4		4		4		4		4		2		5		1		5		3		4		1		2		3		4		4		4		3		3		4		4		4		4		3		4		4		4		3

		R068		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		Wales		1		4		3		2		3		3		3		5		4		DK		DK		5		2		4		2		DK		3		4		2		3		3		5		3		4		3		5		2		4		4		3		4		2		2		3		4		3		3		2		4		3		5		4		5		5		4		5		5		4

		R069		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		South West England		4		DK		3		4		3		5		DK		4		3		4		3		3		4		3		2		2		4		3		4		DK		4		2		4		2		2		2		3		3		4		4		3		3		4		DK		4		2		5		3		5		5		5		5		5		4		4		5		4		4		Customers still value speaking to a real person for important matters.

		R070		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		South West England		5		3		5		5		3		4		4		3		5		5		DK		5		1		DK		1		5		4		5		2		5		1		3		1		5		2		5		1		4		1		3		1		4		5		DK		3		3		3		4		1		2		5		5		5		5		5		5		5		5

		R071		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		South West England		3		3		3		4		3		3		4		4		3		1		2		4		3		3		3		3		4		4		2		4		3		3		3		5		3		2		2		3		3		2		2		2		1		2		3		3		2		1		2		2		4		4		5		4		5		5		5		4

		R072		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		More than 10 years		Wales		3		5		3		5		3		5		2		3		3		2		2		3		2		4		4		2		3		2		4		2		4		4		3		3		4		3		4		3		2		1		4		1		3		2		2		3		2		3		2		DK		5		5		3		4		5		5		5		5

		R073		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Other retail banking role		Less than 1 year		Both (split role)		4		5		3		4		2		4		1		4		3		2		4		3		3		4		2		4		2		4		3		2		5		4		4		3		3		4		2		4		3		3		3		2		3		3		2		2		1		3		2		2		3		5		3		5		3		5		5		2		I feel uncertain about where my role will be in five years.

		R074		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Management / supervisory		1-3 years		South West England		3		3		5		3		2		3		3		5		5		4		3		3		2		3		5		3		4		3		4		3		3		4		4		2		3		3		3		5		2		3		2		2		3		3		3		4		2		3		4		2		2		5		5		4		3		4		5		5

		R075		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		South West England		4		5		5		5		4		5		5		5		4		4		2		4		1		4		3		5		4		5		1		5		2		4		4		3		3		2		3		5		1		3		4		DK		4		3		1		3		3		2		3		1		5		5		5		5		3		5		5		5

		R076		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Management / supervisory		7-10 years		Wales		DK		4		1		3		3		3		2		4		5		3		3		3		5		2		5		3		3		2		3		2		5		2		2		3		4		2		2		2		4		2		5		3		4		2		3		3		2		2		3		2		5		5		4		3		5		3		3		3		More training would help me feel confident using the new systems.

		R077		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Male		Management / supervisory		4-6 years		Wales		5		DK		4		4		3		3		2		4		4		5		4		5		4		3		3		4		2		2		5		4		2		3		3		4		4		3		4		2		3		4		4		4		4		DK		5		5		3		4		4		5		4		5		3		4		5		4		3		5

		R078		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		Wales		3		3		3		3		3		4		4		3		5		4		3		4		4		3		4		3		3		3		4		2		4		4		3		5		3		4		3		4		3		3		4		3		5		4		4		2		3		4		3		3		4		5		4		5		5		5		3		4

		R079		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		South West England		4		4		3		3		2		3		4		4		4		5		1		3		2		4		3		5		1		DK		3		3		2		5		2		5		3		5		2		3		3		5		3		5		5		3		3		2		2		3		3		4		5		5		5		4		5		5		3		5

		R080		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Wales		3		3		4		5		3		3		4		4		4		4		3		4		3		3		3		4		4		4		DK		1		4		4		3		4		2		3		3		2		2		3		3		2		3		2		4		3		1		3		3		4		4		3		4		4		4		5		4		3		Overall the transition has been positive for our branch.

		R081		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		Wales		4		4		4		2		3		3		2		3		4		4		4		4		4		5		3		4		3		4		DK		3		4		5		2		3		DK		3		4		4		2		3		4		3		5		5		5		4		3		3		3		3		3		5		DK		3		4		DK		3		5		The chatbots handle simple queries so I can focus on complex cases.

		R082		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Wales		5		4		5		4		2		5		3		4		2		5		5		3		3		3		3		3		DK		3		2		2		2		4		2		2		5		1		4		4		2		2		4		2		3		2		1		4		3		2		3		2		DK		5		4		5		3		5		5		4

		R083		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Management / supervisory		More than 10 years		Wales		3		4		3		3		3		3		3		4		3		4		5		2		4		2		4		3		4		4		4		3		5		4		2		4		2		2		4		3		2		2		3		2		1		2		3		4		1		2		DK		1		4		4		4		4		3		4		4		DK		I feel uncertain about where my role will be in five years.

		R084		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		South West England		5		4		5		4		2		3		3		1		2		2		1		3		3		4		3		4		5		4		3		5		3		4		3		5		4		2		2		DK		3		3		3		2		4		2		3		2		2		3		3		3		4		3		4		DK		3		5		4		4

		R085		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Other retail banking role		4-6 years		South West England		5		5		5		5		4		5		5		4		2		4		5		3		4		4		4		DK		5		2		4		2		4		3		4		2		5		3		4		1		3		3		5		3		3		2		2		2		2		3		4		3		3		4		4		5		5		5		3		5		Overall the transition has been positive for our branch.

		R086		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Wales		3		2		1		4		2		2		3		5		4		3		3		5		2		3		3		4		2		4		2		4		2		4		4		5		2		1		4		4		2		2		3		5		4		2		3		3		2		4		4		5		4		4		DK		4		5		5		4		5

		R087		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Management / supervisory		1-3 years		Wales		2		3		3		3		3		3		2		4		5		2		2		3		3		2		4		4		3		2		4		1		4		1		4		3		3		4		4		3		4		4		2		4		3		4		2		3		1		3		3		2		5		5		5		4		2		4		4		3

		R088		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		South West England		3		4		1		4		3		5		5		5		4		2		2		4		1		5		2		5		4		4		1		5		3		3		3		5		2		2		1		5		2		2		3		5		3		4		3		3		3		1		DK		2		4		5		5		5		5		5		5		5

		R089		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		South West England		5		4		2		3		2		2		3		4		3		3		3		4		2		4		3		4		5		2		3		2		3		4		4		3		2		4		2		3		4		3		4		3		3		1		2		2		2		3		3		3		5		4		3		4		3		5		5		4

		R090		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Management / supervisory		More than 10 years		Wales		2		4		3		4		1		3		1		4		5		4		3		4		5		2		4		2		2		5		3		4		3		4		4		1		3		3		3		2		4		3		5		2		5		4		3		2		2		3		4		4		4		3		4		3		4		5		5		3

		R091		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		South West England		3		3		4		3		3		4		4		2		3		2		3		3		3		2		3		4		4		2		4		2		5		2		4		3		5		2		4		2		4		3		5		3		3		DK		3		3		4		4		4		2		4		3		5		3		5		4		4		3

		R092		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Management / supervisory		4-6 years		Wales		4		4		3		4		2		5		4		5		5		4		DK		4		4		3		1		4		4		5		DK		DK		3		DK		3		3		1		5		2		5		2		DK		1		3		4		5		3		5		3		5		4		2		5		4		2		5		DK		4		4		4

		R093		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		Wales		4		3		4		3		3		3		DK		4		3		4		3		3		4		4		5		4		4		3		3		4		3		5		4		4		2		2		3		3		3		3		3		4		4		4		4		DK		4		3		4		4		4		4		4		4		2		5		3		5

		R094		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Management / supervisory		7-10 years		South West England		5		5		2		DK		2		2		2		4		3		DK		5		4		4		3		5		3		3		3		3		3		5		1		3		2		4		2		5		3		4		3		5		3		2		2		3		3		1		1		1		4		3		4		4		3		3		4		4		4

		R095		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		Wales		3		3		2		4		4		4		4		5		4		4		3		5		4		DK		1		4		4		4		5		3		4		4		2		5		2		5		4		5		3		2		3		2		4		5		3		3		2		2		4		2		4		5		3		4		5		5		5		5

		R096		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Non-binary / gender diverse		Back-office / operational (e.g. risk, compliance, fraud, operations)		More than 10 years		Wales		3		3		3		3		4		2		3		3		5		3		1		4		3		4		3		5		2		3		2		4		2		5		2		3		2		3		2		4		DK		3		2		2		2		2		3		3		3		1		2		3		3		5		5		5		5		3		4		4

		R097		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Management / supervisory		4-6 years		South West England		3		4		2		DK		3		5		3		5		2		5		1		3		4		3		3		3		3		1		5		4		4		4		5		3		4		2		3		2		4		4		3		3		4		3		2		3		DK		4		3		5		4		4		5		4		5		5		4		4

		R098		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		South West England		5		5		4		3		3		3		4		3		5		5		DK		5		1		3		3		4		3		5		2		5		1		5		3		4		3		4		1		3		1		5		2		4		4		4		5		4		2		3		4		2		4		5		3		5		4		3		5		5		I feel my experience is still valued even with automation.

		R099		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		Wales		4		4		4		2		4		5		4		5		3		2		3		5		3		3		4		4		3		5		3		2		4		4		2		3		1		3		2		2		2		2		5		2		1		3		1		2		2		2		1		1		3		4		5		4		4		5		5		4

		R100		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		Wales		4		4		3		4		2		4		2		4		2		4		3		3		5		3		5		3		3		2		3		3		4		3		4		2		4		3		4		3		4		DK		2		5		3		4		3		4		5		4		3		5		3		3		3		4		4		5		5		4

		R101		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		South West England		4		5		4		4		3		3		3		4		4		4		3		2		2		3		5		4		5		DK		3		4		5		1		5		2		5		2		4		2		4		4		4		5		4		3		4		4		1		3		3		4		5		5		4		3		4		4		5		3

		R102		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		South West England		4		4		3		2		3		3		2		4		3		3		2		DK		4		4		5		5		4		4		2		4		4		3		3		3		3		4		3		4		2		2		3		2		3		3		2		1		3		2		3		3		4		5		3		2		4		3		3		4

		R103		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		South West England		4		1		3		4		3		4		4		2		4		3		3		3		3		DK		3		3		2		4		3		4		3		3		3		2		4		4		3		3		DK		3		3		1		3		3		4		3		3		3		3		4		5		5		4		3		5		5		4		4		Overall the transition has been positive for our branch.

		R104		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		Less than 1 year		Wales		5		3		2		3		2		2		2		2		5		DK		2		5		3		5		3		4		3		3		2		3		4		5		2		3		2		4		3		5		2		4		2		4		5		3		5		3		3		3		4		2		5		5		4		3		4		4		3		4

		R105		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		Less than 1 year		South West England		4		3		3		3		4		3		3		5		5		3		2		4		3		3		2		2		3		5		4		4		2		3		2		4		1		4		3		3		3		1		4		DK		4		3		4		3		4		3		4		3		4		5		5		5		4		5		4		4

		R106		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Management / supervisory		4-6 years		South West England		4		4		3		DK		1		3		3		3		3		4		4		3		2		4		2		4		3		3		2		4		4		DK		4		3		2		4		4		4		4		4		4		3		3		5		5		3		2		2		5		4		5		4		4		3		5		5		5		4		It sometimes feels like decisions are made without consulting frontline staff.

		R107		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Male		Management / supervisory		More than 10 years		Wales		3		3		5		3		4		5		4		5		3		5		4		4		4		4		3		3		4		3		2		4		3		4		4		4		3		2		2		4		2		4		2		2		3		3		4		3		3		2		4		2		4		5		3		3		4		4		4		5

		R108		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Prefer not to say		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		South West England		5		5		4		5		3		4		4		5		2		5		3		3		3		4		2		4		4		4		4		4		3		3		2		3		3		2		2		3		3		4		2		4		DK		3		4		4		3		3		4		4		4		4		5		3		4		4		4		5

		R109		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		South West England		4		4		4		4		5		5		2		5		3		3		4		4		2		DK		3		3		4		4		2		4		3		4		4		4		3		3		2		4		2		3		3		3		3		2		2		4		2		4		3		2		4		5		3		4		5		5		4		4		There is not enough time allocated to learn the new tools properly.

		R110		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		South West England		2		2		2		4		3		2		2		2		3		4		3		2		3		5		4		4		4		2		2		5		4		4		4		3		4		4		3		4		1		5		1		1		4		5		3		DK		2		5		3		3		3		2		5		5		4		3		4		5

		R111		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Management / supervisory		More than 10 years		South West England		4		5		3		4		3		3		3		3		4		DK		3		3		4		4		5		2		5		2		3		1		5		3		5		1		2		3		5		2		4		4		2		2		4		3		3		1		2		1		2		2		4		3		4		4		4		5		5		3

		R112		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		Both (split role)		5		4		4		5		4		4		3		4		2		DK		3		3		5		3		4		3		3		3		3		1		5		3		4		1		5		3		5		2		5		2		4		3		4		1		1		3		2		3		3		2		4		4		4		1		2		3		3		4

		R113		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		Both (split role)		4		4		5		4		5		3		3		3		4		2		1		4		1		4		3		5		3		4		1		4		2		4		2		5		2		3		3		4		3		1		2		4		3		2		4		3		4		4		3		3		5		5		5		5		5		5		4		4

		R114		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		South West England		2		4		1		3		3		3		3		4		4		4		2		4		1		4		2		5		3		5		4		5		2		5		2		5		1		5		3		5		3		2		1		3		2		3		3		2		2		1		3		2		5		4		3		4		4		5		5		5

		R115		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		South West England		3		4		4		4		3		3		3		4		4		3		2		5		2		3		2		3		1		5		1		5		3		5		3		5		2		5		2		4		1		2		1		4		1		2		5		2		1		3		3		3		2		5		4		5		4		5		3		5

		R116		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		South West England		4		5		5		4		3		5		4		DK		4		4		5		4		2		3		4		3		4		3		4		4		5		3		4		3		DK		4		5		4		4		3		5		4		4		4		4		4		4		5		5		3		3		4		5		DK		5		5		5		3

		R117		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		South West England		4		4		5		5		4		3		1		4		5		5		5		5		5		4		4		4		4		4		2		3		5		5		2		3		2		2		4		5		2		3		3		3		4		4		2		4		3		3		5		5		4		4		4		4		4		4		4		4

		R118		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		Wales		DK		5		3		4		2		4		2		5		3		4		1		4		3		4		3		5		1		5		1		5		4		3		4		5		3		4		2		3		3		3		2		3		4		3		4		3		3		3		2		2		5		4		4		5		3		5		5		5

		R119		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Management / supervisory		1-3 years		Wales		3		4		5		5		3		5		1		2		4		4		3		4		3		4		5		3		2		5		4		3		5		3		4		3		3		5		2		1		3		2		4		4		3		5		4		3		1		4		1		4		4		5		4		4		4		5		5		4

		R120		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Non-binary / gender diverse		Management / supervisory		1-3 years		Wales		3		5		2		4		2		3		2		3		3		2		3		5		3		3		5		3		2		4		2		2		2		4		4		2		5		5		2		3		2		4		4		3		5		4		5		2		3		4		4		5		4		3		5		3		5		4		4		4

		R121		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		Wales		2		5		5		2		3		4		3		5		3		3		4		4		3		5		4		4		3		2		4		4		5		5		1		4		3		2		3		3		4		4		2		3		4		2		3		3		2		2		3		3		4		4		5		DK		3		4		4		4

		R122		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Male		Management / supervisory		4-6 years		Wales		4		5		5		3		5		3		3		5		4		3		4		4		DK		3		3		4		3		5		4		3		4		3		3		5		3		3		1		3		3		3		3		5		4		3		4		5		2		5		5		5		5		3		4		4		5		4		4		3

		R123		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		Wales		5		4		2		2		1		4		1		2		2		4		4		4		4		4		5		3		3		2		4		3		5		3		3		2		4		2		4		4		5		4		5		4		4		4		5		4		4		4		4		3		5		5		5		4		4		3		4		4

		R124		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		South West England		5		4		2		3		3		3		4		5		4		3		3		3		1		4		4		3		4		3		3		DK		4		3		DK		4		5		2		4		3		5		3		3		1		3		4		2		2		1		4		2		4		5		5		4		5		4		4		4		4

		R125		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		Wales		5		5		4		4		3		5		4		4		3		5		2		5		3		4		3		4		3		1		3		5		4		3		3		4		4		2		3		2		2		3		4		3		1		4		4		3		2		2		2		1		4		DK		4		5		4		5		4		5		AI has made some tasks faster but I worry about the human element being lost.

		R126		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		More than 10 years		South West England		4		3		1		2		3		2		2		3		5		2		1		5		2		5		2		5		2		4		3		5		2		5		2		4		2		4		2		4		2		2		3		3		2		2		4		2		2		4		1		1		4		5		5		5		5		5		4		4		AI has made some tasks faster but I worry about the human element being lost.

		R127		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Female		Management / supervisory		More than 10 years		South West England		3		5		5		4		3		3		4		5		3		4		4		4		3		4		2		5		3		2		4		3		4		3		3		4		3		3		2		4		3		5		2		5		3		4		3		4		3		3		3		4		4		5		5		4		5		5		5		5

		R128		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Management / supervisory		7-10 years		South West England		3		3		3		3		3		3		2		3		5		5		2		4		1		4		3		3		4		5		3		4		1		5		3		4		3		5		3		3		2		4		1		5		5		4		5		5		DK		4		4		4		5		5		5		5		5		DK		5		5

		R129		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Management / supervisory		7-10 years		South West England		3		3		3		3		4		4		2		4		4		4		4		5		2		DK		3		2		3		5		4		4		3		3		4		4		3		4		2		4		3		3		4		3		4		3		2		5		1		4		5		3		4		4		4		4		4		3		4		4		I am concerned about redundancies as more processes get automated.

		R130		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		1-3 years		Wales		2		5		4		5		4		4		3		5		4		4		4		5		3		1		4		4		3		DK		4		4		3		4		3		4		2		4		4		2		3		1		4		2		2		3		4		2		1		1		2		3		5		4		5		3		5		5		3		5

		R131		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		Less than 1 year		South West England		4		4		2		4		2		1		2		3		5		5		3		5		DK		5		2		3		5		5		DK		5		2		3		3		4		2		5		1		3		1		2		1		3		4		3		3		4		2		3		3		2		5		4		4		5		5		5		5		5

		R132		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Other retail banking role		Less than 1 year		South West England		4		3		DK		5		3		4		3		5		4		2		2		5		5		5		2		4		4		5		2		4		2		DK		2		4		3		4		2		3		3		4		3		3		4		4		3		1		3		4		3		4		4		DK		5		4		4		5		3		4

		R133		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Male		Other retail banking role		Less than 1 year		Wales		4		4		5		DK		3		4		2		3		5		4		4		4		1		3		3		5		2		5		2		5		3		4		2		4		2		3		3		5		3		2		3		2		3		2		2		3		1		3		4		1		4		4		4		1		4		5		5		4

		R134		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		More than 10 years		South West England		4		4		4		4		2		5		2		4		5		3		3		5		2		4		4		3		4		3		1		5		4		4		2		4		4		4		3		4		2		3		2		2		2		3		2		DK		1		3		DK		2		3		DK		4		4		4		5		4		4

		R135		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Management / supervisory		More than 10 years		Wales		2		3		4		5		2		3		2		4		5		DK		1		3		5		4		5		5		3		4		4		3		3		5		3		4		2		3		DK		2		4		3		2		3		3		2		3		3		3		2		2		4		4		5		4		4		4		5		5		4

		R136		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		South West England		4		4		4		5		2		3		3		3		5		5		5		3		4		3		4		4		3		4		4		3		DK		4		2		4		2		3		5		3		5		2		3		4		3		3		1		3		2		5		2		2		4		4		4		4		4		5		4		5

		R137		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		Less than 1 year		Wales		4		3		4		4		4		1		2		4		3		1		4		5		4		2		3		2		3		3		5		DK		5		3		3		2		5		1		4		2		4		2		4		3		2		1		1		2		1		1		2		1		4		5		3		5		3		5		5		5

		R138		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Back-office / operational (e.g. risk, compliance, fraud, operations)		4-6 years		Wales		4		5		2		3		3		3		4		3		3		4		4		2		4		3		3		2		3		4		2		4		3		5		2		3		3		3		4		3		1		3		3		3		2		2		4		1		3		2		DK		1		4		4		4		5		4		3		4		4

		R139		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Prefer not to say		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Both (split role)		3		5		3		5		4		4		4		3		5		DK		5		3		3		2		3		5		3		4		5		3		4		3		4		3		3		3		4		2		2		3		3		1		2		3		3		4		1		2		2		3		5		4		5		DK		4		4		5		2

		R140		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Wales		3		2		2		2		3		1		3		4		1		3		4		2		5		2		3		DK		3		2		4		3		5		2		5		2		5		3		4		3		3		3		5		4		3		4		2		DK		1		2		3		2		5		4		4		5		5		5		4		4		Customers still value speaking to a real person for important matters.

		R141		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		Less than 1 year		Wales		4		3		2		4		3		2		2		4		5		4		2		5		DK		5		3		4		5		3		1		4		3		5		3		4		3		3		3		4		3		3		2		DK		4		3		5		4		4		3		4		4		4		5		4		5		4		3		5		5

		R142		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Back-office / operational (e.g. risk, compliance, fraud, operations)		7-10 years		Wales		4		3		3		2		3		4		3		3		2		3		2		5		2		5		1		5		2		5		DK		4		4		4		2		3		1		4		3		4		4		3		2		3		2		1		3		2		1		3		2		2		5		4		5		3		DK		3		4		4

		R143		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		18-24		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		1-3 years		Both (split role)		2		4		3		3		3		3		3		4		2		4		3		3		4		1		5		1		2		4		3		3		4		3		5		3		5		2		5		3		4		2		5		3		2		2		2		2		1		1		2		3		4		3		3		2		3		5		3		3

		R144		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		25-34		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		South West England		4		4		3		4		3		5		3		5		3		5		DK		3		4		3		4		4		3		4		3		2		3		4		4		4		5		3		5		3		3		2		3		2		3		DK		5		2		DK		3		3		2		5		4		5		4		3		3		5		5

		R145		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Prefer not to say		Back-office / operational (e.g. risk, compliance, fraud, operations)		More than 10 years		South West England		4		4		5		5		4		4		4		4		4		5		4		3		1		5		5		3		4		4		2		3		3		3		4		5		3		5		3		3		1		4		3		4		5		5		3		5		2		5		3		5		DK		3		5		2		5		5		3		3

		R146		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		55 or over		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		7-10 years		Both (split role)		5		3		2		5		4		4		4		3		4		DK		DK		4		1		3		4		4		3		4		3		3		2		4		2		3		4		1		2		1		DK		3		5		2		2		3		3		2		3		1		3		2		5		3		5		2		5		3		3		4

		R147		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		4-6 years		Wales		3		4		5		3		4		5		5		3		5		3		4		4		2		4		3		DK		4		5		3		3		2		3		4		5		1		5		1		5		1		2		3		2		3		4		3		3		2		1		3		3		2		5		5		4		5		3		3		4		It sometimes feels like decisions are made without consulting frontline staff.

		R148		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		45-54		Male		Management / supervisory		4-6 years		South West England		3		4		2		4		2		3		3		4		3		5		5		2		4		2		5		3		DK		2		DK		2		4		2		4		1		5		1		5		1		3		5		5		4		5		3		5		5		2		4		3		3		5		2		3		4		4		5		3		3

		R149		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Non-binary / gender diverse		Back-office / operational (e.g. risk, compliance, fraud, operations)		More than 10 years		Both (split role)		2		4		5		DK		3		3		3		4		5		4		4		5		3		3		3		4		5		5		5		3		3		3		2		3		5		4		2		3		3		2		4		3		4		3		4		2		3		4		4		3		4		5		5		3		3		DK		5		5

		R150		I have read the above information and I consent to take part.		Yes, please continue to the survey		Yes		35-44		Female		Customer-facing / frontline (e.g. branch staff, personal banker, relationship manager)		More than 10 years		Wales		3		3		4		2		3		3		3		4		3		2		4		4		DK		4		4		3		4		4		2		4		3		4		3		3		1		2		3		3		3		3		4		5		3		2		4		5		4		4		5		3		4		4		4		3		3		5		4		5
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