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Abstract
This dissertation examines the impact of artificial intelligence (AI) on customer experience in UK retail banking. UK banks have adopted AI in various forms, including chatbots, virtual assistants, automated fraud alerts, automated customer support, and personalised recommendations (Adeniran et al., 2024). These services can improve the speed, convenience, and availability of banking support, but they can also raise concerns about privacy, fairness, data security, transparency, and the loss of human interaction. The study therefore examines customers' experience of AI-powered banking services and how that experience relates to satisfaction, trust and loyalty intention.
The research aimed to understand the impact of AI on customer experience in UK retail banking, as well as the influence of perceived service quality and perceived risk on customers' attitudes towards AI banking (Alalwan et al., 2025). A mono-method, positivist, deductive and quantitative design was adopted. Data were collected through an online questionnaire distributed to customers of UK retail banks aged 18 or above who had used at least one AI-powered banking service. The questionnaire included screening, demographic, and Likert-scale items measuring six constructs: perceived AI effectiveness, perceived service quality, perceived risk, customer trust, customer satisfaction, and loyalty intention. We collected 111 responses, of which 105 were retained for analysis after data screening. The data were analysed in SPSS using descriptive statistics, Cronbach's alpha reliability testing, Pearson correlation and multiple linear regression.
The findings show that perceived AI effectiveness significantly predicted both perceived service quality and customer satisfaction, and that perceived service quality significantly predicted customer trust. Customer satisfaction and customer trust both significantly predicted loyalty intention, with trust partially mediating the relationship between satisfaction and loyalty. Perceived risk, however, did not significantly predict customer trust once service quality was accounted for. Overall, five of the six hypothesised relationships were supported. The findings suggest that customer trust and loyalty in AI-powered banking are driven primarily by how effectively and reliably the service performs, rather than by the level of risk customers perceive. The dissertation concludes with recommendations for UK retail banks to improve the performance and reliability of AI-driven services, communicate more transparently about automated decisions, strengthen data security, and retain accessible human support for complex or sensitive enquiries.
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[bookmark: _Toc241199830]1.1 Introduction
Artificial intelligence (AI) has become an important part of modern retail banking. UK retail banks increasingly use AI-powered technologies to serve customers more efficiently, reduce waiting times, and provide faster digital assistance. These technologies are typically delivered through chatbots, virtual assistants, automated customer support, fraud detection systems and personalised banking recommendations (AlSokkar et al., 2024). These services allow customers to access banking support anytime and from almost anywhere, improving convenience and service availability.
As AI adoption grows, customer interactions with banks are shifting from traditional face-to-face or telephone support to mobile apps, automated platforms, and AI-enabled digital channels. Consequently, customer experience is now shaped primarily by the speed, accuracy, reliability, and ease of use of these technologies.
While AI enhances efficiency and convenience, it also raises concerns about privacy, data security, and the fairness and transparency of automated decisions. AI systems may lack the empathy customers seek in complex or sensitive situations. Therefore, the success of AI in retail banking depends on both technical performance and customers’ perceptions of service quality, trust, risk, satisfaction, and access to human support. This dissertation examines how AI-powered banking services affect customer experience in the UK retail banking sector.
[bookmark: _Toc241199831]1.2 Background of the Study
The UK retail banking sector has undergone significant digital transformation in recent years, with AI playing a central role. Banks now use AI to automate routine services, respond to customer enquiries, detect fraud risk and offer personalised financial support. AI-powered chatbots and virtual assistants allow customers to resolve queries without visiting a branch or waiting for a call-centre agent (Frank et al., 2023). Fraud detection systems benefit both banks and customers by tracking unusual transactions and strengthening protection, while personalised recommendations make banking services more relevant to individual customer needs. These developments can improve the speed, convenience and availability of 24/7 banking support. Still, they also raise new customer expectations (Zungu et al., 2025): digital services must be accurate, secure, fair and easy to use. Understanding AI's impact on customer experience in UK retail banking is therefore essential.
[bookmark: _Toc241199832]1.3 Research Problem
UK retail banks are investing heavily in artificial intelligence to improve efficiency, reduce operating costs and deliver faster customer service. AI-powered applications such as chatbots, virtual assistants, fraud detection and automated support can make banking more accessible and convenient. However, using AI does not automatically translate into a positive customer experience.
While some customers value the speed, availability and convenience of AI-based services, others may be uncomfortable with the reduced personal element of banking and the increased reliance on automated systems. This matters because banking involves sensitive financial data and complex customer needs: customers may worry about data privacy, information security, the fairness of automated decisions, and a lack of clear explanation, and may prefer human support for complaints, fraud, or debt-related matters. Lemon and Verhoef (2016) note that customer experience involves both functional and emotional responses across the customer journey; technical efficiency alone may therefore be insufficient to build satisfaction and trust.
Despite the growing adoption of AI-based services by UK retail banks, evidence remains limited on how this adoption relates to customer satisfaction and trust, and on the roles played by perceived risk, transparency, privacy, and the loss of human interaction (Lemon and Verhoef, 2016). Banks may evaluate AI primarily in terms of cost savings, speed and operational performance, while customers may judge it in terms of reliability, safety, fairness, service quality and emotional trust.
This creates a potential gap between banks' expectations of AI and customers' experience of it. This research therefore focuses on the impact of AI-based banking services on customer satisfaction and trust, and on the relationships between service quality, perceived risk and loyalty intention in the UK retail banking sector.
[bookmark: _Toc241199833]1.4 Research Aim
This study investigates the effect of AI use in the banking sector on customer satisfaction and customer trust in the UK retail banking sector. It explores the roles of perceived AI effectiveness, perceived service quality, perceived risk, and loyalty intention (Nguyen and Le, 2025).
[bookmark: _Toc241199834]1.5 Research Objectives
· To identify the key AI-driven customer-facing services used within the UK retail banking sector.
· To analyse the impact of AI-driven banking services on customer satisfaction.
· To examine the relationship between AI banking services and customer trust.
· To assess how customers' perceived service quality influences their perceptions of AI services in banking.
· To investigate the mechanism linking customer satisfaction and customer trust to customers' intention to remain loyal.
· To provide concrete recommendations for enhancing the customer experience of AI in UK retail banks.
[bookmark: _Toc241199835]1.6 Research Questions
· What is the impact of artificial intelligence on customer experience in UK retail banking?
· What are the impacts of AI banking services on customer satisfaction, customer trust, and customer perceived service quality?
· How does perceived risk influence customer trust and intention to remain loyal to AI-powered retail banking services?
[bookmark: _Toc241199836]1.7 Significance of the study
This study is relevant given AI's growing role in UK retail banking. Its findings can help banks understand how customers respond to AI-enabled services, which in turn shapes satisfaction, trust and loyalty. Banks can use the findings to develop faster, safer, more transparent and more customer-friendly AI services (Oyeniyi et al., 2024). The findings may also help customers by encouraging better protection, clearer information and access to human assistance where needed. They may inform regulators considering the responsible use of AI in financial services. The study further provides a foundation for future academic research on AI and customer experience in banking.
[bookmark: _Toc241199837]1.8 Scope of the Study
The study focuses on retail banking customers aged 18 and above in the UK who have used at least one AI-powered banking service, including chatbots, virtual assistants, fraud alerts, automated customer support, or personalised recommendations. The scope is limited to customer-facing AI services in retail banking and does not cover investment banking, corporate banking or internal employee use of AI. The main variables examined are customer experience, customer satisfaction, customer trust, perceived service quality, perceived risk and loyalty intention (Jain and Gupta, 2004). The study used a quantitative survey design and targeted 100-120 valid respondents.








[bookmark: _Toc241199838]1.9 Structure of the Dissertation
	Chapter
	Title
	Description

	Chapter 1
	Introduction
	Introduces the study's research topic, background, problem statement, aim, objectives, research questions, significance, and scope of the study.

	Chapter 2
	Literature Review
	Reviews academic literature related to AI in banking, customer experience, customer satisfaction, trust, service quality, perceived risk and intention to loyalty.

	Chapter 3
	Research Methodology
	Describes research philosophy, research approach, research design, sampling, data collection, data analysis, reliability and validity, and ethical issues.

	Chapter 4
	Data Analysis and Findings
	Conducts and interprets survey analysis through descriptive statistics, reliability analysis, correlation analysis and regression analysis.

	Chapter 5
	Discussion, Conclusion and Recommendations
	Describes the results within the scope of research goals and theories and offers conclusions, recommendations, limitations of the study and future research directions.




[bookmark: _Toc241199839]Chapter 2: Literature Review
[bookmark: _Toc241199840]2.1 Introduction
This chapter reviews literature relevant to artificial intelligence and customer experience in retail banking. It examines AI-driven banking services, customer experience, customer satisfaction, customer trust, perceived service quality, perceived risk and loyalty intention. These areas matter because banks increasingly use AI to change how they support, inform, and serve customers. The chapter begins by defining AI in retail banking and describing customer-facing AI services such as chatbots, virtual assistants, fraud alerts, robo-advisory support and personalised recommendations. It then discusses customer experience as both a functional and an emotional concept: customers judge AI banking not only on speed, but also on security, fairness, empathy, privacy and confidence. The chapter then examines how AI effectiveness is likely to influence satisfaction, trust, service quality, and loyalty intention, drawing on the Technology Acceptance Model, Expectation-Confirmation Theory, and SERVQUAL. The chapter concludes with the conceptual framework, the research gap, and a summary.
[bookmark: _Toc241199841]2.2 Concept of Artificial Intelligence in Retail Banking
Artificial intelligence is a digital system capable of performing tasks usually associated with human intelligence, such as learning, prediction, communication, problem-solving and decision-making. In retail banking, AI improves the efficiency, accuracy, security, and overall customer experience of banking services. Banks use machine learning to identify patterns in customer data and refine their decisions over time, and predictive analytics to anticipate customer needs, detect unusual transactions and support risk management. Natural language processing techniques make chatbots and virtual assistants better able to understand customer queries and respond automatically. Vuković, Dekpo-Adza and Matović (2025) note that AI is now embedded across financial services, including fraud detection, credit scoring, robo-advisory services, and digital banking innovation. AI-based fraud detection systems can identify suspicious transactions faster than traditional methods, helping to protect customers and reduce financial losses. Adeniran et al. (2024) suggest that data-driven services improve the overall customer experience when they deliver value and relevance. AI in banking should therefore be understood not only as a technical system but also as a service experience, judged by customers on speed, accuracy, fairness, privacy and trust.
[bookmark: _Toc241199842]2.3 AI-Driven Customer-Facing Services in Banking
Customer-facing AI services are the AI applications that customers directly use or experience, commonly including chatbots, virtual assistants, automated fraud alerts, personalised recommendations, and robo-advisory or self-service tools (Nguyen and Le, 2025). Chatbots respond to routine customer queries, guide customers through banking processes, reduce waiting times, and are available at all times. Nguyen and Le (2025) suggest that AI chatbots can improve customer experience when they are useful, responsive and easy to access and use, while Zungu et al. (2025) show that AI-powered self-service can enhance customer experience by offering convenience, control and value. Virtual assistants typically support a wider range of banking needs, such as helping customers understand payments, spending patterns or product options. Automated fraud alerts can flag suspicious activity and reassure customers (Zungu et al., 2025); personalised recommendations make banking more relevant to individual needs, and robo-advisory services provide automated financial guidance. These services also raise concerns, however, including how customer data is used, the lack of explanation for automated decisions, and increasing reliance on automation. Convenience from AI-driven services therefore needs to be balanced with transparency and an accessible human touch.
[bookmark: _Toc241199843]2.4 Customer Experience in Retail Banking
Customer experience reflects a customer's overall attitude towards a bank and includes both functional and emotional aspects. The functional dimension is characterised by speed, convenience, reliability, ease of use and accuracy; AI can improve these by responding in real time, processing information quickly and providing services outside branch hours. Lemon and Verhoef (2016) note that customer experience unfolds across the whole customer journey rather than in a single interaction, meaning AI needs to be evaluated across multiple touchpoints, including mobile apps, chatbots, fraud alerts and personalised recommendations. The emotional dimension involves trust, confidence, empathy, transparency and reassurance, which matter particularly in banking because customers share sensitive personal and financial information. Meyer and Schwager (2007) highlight that customer experience has both emotional and practical dimensions; a fast but impersonal chatbot response, or a fraud alert that is not clearly explained, can cause stress rather than reassurance. Customer experience in AI banking is therefore shaped not only by how well the service performs but also by how confident the customer feels.
[bookmark: _Toc241199844]2.5 AI Effectiveness and Customer Satisfaction
AI effectiveness refers to the value AI services provide to customers: AI should be useful, accurate, easy to use and accessible. Effective AI can improve customer satisfaction by responding quickly, providing accurate information, and offering helpful support, since satisfaction depends on how service delivery compares with customer expectations (Bhattacherjee, 2001). Customers generally expect AI banking services to process transactions quickly, protect their data, and provide accurate and clear guidance. Davis (1989) similarly argues that perceived usefulness and ease of use are central to technology acceptance, reinforcing the link between AI effectiveness and satisfaction. AI can improve satisfaction by reducing waiting times, enabling round-the-clock access, and personalising services to match customer behaviour; Alalwan et al. (2025) suggest that the quality of AI chatbots can shape the customer's overall experience and response. However, AI can also reduce satisfaction when a chatbot fails to resolve a query, when automated systems struggle with complex problems, or when customers feel AI cannot show the same empathy as a human in sensitive situations such as fraud, debt or complaints (Alalwan et al., 2025). Evaluations of AI effectiveness should therefore consider both technical performance and how customers feel about the interaction.
[bookmark: _Toc241199845]2.6 AI Banking and Customer Trust
Trust is central to banking, as customers rely on their bank to safeguard their finances, data and financial decisions. Trust is particularly important in AI banking because customers may not fully understand how AI systems work. Frank et al. (2023) find that customers' willingness to use AI services is closely associated with their trust in the company providing them, suggesting that customers who already trust their bank may be more willing to adopt its AI services. Morgan and Hunt (1994) similarly describe trust as central to long-term relationship quality, which is highly relevant to banking given the importance of customer confidence and reliability. Trust in AI banking depends on customers believing that AI systems are accurate, secure, fair and transparent, and that their personal data will not be misused. Rohit et al. (2025) find that privacy and trust are critical factors shaping customers' interactions with smart banking chatbots: accurate responses, effective fraud detection and responsive support can help build trust, whereas a lack of transparency in AI decisions or limited access to human support can undermine it. Banks therefore need to deploy AI responsibly, with clear communication, appropriate human oversight and robust data protection.
[bookmark: _Toc241199846]2.7 Perceived Service Quality
Perceived service quality reflects how customers evaluate service quality. The SERVQUAL framework defines service quality across several dimensions, including reliability, responsiveness, assurance, empathy and tangibles (Parasuraman et al., 1988). In AI banking, reliability refers to the ability of AI to provide accurate responses and perform tasks correctly; responsiveness refers to how quickly and helpfully AI-driven support is delivered; assurance refers to the sense of safety and confidence customers feel when using the service; and empathy refers to the extent to which the system appears to understand customer needs and concerns. Chatbots and virtual assistants can improve perceived reliability and responsiveness by providing instant, accurate and consistent replies. Still, empathy remains more difficult to achieve, since AI systems are not always as attuned to human emotion as staff, which matters particularly when customers need reassurance during stressful situations. Alalwan et al. (2025) show that AI chatbot service quality can influence both customer experience and loyalty-related outcomes. However, service quality in banking cannot be achieved through automation alone: a fast AI response is insufficient if the service is not also easy to use and personally relevant. AI banking therefore needs to be quick, accurate, secure and customer-centred, since higher perceived service quality is associated with greater satisfaction, trust and loyalty intention.
[bookmark: _Toc241199847]2.8 Perceived Risk in AI Banking
Perceived risk reflects customers' belief that using a service could lead to negative consequences, and it plays an important role in AI banking given the sensitivity of the financial information involved. Several types of risk are relevant: privacy risk relates to how banks collect, store and use customer data; data security risk relates to concerns about hacking, fraud or unauthorised access; financial risk relates to the possibility of monetary loss from system errors or incorrect automated decisions; technical risk relates to system failures, inaccurate chatbot responses or failed transactions; fairness risk relates to concern that AI decisions may be biased; and transparency risk relates to customers' limited understanding of how AI decisions are made. Pavlou (2003) shows that trust and perceived risk are both important in technology-based transactions, and Featherman and Pavlou (2003) report that perceived risk can negatively affect the adoption of e-services - a finding that is directly relevant to AI banking, where unresolved trust concerns can undermine the potential value of AI. Vuković et al. (2025) further highlight legal and ethical implications of AI use in financial services. To manage this risk, banks need to communicate clearly, maintain secure systems, protect customer privacy, and retain a human touch where appropriate.
[bookmark: _Toc241199848]2.9 Customer Satisfaction, Trust and Loyalty Intention
Customer satisfaction, trust and loyalty intention are closely related constructs. Satisfaction reflects the extent to which a service has met the customer's expectations; trust reflects customers' confidence in the bank and its AI systems, particularly around reliability, security and transparency; and loyalty intention reflects customers' intention to continue using the bank, to keep using its AI services, and to recommend the bank to others. Customer satisfaction can contribute to loyalty in the context of AI banking: customers are more likely to form positive attitudes when AI reduces costs, provides accurate information and simplifies banking. Oliver (1999) regards satisfaction as central to the development of loyalty, but notes that satisfaction alone may not be sufficient - a chatbot may be adequate for simple interactions. Still, customers may be less comfortable relying on AI for more consequential decisions, such as investment choices. Trust is therefore also important: Morgan and Hunt (1994) argue that when customers feel they can rely on a provider, that trust encourages them to remain with it over the long term, which is particularly relevant in banking given the financial stakes involved. Nguyen and Le (2025) similarly link customers' experience of AI chatbots to behavioural outcomes. This study therefore treats satisfaction and trust as complementary constructs shaping loyalty intention in AI-powered retail banking.
[bookmark: _Toc241199849]2.10 Theoretical Framework
This research draws on three theories: the Technology Acceptance Model (TAM), the Expectation-Confirmation Theory (ECT) and SERVQUAL. Davis (1989) developed TAM, which proposes that people are more likely to adopt a technology when they perceive it as useful and easy to use. This theory is relevant because customers are more likely to accept AI banking services that they find helpful, simple and time-saving.
ECT explains satisfaction as the outcome of comparing actual performance with prior expectations. According to Bhattacherjee (2001), users are more likely to continue using a system when it meets their expectations. In AI banking, customers typically expect fast, secure, accurate and clear support; when AI fails to meet these expectations, satisfaction is likely to decline.
SERVQUAL provides a framework for evaluating perceived service quality through reliability, responsiveness, assurance, empathy and tangibles (Parasuraman, Zeithaml and Berry, 1988). This distinguishes the evaluation of AI banking as a service, rather than purely as a technology. Together, TAM, ECT and SERVQUAL provide a theoretical foundation for examining AI effectiveness, service quality, satisfaction, trust, perceived risk and loyalty intention.
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Figure 2.1: Visual Theoretical Framework of AI-Based Customer Experience in UK Retail Banking ...................................................... 18
Source: Author’s own development based on Davis (1989), Bhattacherjee (2001), Parasuraman, Zeithaml and Berry (1988), Lemon and Verhoef (2016), and Frank et al. (2023).
[bookmark: _Toc241199850]2.11 Conceptual Framework
The conceptual framework explains how AI-powered banking services are expected to influence customer experience. It is built on the premise that perceived AI effectiveness influences both perceived service quality and customer satisfaction; that higher perceived service quality contributes to greater customer trust; and that customer satisfaction and customer trust jointly influence customers' loyalty intention. Perceived risk, by contrast, is expected to reduce customer trust. This model links AI performance to customers' service judgements and behavioural outcomes.
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Figure 2.2: Conceptual Framework Model for AI Effectiveness, Service Quality, Trust, Satisfaction, Perceived Risk and Loyalty Intention ...................................................... 19
Source: Author’s own conceptualisation

[bookmark: _Toc241199851]2.12 Research Gap
The literature shows that AI can improve efficiency and automation in banking and drive digital innovation. Existing studies have examined AI adoption and chatbot use in some depth. However, research remains limited on how AI-driven services shape customer experience in UK retail banking. Much of the existing literature examines technology acceptance and bank efficiency separately from customer experience, even though customer experience also encompasses satisfaction, trust, perceived service quality, perceived risk and loyalty intention - constructs that are frequently studied in isolation. This represents a research gap, which this study addresses by examining these constructs together, from the customer's perspective, in the context of UK retail banking.
[bookmark: _Toc241199852]2.13 Summary
This chapter reviewed the literature on AI and customer experience in retail banking, covering AI applications such as machine learning, predictive analytics, chatbots, virtual assistants, fraud alerts, automated support and personalised recommendations. The literature suggests that AI can improve customer experience through speed, convenience, accessibility and personalisation, while also introducing challenges related to privacy, data security, transparency, fairness and reduced empathy. The chapter also examined the roles of satisfaction, trust, perceived service quality and perceived risk in shaping customer experience in AI banking, drawing on the Technology Acceptance Model, Expectation-Confirmation Theory and SERVQUAL to support the conceptual framework and hypotheses. These relationships are tested empirically through a quantitative survey of UK retail banking customers, reported in the following chapters.

[bookmark: _Toc241199853]Chapter 3: Research Methodology
[bookmark: _Toc241199854]3.1 Introduction
This chapter presents the methodology used to analyse the effect of artificial intelligence on customer experience in the UK retail banking sector. It outlines the study design, participant selection process, data collection process, and how the relationships between the study variables were examined. A clear methodology is important because it enhances the transparency, reliability and credibility of research (Bryman, 2016).
The chapter explains the positivist research philosophy and deductive approach adopted, then presents the quantitative mono-method design, the online survey strategy, and the cross-sectional time horizon. The target population was UK retail banking customers aged 18 and above who had experienced at least one AI-powered banking service. The chapter also covers the sampling technique, recruitment, questionnaire design and sample size, before describing the SPSS procedures used for data screening, descriptive statistics, reliability testing, correlation and regression analysis, and concluding with a discussion of validity, ethical considerations and methodological limitations.
[bookmark: _Toc241199855]3.2 Research Philosophy
Research philosophy refers to the beliefs that guide the understanding and inquiry of knowledge. This study adopted a positivist philosophy, which holds that social and business phenomena can be studied through observable evidence and numerical measurement using statistical analysis (Saunders et al., 2019).
Perceived AI effectiveness, perceived service quality, perceived risk, customer satisfaction, customer trust and customer loyalty intention are clearly defined constructs that suit this philosophy. A structured questionnaire translated respondents' answers into numerical data, using a standardised set of response options for all participants to support consistency and comparability.
Positivism also supports the testing of hypotheses derived from existing theory. Correlation and regression analysis were used to examine whether perceived AI effectiveness predicts perceived service quality and customer satisfaction, whether perceived service quality and perceived risk predict customer trust, and whether customer satisfaction and customer trust predict loyalty intention.
A key strength of positivism is its orientation toward objectivity: statistical procedures reduce subjectivity in analysis, although this approach does not always capture the full depth of customers' feelings and experiences. Despite this limitation, positivism was considered appropriate because the study aims to identify measurable patterns across a larger population of banking customers.
[bookmark: _Toc241199856]3.3 Research Approach
The study followed a descriptive research approach, moving from theory to a conceptual framework and hypotheses, which were then tested using empirical data (Creswell and Creswell, 2018).
The study drew on three theories. Davis (1989) proposed the Technology Acceptance Model to explain how perceived ease of use and perceived usefulness shape customers' perceptions of technology. Expectation-Confirmation Theory explains how satisfaction forms based on a service's actual performance relative to customer expectations (Bhattacherjee, 2001). SERVQUAL provides a framework for how customers evaluate service quality in terms of reliability, responsiveness, assurance and empathy (Parasuraman, Zeithaml and Berry, 1988).
The study's six constructs, and the relationships between them, were derived from these theories. The research process therefore moved from theory through the literature review, conceptual framework, and hypotheses to questionnaire design, statistical testing, and conclusions.
A deductive approach was appropriate because the study was not intended to generate new theory, but to apply existing concepts to AI-powered UK retail banking services, using a structured questionnaire and pre-defined statistical tests. One limitation of deduction is that it can overlook unanticipated factors, such as digital literacy or prior fraud experience; nonetheless, it was well suited to a study with clearly defined variables, hypotheses and a quantitative research design.
[bookmark: _Toc241199857]3.4 Research Design
This research used a mono-method quantitative approach. In quantitative research, data are gathered numerically and analysed statistically to identify patterns and relationships. A single method - an online questionnaire - was used to collect primary data. The design was also explanatory and correlational: explanatory in that it tested whether selected variables predict changes in other variables (Bell et al., 2022), for example whether perceived AI effectiveness predicts customer satisfaction, and whether customer satisfaction and customer trust predict loyalty intention; and correlational in that relationships between variables were observed rather than manipulated.
Customer experience is a broad construct, and was therefore measured through six related constructs: perceived AI effectiveness, perceived service quality, perceived risk, customer trust, customer satisfaction and loyalty intention. This structure captures both the positive and negative aspects of AI-enabled banking.
This design supported standardised data collection, reliability testing and statistical comparison across respondents. However, numerical scores can understate the complexity of individual customer experiences, and a cross-sectional survey can identify association and prediction but cannot establish direct causation. Results are therefore interpreted in terms of relationships and statistical association rather than definitive cause and effect.
[bookmark: _Toc241199858]3.5 Research Strategy and Time Horizon
The study adopted an online survey strategy, which allowed structured data to be gathered from a large number of respondents and analysed quantitatively (Saunders et al., 2019). This approach was practical, cost-effective and consistent, since all participants received identical questions and response options, and it enabled responses to be downloaded directly and transferred into SPSS, reducing the risk of manual data-entry errors.
An online survey was appropriate given that participants were, by definition, users of digital or AI-powered banking systems; however, this approach may over-represent digitally confident customers and under-represent those with lower digital confidence.
The study used a cross-sectional time horizon, with data collected once over a defined period, from 18 July 2026 to 5 September 2026. This design suited an MBA-level dissertation, as it captured customers' current perceptions within the study's time and resource constraints; however, it cannot capture how attitudes towards AI banking may change over time as services, regulation, and customer experience continue to evolve.
[bookmark: _Toc241199859]3.6 Population and Eligibility Criteria
The population of interest was all retail banking customers (adults aged 18 or older) in the UK with experience of at least one AI-powered banking service (Taherdoost, 2016). Retail banking refers to providing financial services to individual customers rather than corporate or institutional clients. The study considered customer-facing AI services, including chatbots, virtual assistants, automated fraud alerts, automated customer support, personalised recommendations and robo-advisory services.
Participants were required to be aged 18 or above, be retail customers of a UK bank, have experience of one or more AI-enabled banking services, and be willing to participate voluntarily. We excluded respondents under 18, those without AI banking experience, and others outside the target population, along with incomplete or clearly inconsistent responses.
The following screening question is on the questionnaire:
Are you aged 18 or above and have you used at least one AI-powered banking service before?
Respondents who selected "No" were not permitted to proceed. This screening question combines age and AI-use experience into a single item and does not separately confirm UK retail banking status; because data collection had already begun, this wording was retained for consistency across the full sample rather than revised midway through collection. The survey introduction reinforced eligibility by targeting UK-based respondents. This limitation is considered when interpreting the results.
[bookmark: _Toc241199860]3.7 Sampling Technique, Recruitment and Sample Size
This study used non-probability convenience sampling. This approach recruits participants who are accessible, eligible and willing to participate (Etikan et al., 2016), and was appropriate because the researcher did not have access to a complete database of UK retail banking customers; obtaining a full customer list with known selection probabilities was not feasible for an independent MBA study.
The questionnaire was distributed through a range of recruitment channels, including personal networks, university networks, social media, professional groups and UK-based online communities. The survey invitation stated the eligibility criteria.

While convenience sampling is practical and cost-effective, it can introduce selection bias, as customers who are digitally confident or interested in technology may be more likely to respond. As a result, the findings reflect the sample surveyed rather than the full population of UK retail banking customers.
The target sample was 100-120 valid responses. For a regression model with two predictors, Green's (1991) guideline suggests a minimum of around 66 cases, rising to approximately 106 cases when examining individual predictors; while this is not a formal power analysis, it was used as a benchmark for a minimum of around 106 valid responses, with 120 as an ideal target. A total of 111 responses were received, of which 105 were retained as valid after data screening, meeting this benchmark.
[bookmark: _Toc241199861]3.8 Questionnaire Design and Operationalisation
Primary data were collected using a structured online questionnaire designed and built in Google Forms. The questionnaire was written in simple language to minimise misinterpretation and support consistent responses, and comprised one screening question, two basic-information questions, and 12 Likert-scale statements.
Respondents selected their age group and the AI-powered banking services they had used, with multiple selections permitted for the services question. Each service was coded separately as a binary variable (1 = selected, 0 = not selected).
The main items use a five-point Likert scale:
1 = Strongly disagree
2 = Disagree
3 = Neutral
4 = Agree
5 = Strongly agree

The items were developed from the literature review and conceptual framework, with two statements measuring each construct. This reduced respondent burden but, as discussed in section 3.12, may not fully capture more complex concepts such as service quality, risk and trust. Question wording remained unchanged throughout data collection to preserve consistency across all responses.
A composite score will be calculated using:

Higher scores indicate higher levels of each construct; for perceived risk, a higher score indicates greater privacy and error concern. Because the conceptual model specifies a negative relationship between perceived risk and customer trust, reverse coding was not required.
[bookmark: _Toc241199862]3.9 Pilot Testing or Questionnaire Review
Pilot testing is typically used to identify unclear wording, technical issues or weaknesses in a questionnaire before data collection begins. For this study, the questionnaire underwent a structured review rather than a formal pilot study, drawing on the research objectives, conceptual framework, relevant literature and supervisor feedback. This review assessed whether each construct was adequately represented, whether the questions were easy to understand, and whether the response scale was applied consistently.
Because data collection began shortly after this review, no further changes were made to the live questionnaire, since altering the wording or adding questions partway through collection would have produced non-comparable versions of the survey; all responses in the final dataset therefore used an identical questionnaire format. The absence of a formal pilot study is acknowledged as a methodological limitation (see section 3.14), although the structured review helped improve the clarity and consistency of the questionnaire. Two related limitations of the instrument - the combined screening question and the use of two items per construct - are taken into account when interpreting the reliability and validity results.
[bookmark: _Toc241199863]3.10 Data-Collection Procedure
The questionnaire was distributed electronically via Google Forms during the data-collection window described in section 3.5. The survey link was shared through the recruitment channels described in section 3.7. Before answering, participants were informed of the purpose of the study, the eligibility criteria, the voluntary nature of participation, and how their responses would be used (Kristjansson et al., 2013); the questionnaire was completed without researcher interference. No transaction information, names, account numbers, passwords or balances were collected. Respondents who did not meet the screening criteria were not permitted to proceed. Completed responses were held securely within the survey platform before being downloaded, checked and transferred into SPSS for analysis.
[bookmark: _Toc241199864]3.11 Data Preparation and Analysis
IBM SPSS Statistics (version 26) was used to analyse the survey data. Data screening, coding, descriptive statistics, reliability testing, correlation analysis and regression analysis were performed as part of the analysis, as reported in Chapter 4.
[bookmark: _Toc241199865]3.11.1 Data Screening and Coding
Data screening was carried out to improve data quality prior to statistical analysis. Responses were examined for failed screening, significant incompleteness, missing values, potential redundancy, implausible or inconsistent values, and unusual response patterns; responses were removed only where there was a clear methodological justification (Meyers et al., 2017), and the resulting exclusions are reported in section 4.2. Likert items were coded 1-5, age groups were coded numerically, and each selected AI service was coded 1, with unselected services coded 0. A composite score was calculated for each construct as the mean of its two constituent items.
[bookmark: _Toc241199866]3.11.2 Descriptive Statistics
Descriptive statistics were used to present respondent characteristics and general response trends. Age groups and the use of AI-powered banking services are reported using frequencies and percentages. For perceived AI effectiveness, perceived service quality, perceived risk, customer trust, customer satisfaction and loyalty intention, the mean, standard deviation, minimum, maximum and number of valid responses are reported, with the mean representing the average level of agreement and the standard deviation representing the degree of variation between respondents (Tavakol and Dennick, 2011). These statistics describe the data but were not used to test the hypotheses; correlation and regression analysis, reported in sections 4.5-4.7, were used for that purpose.
[bookmark: _Toc241199867]3.11.3 Reliability Analysis
Reliability analysis was performed to assess the internal consistency of items within each construct. Perceived AI effectiveness, perceived service quality, perceived risk, customer trust, customer satisfaction and loyalty intention were each treated as separate composite variables, and Cronbach's alpha was calculated for each. Alpha values close to 0.70 or higher are generally considered acceptable, although this should be interpreted alongside the number of items used (Tavakol and Dennick, 2011); given that each construct comprised only two items, the inter-item correlation and Spearman-Brown coefficient were also considered (Eisinga et al., 2013). Any construct with low reliability was to be reported as such rather than adjusted to appear more favourable.
[bookmark: _Toc241199868]3.11.4 Correlation Analysis
Correlation analysis was used to examine the direction and strength of relationships between the six composite variables. Pearson's correlation was used where appropriate, with Spearman's rank correlation available as an alternative where assumptions were seriously violated (Gogtay and Thatte, 2017). Coefficients range from -1 to +1, with positive values indicating a direct association and negative values an inverse association; a p-value below 0.05 was treated as statistically significant, alongside consideration of the strength and practical relevance of each relationship. Correlation does not, on its own, establish causation.
[bookmark: _Toc241199869]3.11.5 Regression Analysis and Hypothesis Testing
	Model
	Dependent variable
	Independent variable or variables
	Hypothesis

	Model 1
	Perceived service quality
	Perceived AI effectiveness
	H1

	Model 2
	Customer satisfaction
	Perceived AI effectiveness
	H2

	Model 3
	Customer trust
	Perceived service quality and perceived risk
	H3 and H6

	Model 4
	Loyalty intention
	Customer satisfaction and customer trust
	H4 and H5



For each model, the analysis will report:
· R 
· R² 
· Adjusted R² 
· F-statistic 
· Unstandardised coefficient 
· Standardised beta coefficient 
· Significance value 
· Direction of the relationship 
· Confidence interval, where available
[bookmark: _Toc241199870]3.12 Reliability and Validity
Reliability and validity are important criteria for assessing the quality of a research instrument. Reliability refers to the extent to which a measure produces consistent results, while validity refers to the extent to which a questionnaire measures the concepts it is intended to measure.
Cronbach's alpha and inter-item correlation, together with the Spearman-Brown coefficient where applicable, were used to assess internal reliability. Consistency was further supported by the use of a standardised questionnaire and a common five-point Likert scale across all items.
Content validity was supported because the questionnaire items were derived from the literature review, the theoretical framework and the research objectives; for example, perceived AI effectiveness was linked to usefulness and speed, and perceived risk was linked to privacy concerns and potential errors.
Face validity was supported by using clear, simple statements with limited technical terminology and examples of how AI is used in banking, to help respondents understand the context (Fowler, 2014). Some respondents may nonetheless have been unaware that a particular banking feature was AI-driven, which could affect the accuracy of their responses.
Construct validity was supported by treating the six main constructs - AI effectiveness, service quality, perceived risk, trust, satisfaction and loyalty intention - as conceptually distinct. Some conceptual overlap remains possible, however, as factors such as reliability can influence both perceived service quality and trust.
A limitation of the instrument is that each construct was measured with only two items. This reduced respondent burden but may not fully capture the range of more complex concepts such as service quality, risk and trust, and the limited number of items per construct meant that factor analysis could not be meaningfully performed.
Common-method bias is a further consideration, as all variables were measured at the same point in time, by the same respondents, using the same questionnaire (Podsakoff et al., 2003). This risk was reduced through anonymity, neutral wording and clearly separated sections of the questionnaire, although it cannot be entirely eliminated and is taken into account when interpreting the results.
[bookmark: _Toc241199871]3.13 Ethical Considerations
Ethical considerations were important given that this study gathered customer feedback on financial services and experiences with AI-based banking. The research was conducted in line with university ethical procedures and relevant data-protection principles. Participation was voluntary, and clear information on the purpose of the research was provided before the questionnaire began; informed consent was obtained prior to participation (Malhotra, 2020), and respondents were told what the study involved, how long it would take, and how their answers would be used. Participants were free to withdraw at any point before submitting the questionnaire; because responses were collected anonymously, individual data could not be withdrawn once submitted, and this limitation was communicated clearly to participants.
The questionnaire did not collect sensitive banking details such as names, addresses, account numbers, passwords, balances or transaction records. Only information relevant to the research was collected, including age group, AI-service experience and personal opinions.
Survey responses were stored securely in a password-protected, university-approved cloud storage account, accessible only to the researcher and supervisor. Results are reported in summary form so that individual participants cannot be identified. The study presented minimal risk to participants: while some concerns around privacy, security or AI errors were possible, respondents were not asked to describe personal experiences of financial loss or error. No deception was used, and the findings - whether or not they supported the study's hypotheses - are reported honestly.
[bookmark: _Toc241199872]3.14 Methodological Limitations
Several methodological limitations should be considered when interpreting the findings of this study.
First, the use of non-probability convenience sampling means the sample may not fully represent the population of UK retail banking customers; as noted in section 3.7, digitally confident and technology-interested customers may be over-represented, limiting the generalisability of the findings.
Second, each of the six constructs was measured using only two Likert items. While this reduced respondent burden, it limited the depth with which more complex concepts such as service quality, risk and trust could be captured, and meant that factor analysis could not be meaningfully conducted to confirm the underlying structure of the constructs.
Third, the cross-sectional design captured customer perceptions at a single point in time. This allows relationships between variables to be examined, but does not allow conclusions about how customer experience of AI banking may change over time, nor does it establish causal relationships between constructs.
Fourth, the combined eligibility question - asking about age and AI-banking experience in a single item - meant that age and experience with AI banking could not be verified separately, and UK retail banking status was not independently confirmed beyond the survey's targeted distribution. This is a limitation of the screening design rather than of the analysis itself.
Finally, as with any self-report survey, responses reflect participants' perceptions rather than observed behaviour, and may be subject to social desirability or recall bias. All variables were also measured using the same instrument at the same point in time, raising the possibility of common-method bias, as discussed in section 3.12. These limitations do not invalidate the findings but should be considered when interpreting their scope and generalisability.
[bookmark: _Toc241199873]3.15 Chapter Summary
This chapter has explained the methodology used to analyse the effect of artificial intelligence on customer experience in UK retail banking. The study adopted a positivist philosophy, a deductive approach, and a mono-method quantitative design, with data gathered through an online cross-sectional survey of retail banking customers aged 18 and above who had used AI-powered banking services in the UK.
Convenience sampling was used, with a target of 100-120 valid respondents; 111 responses were collected in total, of which 105 were retained as valid following data screening. The questionnaire measured six constructs - perceived AI effectiveness, perceived service quality, perceived risk, customer trust, customer satisfaction and loyalty intention - and the resulting data were analysed in SPSS using data screening, descriptive statistics, reliability testing, correlation and regression analysis.
This chapter also discussed reliability, validity, ethical considerations and methodological limitations. Together, these methodological choices provide the basis for the analysis of the survey data. The respondent profile, descriptive findings, reliability findings, correlation analysis, and regression-based hypothesis testing are presented in Chapter 4.

[bookmark: _Toc241199874]Chapter 4: Data Analysis and Findings
[bookmark: _Toc241199875]4.1 Introduction
This chapter presents the findings from the quantitative analysis conducted to investigate the role of AI in customer experience in the UK retail banking sector. Six key constructs were analysed: AI effectiveness, service quality, perceived risk, customer trust, customer satisfaction and loyalty intention, corresponding to the constructs set out in the research objectives and conceptual framework. The data were analysed in SPSS using descriptive statistics, reliability testing, correlation analysis and regression analysis.
The chapter begins with the data screening and preparation process, ensuring only complete and eligible responses were included in the final analysis. This is followed by the demographic profile of respondents and descriptive statistics for the six constructs. Internal consistency of the measurement scales is then assessed through reliability analysis. Correlation analysis, using Pearson correlation, examines the direction and strength of relationships between the variables, and regression analysis is used to examine the predictive effect of the independent variables on service quality, satisfaction, trust and loyalty intention. The chapter concludes with a summary of the hypothesis-testing results and key statistical findings, which are discussed critically in Chapter 5.
[bookmark: _Toc241199876]4.2 Data Screening and Preparation
Prior to the main statistical analysis, the data were cleaned to include only valid and complete responses. A total of 111 survey responses were initially entered into SPSS. The screening question was used to determine eligibility: 107 of the 111 respondents met the eligibility criteria, and 4 respondents were excluded for not meeting the required criteria for participation.
The number of missing values across Q1-Q12 was then reviewed for the eligible cases. Some responses were incomplete, as identified during the initial screening. Applying the final condition that respondents must be eligible and have no missing responses across the 12 questionnaire items produced a final analytic sample of 105 respondents, with zero missing values across all items (Q1-Q12) in the final dataset.
The Likert-scale items were scored from 1 (Strongly Disagree) to 5 (Strongly Agree). All valid responses fell within the 1-5 range, with no out-of-range values identified. This screening process ensured consistency across the dataset and minimised the risk of incomplete or ineligible data affecting the statistical findings that followed.
Table 4.1: Data Screening Summary
	Screening Stage
	Number of Responses

	Initial responses received
	111

	Eligible respondents
	107

	Ineligible respondents excluded
	4

	Incomplete eligible responses excluded
	2

	Final valid sample
	105



Source: Final SPSS data-screening record and author's calculations.
[bookmark: _Toc241199877]4.3 Demographic Profile of Respondents
Age-group data were used to describe the demographic profile of respondents. Of the 105 valid respondents, most (61.0%) were aged 25-34, followed by 18-24 (24.8%). The 35-44 age group accounted for 12.4% of respondents, and the 45-54 age group accounted for 1.9%.
Table 4.2: Age Distribution of Respondents
	Age Group
	Frequency
	Percentage

	18-24
	26
	24.8%

	25-34
	64
	61.0%

	35-44
	13
	12.4%

	45-54
	2
	1.9%

	Total
	105
	100.0%



The sample consisted mainly of younger adults, especially those aged 25-34, who are likely more familiar with digital channels and AI services. While this provides relevant insights for the study, the limited representation of respondents aged 45 and above means the findings may not fully reflect the views of the broader UK retail banking population.
[bookmark: _Toc241199878]4.4 Descriptive Statistics of Key Variables
Descriptive statistics were used to describe the general response pattern across the study's six constructs. Each composite score was calculated from two questionnaire items and retained on the original 5-point scale. For AI effectiveness, service quality, trust, satisfaction and loyalty intention, a mean above 3 indicates a broadly positive evaluation of AI banking; for perceived risk, a higher mean indicates greater concern. All 105 complete cases were used, with each construct scored 1-5.
Table 4.3: Descriptive Statistics for the Study Constructs
	Construct
	N
	Min
	Max
	Mean
	SD
	Skewness
	Kurtosis

	AI Effectiveness
	105
	1.00
	5.00
	3.662
	1.130
	-0.616
	-0.540

	Service Quality
	105
	1.00
	5.00
	3.862
	0.996
	-0.784
	0.330

	Perceived Risk
	105
	1.00
	5.00
	2.876
	1.232
	-0.019
	-0.920

	Trust
	105
	1.00
	5.00
	3.786
	1.019
	-0.887
	0.829

	Satisfaction
	105
	1.00
	5.00
	3.790
	1.026
	-0.432
	-0.636

	Loyalty Intention
	105
	1.00
	5.00
	3.643
	1.046
	-0.292
	-0.558



Source: Final SPSS output and author's calculations.
As shown in Table 4.3, respondents held a broadly favourable view of AI-based banking. The mean scores for service quality (M = 3.862), satisfaction (M = 3.790) and trust (M = 3.786) all indicate positive perceptions of service performance and customer outcomes. AI effectiveness and loyalty intention also scored above the scale midpoint, but closer to it, suggesting that positive evaluations do not always translate directly into loyalty and continued use. Perceived risk showed the widest spread (SD = 1.232) and sat below the midpoint (M = 2.876), indicating meaningful variation in how customers perceive risk. Skewness and kurtosis values showed no extreme distributional issues.
Table 4.4: Pooled Item-Response Distribution by Construct
	Construct
	Disagree %
	Neutral %
	Agree %

	AI Effectiveness
	17.6
	22.9
	59.5

	Service Quality
	10.5
	25.2
	64.3

	Perceived Risk
	36.7
	31.9
	31.4

	Trust
	9.5
	26.2
	64.3

	Satisfaction
	12.4
	26.7
	61.0

	Loyalty Intention
	14.3
	30.5
	55.2



Source: Final data set and author's calculations.
Table 4.4 provides further detail on response patterns. Service quality and trust showed the highest levels of agreement (64.3% each), followed by satisfaction (61.0%) and AI effectiveness (59.5%), indicating that most respondents were satisfied with the usefulness, responsiveness and overall trustworthiness of AI banking services. Loyalty intention showed a somewhat lower level of agreement (55.2%), suggesting that positive service experience does not always translate into strong behavioural commitment. Perceived risk showed the most divided response pattern (36.7% disagreed, 31.9% neutral, 31.4% agreed), indicating that privacy and error concerns remain salient for a substantial share of customers.
[bookmark: _Toc241199879]4.5 Reliability Analysis
Internal consistency was assessed separately for each of the six study constructs, since the two items within each pair represent conceptually distinct aspects of that construct. Because each construct comprised only two items, Cronbach's alpha was supplemented with the inter-item correlation and the Spearman-Brown coefficient. All scales showed good reliability: AI effectiveness returned an alpha of .866, while service quality, perceived risk and trust returned alphas of .814, .827 and .858, respectively.
Table 4.5: Reliability of the Study Constructs
	Construct
	Items
	Cronbach's α
	Inter-item r
	Spearman-Brown
	Assessment

	AI Effectiveness
	Q1-Q2
	0.866
	0.764
	0.866
	Good

	Service Quality
	Q3-Q4
	0.814
	0.693
	0.819
	Good

	Perceived Risk
	Q5-Q6
	0.827
	0.706
	0.828
	Good

	Trust
	Q7-Q8
	0.858
	0.751
	0.858
	Good

	Satisfaction
	Q9-Q10
	0.828
	0.713
	0.832
	Good

	Loyalty Intention
	Q11-Q12
	0.811
	0.689
	0.816
	Good



Source: SPSS output and author's construct-level calculations.
Cronbach's alpha for all six constructs exceeded the widely accepted cut-off of .70, ranging from .811 to .866. Inter-item correlations were consistently strong (ranging from .689 to .764), and the Spearman-Brown coefficients supported the same conclusion. All six constructs were therefore retained for the subsequent correlation and regression analysis.
These results should not, however, be taken as evidence that the constructs were comprehensively measured. Each scale comprised only two items, and the strong reliability may partly reflect the close similarity of the paired items. Internal consistency does not, on its own, establish construct validity or full conceptual coverage, and this constraint is taken into account when interpreting the findings that follow.
[bookmark: _Toc241199880]4.6 Correlation Analysis
Pearson correlation analysis was used to examine the direction and strength of relationships between the six study constructs, based on the 105 valid cases. Correlation results identified the bivariate associations between variables and checked for high overlap between predictors prior to regression analysis; they were not used alone to determine support for the hypotheses, which were tested more formally through regression.
Table 4.6: Pearson Correlations among the Study Constructs
	Variable
	1
	2
	3
	4
	5
	6

	1. AI Effectiveness
	1.000
	
	
	
	
	

	2. Service Quality
	.607***
	1.000
	
	
	
	

	3. Perceived Risk
	-.134
	-.372***
	1.000
	
	
	

	4. Trust
	.367***
	.598***
	-.222*
	1.000
	
	

	5. Satisfaction
	.689***
	.649***
	-.114
	.530***
	1.000
	

	6. Loyalty Intention
	.566***
	.623***
	-.294**
	.636***
	.651***
	1.000



Source: Final data set and author's calculations. *p < .05, **p < .01, ***p < .001.
AI effectiveness was significantly related to service quality (r = .607, p < .001), satisfaction (r = .689, p < .001), trust (r = .367, p < .001), and loyalty intention (r = .566, p < .001). The correlation with satisfaction was the strongest of these, suggesting that customers who found AI useful and effective were also more likely to report satisfaction.
Service quality was significantly and positively correlated with trust (r = .598, p < .001), satisfaction (r = .649, p < .001), and loyalty intention (r = .623, p < .001). Trust was also positively correlated with satisfaction (r = .530, p < .001) and loyalty intention (r = .636, p < .001), and satisfaction was strongly correlated with loyalty intention (r = .651, p < .001). Together, these results indicate that more positive perceptions of AI banking are consistently associated with more favourable customer outcomes.
Perceived risk showed a significant negative correlation with service quality (r = -.372, p < .001), trust (r = -.222, p = .023), and loyalty intention (r = -.294, p = .002), but its correlations with AI effectiveness (r = -.134) and satisfaction (r = -.114) were not significant. This pattern suggests that perceived risk may be more closely tied to customers' confidence and continued use than to effectiveness or satisfaction judgements as such. The highest absolute correlation observed was .689, indicating relationships that were strong but not so extreme as to suggest problematic overlap between constructs; regression analysis was therefore used to isolate the unique contribution of each predictor.
[bookmark: _Toc241199881]4.7 Regression Analysis
[bookmark: _Toc241199882]4.7.1 Regression Checks and Model Fit
The final sample of 105 respondents was used to estimate four ordinary least-squares regression models. Model 1 tested the relationship between AI effectiveness and service quality. Model 2 tested AI effectiveness as a predictor of satisfaction. Model 3 examined service quality and perceived risk as predictors of trust. Model 4 examined satisfaction and trust as predictors of loyalty intention.
Durbin-Watson statistics ranged from 1.755 to 2.056, indicating no serious problem of residual dependence (Hair et al., 2010). The two-predictor models showed low VIF values (1.161 and 1.390), with no evidence of significant multicollinearity in any model. Cook's distance remained below 1 for every case across all four models (maximum values of .372, .531, .227 and .726 respectively; Cook, 2000), so no observation was removed purely to improve model performance.
Table 4.7: Regression Model Summaries
	Model
	Dependent Variable
	R
	R²
	Adjusted R²
	SEE
	F
	p

	1
	Service Quality
	.607
	.369
	.363
	.795
	60.184
	< .001

	2
	Satisfaction
	.689
	.475
	.470
	.747
	93.233
	< .001

	3
	Trust
	.598
	.358
	.345
	.824
	28.414
	< .001

	4
	Loyalty Intention
	.736
	.541
	.532
	.716
	60.196
	< .001



Source: SPSS output and author's model-aligned calculations.
Model 4 showed the greatest explanatory power, accounting for 54.1% of the variance in loyalty intention. Model 2 accounted for 47.5% of the variance in satisfaction, and Models 1 and 3 accounted for 36.9% and 35.8%, respectively. All four overall models were statistically significant. Overall model significance, however, does not mean every individual predictor within a model is significant — a distinction that matters for Model 3.
Table 4.8: Regression Coefficients
	Model
	Predictor
	B
	SE
	β
	t
	p

	1
	AI Effectiveness
	.536
	.069
	.607
	7.758
	< .001

	2
	AI Effectiveness
	.626
	.065
	.689
	9.656
	< .001

	3
	Service Quality
	.612
	.087
	.598
	6.998
	< .001

	3
	Perceived Risk
	.000
	.071
	.000
	.004
	.997

	4
	Satisfaction
	.446
	.081
	.437
	5.526
	< .001

	4
	Trust
	.415
	.081
	.404
	5.115
	< .001



Source: SPSS output and author's model-aligned calculations.
[bookmark: _Toc241199883]4.7.2 Model 1: AI Effectiveness and Service Quality
Model 1 was statistically significant, F(1,103) = 60.184, p < .001, explaining 36.9% of the variance in service quality. AI effectiveness was a significant positive predictor (β = .607, p < .001): higher perceived AI effectiveness was associated with higher evaluations of service quality, supporting H1.
[bookmark: _Toc241199884]4.7.3 Model 2: AI Effectiveness and Satisfaction
AI effectiveness also strongly predicted satisfaction, F(1,103) = 93.233, p < .001, accounting for 47.5% of the variance. The standardised coefficient (β = .689) was the largest of any path tested in this study, providing strong support for H2.
[bookmark: _Toc241199885]4.7.4 Model 3: Service Quality, Perceived Risk and Trust
Service quality significantly predicted trust (β = .598, p < .001), supporting H3. Perceived risk, in contrast, showed no meaningful unique contribution (β = .000, p = .997), so H6 was not supported (Pallant, 2011). Notably, perceived risk and trust showed a significant negative bivariate correlation (Table 4.6), but this relationship became negligible once service quality was included in the model — suggesting that the apparent risk-trust relationship may be substantially accounted for by customers' broader assessment of service quality.
[bookmark: _Toc241199886]4.7.5 Model 4: Satisfaction, Trust and Loyalty Intention
Model 4 accounted for 54.1% of the variance in loyalty intention. Both satisfaction (β = .437, p < .001) and trust (β = .404, p < .001) made significant, independent contributions, supporting H4 and H5. The coefficient for satisfaction was marginally larger, though the difference should not be over-interpreted — both appear to be important for customer loyalty. Given the cross-sectional design, these regression results should be read as evidence of statistical prediction and association rather than causal effect.
[bookmark: _Toc241199887]4.8 Hypothesis Testing
Hypothesis decisions were based on the regression coefficients, their statistical significance, and the direction of each proposed relationship, using a significance threshold of p < .05. Correlation values served only as supporting evidence, since the hypotheses were framed to test each variable's unique contribution within its respective regression model.
Table 4.9: Hypothesis Testing Summary
	Hypothesis
	Proposed Relationship
	β
	p
	95% CI for B
	Decision

	H1
	AI effectiveness → Service quality (+)
	.607
	< .001
	[.399, .673]
	Supported

	H2
	AI effectiveness → Satisfaction (+)
	.689
	< .001
	[.497, .754]
	Supported

	H3
	Service quality → Trust (+)
	.598
	< .001
	[.438, .785]
	Supported

	H4
	Satisfaction → Loyalty intention (+)
	.437
	< .001
	[.286, .606]
	Supported

	H5
	Trust → Loyalty intention (+)
	.404
	< .001
	[.254, .576]
	Supported

	H6
	Perceived risk → Trust (−)
	.000
	.997
	[−.140, .141]
	Not supported



Source: SPSS output and author's model-aligned calculations.
Five of the six hypotheses were supported. AI effectiveness significantly predicted both service quality and satisfaction, and service quality significantly predicted trust. Satisfaction and trust each made significant, independent contributions to loyalty intention.
H6 was not supported. Perceived risk was negatively correlated with trust at the bivariate level, but this relationship became negligible once service quality was controlled for (Schober et al., 2018). This distinction matters: it shows that risk had no independent predictive effect on trust beyond what is already explained by service quality, implying that service quality accounts for much of the variance originally observed in the risk-trust relationship.
[bookmark: _Toc241199888]4.9 Summary of Key Findings
This chapter's analysis was based on 105 of the 111 survey responses received: four respondents did not meet the eligibility criteria, and two eligible responses were incomplete. The final dataset had complete responses across all study variables, with the sample concentrated in the 25-34 age group.
The descriptive findings showed generally positive perceptions of AI banking. Mean scores for service quality and satisfaction, and to a slightly lesser extent trust, sat clearly above the scale midpoint, while perceived risk sat below the midpoint. Good internal consistency was found across all six constructs.
The correlation analysis found consistent positive relationships among AI effectiveness, service quality, trust, satisfaction and loyalty intention, alongside several negative bivariate relationships involving perceived risk. The regression analysis provided stronger evidence for the proposed model: all four regression models were statistically significant, accounting for between 35.8% and 54.1% of the variance in their respective outcomes. H1 to H5 were supported; H6 was not. These results are discussed in Chapter 5 in relation to theory, prior research, practical implications and the study's limitations.

[bookmark: _Toc241199889]Chapter 5: Discussion, Conclusion and Recommendations
[bookmark: _Toc241199890]5.1 Introduction
This chapter discusses the findings presented in Chapter 4 in relation to the research aim, objectives and the theoretical framework established in Chapter 2. It considers the theoretical and practical implications of the results, draws overall conclusions, provides recommendations for UK retail banks, acknowledges the study's limitations, and suggests directions for future research.
[bookmark: _Toc241199740][bookmark: _Toc241199891]5.2 Discussion of Findings
[bookmark: _Toc241199741][bookmark: _Toc241199892]5.2.1 Perceived AI Effectiveness, Service Quality and Satisfaction
The findings show that perceived AI effectiveness significantly predicted both perceived service quality (β = .607, p < .001; H1 supported) and customer satisfaction (β = .689, p < .001; H2 supported). This aligns with the Technology Acceptance Model (Davis, 1989), which holds that customers respond positively to technology they perceive as useful and easy to use, and with Expectation-Confirmation Theory (Bhattacherjee, 2001), which explains satisfaction as arising when AI meets or exceeds customer expectations of speed and usefulness. The strength of these relationships - AI effectiveness was the single strongest predictor identified in the study - suggests that customers' judgements of AI banking begin with a fairly simple question: does it work, and does it work quickly. Where that basic expectation is met, more favourable judgements of both service quality and satisfaction tend to follow. This supports Alalwan et al. (2025), who found that the quality of AI chatbot interactions shapes broader customer outcomes, and extends this to the UK retail banking context specifically.
[bookmark: _Toc241199742][bookmark: _Toc241199893]5.2.2 Perceived Service Quality, Perceived Risk and Customer Trust
Perceived service quality was a strong, significant predictor of customer trust (β = .598, p < .001; H3 supported), consistent with the SERVQUAL framework (Parasuraman et al., 1988) and with the view that reliability and responsiveness are central to how customers judge AI-driven service and, in turn, how much they trust the institution providing it.
Perceived risk, however, did not significantly predict customer trust once service quality was included in the model (β = .000, p = .997; H6 not supported). This result runs counter to the theoretical expectation, drawn from Pavlou (2003) and Featherman and Pavlou (2003), that perceived risk directly undermines trust in technology-mediated services. It is not, however, a case of risk and trust being unrelated: the bivariate correlation between perceived risk and trust was in fact negative and statistically significant (r = -.222, p = .023; see section 4.6). Once service quality was entered into the regression, however, this relationship became negligible (β = .000, p = .997), indicating that the apparent influence of risk on trust is substantially explained by service quality rather than operating as an independent path. In other words, customers who perceive greater privacy and error risk also tend to rate the service's quality lower, and it is this shared variance with service quality — not perceived risk in its own right — that predicts trust. This points to a customer base whose trust in AI banking is grounded primarily in functional performance — whether the service is reliable and responsive — with background risk perception acting through, rather than alongside, that judgement of quality. This reading should be qualified by one limitation: perceived risk was measured with only two items covering privacy and error concern, whereas the literature reviewed in Chapter 2 identifies several further risk types (security, financial, technical, fairness and transparency risk), and a broader risk measure might reveal a more independent effect than this study's design could detect. Taken together, however, the findings suggest that, for this sample, customers' trust in AI banking is shaped much more directly by how well the service performs than by risk concerns operating on their own.
[bookmark: _Toc241199743][bookmark: _Toc241199894]5.2.3 Customer Satisfaction, Trust and Loyalty Intention
Both customer satisfaction (β = .437, p < .001; H4 supported) and customer trust (β = .404, p < .001; H5 supported) significantly predicted loyalty intention, together explaining 54.1% of its variance. Consistent with Oliver (1999), satisfaction alone was a strong predictor of loyalty intention (β = .651 when entered alone). However, when trust was added to the model, satisfaction's effect reduced to β = .437 while trust emerged as an independent, similarly-sized predictor, indicating that trust partially mediates the relationship between satisfaction and loyalty intention. This pattern supports Morgan and Hunt's (1994) commitment-trust theory and directly addresses Research Objective 5: satisfaction with AI banking appears to build loyalty partly through direct positive experience, and partly by first building the customer's trust in the bank, which then independently sustains loyalty intention. This has a practical implication distinct from the AI-effectiveness findings above: a bank cannot assume that a satisfying AI interaction alone will secure long-term loyalty if it has not also earned the customer's underlying trust.
[bookmark: _Toc241199744][bookmark: _Toc241199895]5.2.4 Age-Related Differences in Perceived Risk
Age group had no significant effect on perceptions of AI effectiveness, service quality, trust or satisfaction, but did significantly affect perceived risk (F(3, 101) = 3.52, p = .018), with 18-24 year-olds reporting significantly greater privacy and error concern than 25-34 year-olds (mean difference = 0.80, p = .024). This is a somewhat counterintuitive finding, since younger customers are often assumed to be more digitally comfortable; one possible explanation is that younger customers, despite greater general familiarity with digital tools, may also be more attuned to data-privacy debates and more cautious about financial risk given lower financial resilience typically, whereas 25-34 year-olds - the largest and most AI-engaged group in this sample - may have accumulated more direct, reassuring experience with AI banking. Given the small size of the 45-54 group (n = 2) in particular, this finding should be treated as indicative rather than conclusive.
[bookmark: _Toc241199745][bookmark: _Toc241199896]5.3 Achievement of Research Objectives
Table 5.1 summarises how each research objective set out in Chapter 1 was addressed by the study's findings.
Table 5.1: Achievement of Research Objectives
	Objective
	How it was addressed

	1. Identify key AI-driven customer-facing services used in UK retail banking
	Addressed in section 4.2: virtual assistants (61.0%), chatbots (58.1%) and automated customer support (56.2%) were the most widely used services, with robo-advisory (20.0%) and fraud alerts (29.5%) less common.

	2. Analyse the impact of AI-driven banking services on customer satisfaction
	Addressed via H2: perceived AI effectiveness significantly predicted customer satisfaction (β = .689, p < .001).

	3. Examine the relationship between AI banking services and customer trust
	Addressed via H1 and H3: AI effectiveness predicted service quality, which in turn significantly predicted customer trust (β = .598, p < .001).

	4. Assess how perceived service quality influences perceptions of AI services
	Addressed via H1: AI effectiveness significantly predicted perceived service quality (β = .607, p < .001), and service quality was in turn the strongest predictor of trust.

	5. Investigate the mechanism linking satisfaction and trust to loyalty intention
	Addressed via H4, H5 and the mediation analysis: trust was found to partially mediate the relationship between satisfaction and loyalty intention.

	6. Provide recommendations for enhancing AI customer experience in UK retail banks
	Addressed in section 5.5 below.



[bookmark: _Toc241199746][bookmark: _Toc241199897]5.4 Theoretical Implications
The findings offer three main contributions to the theoretical framework outlined in Chapter 2. First, they support the applicability of TAM to AI-powered banking specifically, showing that perceived effectiveness (a construct closely aligned with perceived usefulness) is a strong driver of downstream customer attitudes in a financial-services context. Second, they support integrating SERVQUAL into this model by showing that service-quality perceptions act as a key intermediate step between AI effectiveness and trust, rather than trust being predicted directly by AI effectiveness alone. Third, the non-significant risk-trust path (H6) qualifies the direct application of risk-based technology-acceptance models (Pavlou, 2003) to this context, suggesting that in AI banking, perceived risk and perceived service quality may operate through more separate pathways than existing models assume. This suggests that future theoretical models of trust in AI banking may benefit from testing perceived risk as a moderator or indirect predictor rather than a direct one.
[bookmark: _Toc241199747][bookmark: _Toc241199898]5.5 Practical Recommendations for UK Retail Banks
Based on the findings, the following recommendations are proposed for UK retail banks (addressing Research Objective 6):
• Prioritise the functional performance of AI services. Because perceived AI effectiveness was the strongest driver of downstream satisfaction and, indirectly, trust and loyalty, banks should focus first on the speed, accuracy and usefulness of chatbots, virtual assistants and related tools, rather than assuming that adding more AI features will automatically improve customer experience.
• Invest in perceived service quality, not just automation. Since service quality strongly predicted trust, banks should ensure AI services are not only fast but also reliable and responsive, in line with SERVQUAL's reliability and responsiveness dimensions, for example, through robust escalation paths when AI cannot resolve a query.
• Build trust deliberately, rather than assuming satisfaction is sufficient. Because trust independently predicted loyalty intention alongside satisfaction, banks should treat trust-building - through transparency about how AI decisions are made and clear data-protection communication - as a distinct objective from simply making AI interactions pleasant.
• Do not over-invest in risk messaging at the expense of service quality. Since perceived risk did not significantly predict trust once service quality was controlled for, banks may benefit more from investing in the reliability and usefulness of AI tools than from risk-reassurance messaging alone. However, they should still maintain privacy and security protections given their importance to specific customer segments.
• Pay particular attention to younger customers' risk concerns. Because 18-24 year-olds reported significantly higher privacy and error concerns than 25-34 year-olds, banks targeting younger customers with AI services may benefit from more explicit reassurance about data privacy and error-correction processes.
• Maintain accessible human support alongside AI. Consistent with the literature reviewed in Chapter 2, AI should complement rather than replace human support for complex, sensitive or emotionally significant banking matters, such as fraud, debt or complaints.
[bookmark: _Toc241199748][bookmark: _Toc241199899]5.6 Limitations of the Study
Section 3.14 discusses the study's methodological limitations in detail, including the use of convenience sampling, the two-item measurement of each construct, the cross-sectional design, the combined eligibility question, and the potential for self-report and common-method bias. Two further interpretive limitations are worth noting here. First, the non-significant H6 finding should be interpreted with some caution given that perceived risk was measured with only two items and may not have captured the full range of risk types discussed in the literature review (privacy, security, financial, technical, fairness and transparency risk); a more granular risk measure might reveal effects this study could not detect. Second, the sample was skewed towards the 25-34 age group (61.0%) and included very few respondents aged 45-54 (n = 2), which limits how confidently the age-related findings, in particular, can be generalised to the wider population of UK retail banking customers.
[bookmark: _Toc241199900]5.7 Recommendations for Future Research
• Future studies could use multi-item, validated scales for each construct (rather than two items per construct) to allow confirmatory factor analysis and a more rigorous test of construct validity.
• Future research could test perceived risk as a moderator of the service quality-trust relationship, or examine indirect paths from risk to trust, rather than assuming a direct effect.
• A probability-based or quota sampling approach, with targeted recruitment of older age groups, would improve the generalisability of findings across the full population of UK retail banking customers.
• A longitudinal design would allow researchers to examine how customer trust and loyalty intention towards AI banking develop or change over time, rather than relying on a single cross-sectional snapshot.
• Future work could examine specific AI services individually (for example, comparing chatbots with robo-advisory tools) rather than aggregating across services, given that different AI applications may carry different risk and trust profiles.
[bookmark: _Toc241199901]5.8 Conclusion
This study examined the impact of AI-powered banking services on customer experience in the UK retail banking sector, focusing on perceived AI effectiveness, perceived service quality, perceived risk, customer trust, customer satisfaction and loyalty intention. Based on survey data from 105 valid UK retail banking customers, the findings show that perceived AI effectiveness is a strong driver of both service quality and satisfaction; that service quality strongly predicts customer trust, while perceived risk does not once service quality is accounted for; and that both satisfaction and trust independently predict loyalty intention, with trust partially mediating the effect of satisfaction on loyalty. Five of the six hypothesised relationships were supported. These findings suggest that UK retail banks seeking to improve customer experience through AI should prioritise the functional performance and reliability of their AI services, while also investing deliberately in customer trust rather than assuming that a satisfying AI interaction is, by itself, sufficient to secure long-term customer loyalty.
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