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Abstract
Research Question and Purpose: The dissertation discussed the relationship between consumer perceptions of AI-based healthcare services, consumer trust and perceived brand competitiveness in the UK healthcare services industry. The analysis has been carried out due to the fact that existing literature tends to view AI adoption, consumer trust, service quality and brand results independently. UK-based evidence played a crucial role in linking these pillars in a single consumer-related construct.
Methods: The deductive and quantitative approach, which is positivist, was based on a cross-sectional questionnaire survey of 170 UK healthcare service adult users. SPSS was used to analyse data through descriptive statistics, reliability and validity tests, Pearson correlation and regression analysis. 
Summary of Findings: The results presented positive attitudes towards AI-enhanced healthcare provision with a mean of the AI perceptions of 3.9824 and consumer trust of 4.0024. All four hypotheses were supported, with significant positive associations between AI tools and consumer trust, brand reputation and image, loyalty, and brand competitiveness. The simple regression models with AI tools accounted for 65.8% and 57.2% of the variance in consumer trust and brand competitiveness, respectively.
Most Significant Finding: The most significant finding was that positive AI perceptions were associated with higher trust and stronger competitive brand perceptions. However, the advantages had to be based on dependable performance, openness, data security, human controls and accessibility. The responsible and patient-centred implementation, however, seemed to be a more crucial factor than the adoption of AI.
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[bookmark: _Toc241072230]Chapter 1: Introduction
[bookmark: _Toc241072231]1.1 Background to AI in UK Healthcare Services
Chatbots, virtual triage, predictive systems, intelligent appointment scheduling and personalised communication are some of the increasingly implemented methods of artificial intelligence (AI) in healthcare service delivery. Such consumer applications can potentially bring services closer to the consumer and make them more accessible, responsive and relevant, but healthcare is a sensitive, high-risk environment where convenience cannot be used instead of safety, privacy or proper human judgement. The impact of AI-assisted service quality on trust in a provider can potentially affect its reputation, differentiation and consumers’ readiness to be loyal. The relationships within the UK NHS and private healthcare services are discussed in this dissertation. This chapter provides the background, outlines the key concepts, the research problem and knowledge gap, the aim, objectives, questions, hypotheses, scope, significance and structure of the dissertation.
The use of AI in healthcare has expanded beyond mainly clinical uses (image interpretation and risk prediction) to consumer-facing and service-support roles. AI, in contrast to digital healthcare in general, is defined in this dissertation as involving automated analysis, prediction, recommendation or intelligent interaction. A patient portal, video consultation or online booking facility is digital, but it becomes AI-enabled only with the addition of one of these functions. The discussion presented by Brown et al. (2023) affirmed that integrated digital outpatient solutions can decrease the pressure on the services and enhance the patient experience but cautioned that the evidence base is incomplete, and unequal access to the appropriate devices can recreate the existing inequalities. This implies that digital access provides relevant service infrastructure, but the benefits of AI cannot be automatically ascribed to it, and not all consumers in the UK can be presumed to have access.
Service-support innovation is appealing in the face of pressure in UK healthcare. According to NHS England (2025), in April 2025, there were 7.39 million cases in England on the elective waiting list, yet there was more treatment activity with shorter average waits. This means that there is still a need to have tools that enhance capacity, navigation and responsiveness without compromising the quality of care. According to NHS England (2024), an AI scheduling pilot helped to cut down the number of missed appointments by 30% and allowed unused slots to be made available to other patients. This outcome indicates a realistic practical advantage of predictive scheduling, though a pilot outcome is not a guarantee of the same performance across the NHS.
The provider context is not homogeneous. The NHS is tax-funded and structured around universal access, whereas private providers compete more directly for insured and self-paying consumers based on convenience, choice and service experience. In 2025, the Private Healthcare Information Network (2026) recorded the highest number of 953,000 UK private-hospital admissions (insured 670,000 and self-pay 283,000). As a result, perceived innovation and responsiveness may become more visible differentiators among private brands, whereas NHS competitiveness may be understood more through public preference, reputation and trust than through traditional market competition.
AI-supported services should, however, be accessible to individuals with low digital confidence, disabilities, language needs or poor connectivity. In their discussion, Ko et al. (2025) discovered that telehealth was usually more convenient and satisfying for disabled users, but technical obstacles, data-security issues and a preference for face-to-face communication persisted in the UK. This implies that AI-supported services need accessible alternatives and hybrid human pathways; most crucially, the evidence on telehealth is about digital delivery and should not necessarily be classified as AI. World Health Organization (2021) suggested safeguarding autonomy, safety, transparency, accountability, inclusiveness and sustainability of health AI. Brought to bear on this study, these principles demonstrate the need to balance potential benefits in increased access, communication and personalisation against errors in outcomes, poor explanations, bias, invasion of privacy, cybersecurity breaches and reduced human interaction.
[bookmark: _Toc241072232]1.2 Research Focus and Key Concepts
The AI tools in this study refer to consumer-facing or service-support technologies which apply automated data analysis, prediction or intelligent interaction. The research encompasses chatbots in healthcare, artificial intelligence-assisted virtual triage, predictive appointment and demand systems, intelligent scheduling, automated service suggestions and AI-personalised communication. It does not include regular websites, electronic records, video consultations and online booking systems where there is no use of AI functionality.
Consumer trust refers to a consumer’s belief that the healthcare provider and its AI system are reliable, safe, competent and act in the interests of the consumer in the face of uncertainty and vulnerability. It thus includes reliability, transparency, intelligibility, privacy, accountability, fairness and proper human control. In their discussion, Dlugatch et al. (2023) identified public good, reliability, fairness, personalised and holistic care, human mediation and empathy as requisites of trustworthy healthcare AI, even though they thought that people must make final decisions. This implies that trust in this dissertation does not merely involve confidence in technical correctness, but also includes an assessment of the provider, its systems and the safeguards linking the two.
The perceived brand competitiveness refers to how the consumer believes that a healthcare provider is reputable, differentiated, innovative, preferable and has the ability to maintain loyalty. The word ‘perceived’ is crucial since the questionnaire will gauge consumer ratings as opposed to market share, revenues or objective competitiveness. Ali Mohamad et al. (2023) inferred, based on a case study of a Dubai hospital, that AI-related benefits in care quality, resource utilisation, financial performance and technological competence have the potential to enhance organisational competitive position. It implies that AI can provide indications of provider competence, yet the unique private-hospital context and its focus on surgical robots cannot determine how consumers in the UK perceive NHS or private service-support AI.
The proposed relationships are grounded in three theories. In their discussion, Alsyouf et al. (2023) discovered that perceived usefulness and ease of use were essential to patients’ intention to use personal health records, whereas security and privacy also had an impact on acceptance. It implies that the Technology Acceptance Model (TAM) can be used to clarify whether consumers perceive an AI service as helpful and controllable, but trust-related protection has to be extended to the model in the healthcare sector. Trust Theory describes confidence when consumers are vulnerable to the judgements of another actor, and Customer-Based Brand Equity (CBBE) Theory relates positive experiences and associations to reputation, preference and loyalty. These theories are assessed in more detail in Chapter 2 and serve only to contextualize the relationships between perceived AI service and governance characteristics, consumer trust and perceived brand competitiveness in Chapter 1.
[bookmark: _Toc241072233]1.3 Research Problem and Knowledge Gap
The research problem arises because AI can enhance efficiency and access and at the same time produce uncertainty regarding privacy, safety, transparency and accountability. In their study, Nong and Ji (2025) discovered that a minority of US adults anticipated that AI would improve costs, patient-provider relationships or accessibility, whereas greater provider and system trust was significantly associated with more positive expectations. This implies that technical capability or organisational enthusiasm cannot be considered equivalent to consumer confidence, and the UK cannot be presumed to have the same expectations as the US.
Nor is digital innovation guaranteed to lead to satisfaction or loyalty. In their discussion of Ghanaian hospitals, Yeboah and Amponsah (2025) discovered that service innovation failed to significantly enhance patient satisfaction and that innovation that lacked interpersonal quality and engagement with patients might seem impersonal. It implies that AI-enhanced accessibility or effectiveness does not necessarily contribute to an increase in perceived brand competitiveness unless the service is still reliable, communicative and human-centred.
Existing evidence also isolates variables or populations that this dissertation must connect. Nouis et al. (2025) noted that their UK study did not directly survey patients, limiting their ability to understand fully the impact of AI on satisfaction, autonomy and trust, and direct surveys of patients were suggested. This omission creates a clear need for UK consumer-level evidence alongside professional evaluation of accountability, transparency and bias. In the Chinese home-sharing industry, Chen et al. (2022) discovered that trust positively influenced engagement and loyalty, but AI moderated aspects of such relationships. This implies that cross-sector evidence can be used to consider trust and loyalty in conjunction, but it cannot be directly applied to healthcare, where vulnerability, information asymmetry and consequences of failure are more significant.
In line with this, recent studies usually consider adoption, trust, service quality and brand outcomes individually; the literature on the combination of AI-enabled service quality, consumer trust and perceived brand competitiveness in UK healthcare is scarce. International evidence may also be unable to reflect the NHS’s public-service structure and its interaction with a separate private market. Primary survey measures of these constructs are therefore needed to assess them consistently among adult UK healthcare consumers and statistically test their relationships.
[bookmark: _Toc241072234]1.4 Research Aim and Objectives
Research aim
To critically examine how consumer-facing AI tools are associated with consumer trust and perceived brand competitiveness in UK healthcare services and to develop recommendations for their responsible implementation.
Research objectives
· To examine consumers’ perceptions of AI-supported accessibility, communication, personalisation and patient experience in UK healthcare services.
· To analyse the relationship between consumers’ overall perceptions of AI-supported services and consumer trust.
· To evaluate the relationships between consumers’ perceptions of AI tools and perceived healthcare-provider competitiveness, including reputation, differentiation, loyalty and service innovation.
· To develop evidence-based recommendations for responsible AI implementation by UK healthcare-service providers.
[bookmark: _Toc241072235]1.5 Research Questions and Hypotheses
The main research question is “How are consumers’ perceptions of AI-enabled healthcare services associated with consumer trust and perceived brand competitiveness in the UK healthcare-services industry?”
Supporting research questions:
· RQ1: How do UK consumers perceive AI tools’ contribution to healthcare-service accessibility, communication, personalisation and patient experience?
· RQ2: What relationship exists between consumers’ perceptions of AI tools and consumer trust?
· RQ3: What relationship exists between consumers’ perceptions of AI tools and perceived brand competitiveness?
· RQ4: How should UK healthcare providers implement AI tools responsibly to protect trust and competitiveness?
Proposed hypotheses
· H1: AI tools in UK healthcare services are positively associated with consumer trust.
· H2: AI tools in UK healthcare services are positively associated with brand reputation and brand image.
· H3: AI tools in UK healthcare services are positively associated with patient and consumer loyalty.
· H4: AI tools in UK healthcare services are positively associated with brand competitiveness.
[bookmark: _Toc241072236]1.6 Scope and Delimitations
The research will be restricted to the UK adult population (aged 18 and older) accessing NHS or private healthcare. It investigates consumer perceptions of consumer-facing or service-support AI using cross-sectional, self-reported data collected via questionnaires. There are no children or vulnerable participants. The study does not gather clinical history, diagnosis or treatment history; clinically validate AI algorithms; measure healthcare professionals’ opinions unless they participate directly as consumers; objectively evaluate healthcare performance in terms of finances or the market; or longitudinally monitor changes in trust. Participants without direct experience with AI can give informed expectations, but such responses will be distinguished from reported experience where the questionnaire allows. These limits retain the individual consumer as the unit of analysis and perceived brand competitiveness as the outcome.
[bookmark: _Toc241072237]1.7 Research Significance and Contribution
Theoretically, the research combines TAM, Trust Theory and CBBE Theory into a single consumer-centred approach to healthcare. It provides UK-specific quantitative data relating perceived AI service quality and governance, consumer trust and perceived brand competitiveness. In practical terms, it helps to determine what perceived elements of implementation can either enhance or harm trust, reputation and loyalty, thus supporting responsible decisions by NHS and private providers. The research does not assert that AI enhances healthcare brands but focuses on whether these relationships exist and the perceived conditions under which they are positive or negative.
[bookmark: _Toc241072238]1.8 Dissertation Structure
Chapter 1 covers the context, problem, aim, questions and scope. Chapter 2 critically discusses AI-enabled healthcare, consumer trust, perceived brand competitiveness and the three theories and builds the conceptual framework. Chapter 3 describes and rationalises the quantitative approach, including sampling, questionnaire design, analysis and ethics. Chapter 4 presents and discusses the statistical results in the context of the hypotheses and literature. Chapter 5 provides the answers to the research questions and gives conclusions, evidence-based recommendations, limitations and recommendations for future research.

[bookmark: _Toc241072239]Chapter 2: Literature Review
[bookmark: _1s4034iur3sa][bookmark: _Toc241072240]2.1 Introduction
The chapter is based on a critical review of the literature on the role of artificial intelligence tools in enhancing consumer trust and brand competitiveness in UK healthcare services industry. It describes the concepts of AI tools, consumer trust and brand competitiveness in the healthcare setting. The chapter discusses role of AI in access to services, communication, personalisation, predictive services and experience of patients. It assesses consumer trust based on the impact of transparency, reliability, privacy, safety and perceived quality of service. The discussion takes into account the role of AI-enabled services in enhancing differentiation, reputation, loyalty and innovation, outlines theoretical frameworks, literature gap and conceptual framework.
[bookmark: _8ge2mme7zkcp][bookmark: _Toc241072241]2.2 Conceptual and UK Healthcare Services Context
[bookmark: _l0ok6vqovrjs][bookmark: _Toc241072242]2.2.1 AI Tools in UK Healthcare Services
AI tools used in UK healthcare services are digital tools which analyse data, learn patterns and assist in automated or assisted decision-making (Nouis et al., 2025). These are chatbots, virtual triage, predictive analytics, diagnostic support, appointment system and personalised communication. AI has been integrated into UK healthcare to aid in diagnosis, prediction, administration and patient monitoring. For example, NHS England revealed that predictive system of Cera evaluates over two million home-care visits every month, detects up to 5,000 high-risk notifications each day, and forecasts falls with a 97% accuracy (NHS England, 2025a). It has been reported to reduce hospitalisations by a factor of 70%, demonstrating the effectiveness of predictive analytics in helping to intervene earlier and care at home. AI also enhances the efficiency of diagnoses. By 2025, over 24,300 NHS patients had benefited through the AI-supported three-dimensional cardiac analysis of HeartFlow and saved an estimated cost of £9.5 million, including by preventing unnecessary invasive procedures (NHS England, 2025b). Nonetheless, these results are not to be generalised to all AI tools. The success of an AI tool hinges on quality of data, clinical validation, personnel management, cybersecurity and interaction with the current services (Jenko et al., 2025). Thus, AI can be most useful as it supplements professional judgement, but not as a substitute for human-led healthcare. In cases where these tools enhance care safety and reliability, they could enhance patient trust and enable the provider to develop a more competitive reputation.
[bookmark: _p0411d8xgtue][bookmark: _Toc241072243]2.2.2 Consumer Trust in Healthcare Services
Consumer trust in healthcare services describes the trust that patients have in competency of healthcare providers, technologies and institutions to act safely, ethically and in the best interests of patients (Taylor et al., 2023). It is based on the reliability, transparency, privacy protection, accountability, and fair and consistent high-quality care delivery. The issue of trust in an AI system deals with the trust in its accuracy, safety, ability to explain and protect patient data. They have discovered that 92.5% had faith in the professional they were consulting (Dawson and Elsey, 2025). According to Reddy (2024), organisational service quality, governance and error handling are issues that are related to trust in a healthcare provider. However, Kerasidou and Kerasidou (2023) claimed that institutional trust is a measure of trust in the legitimacy and purpose of the NHS or a private organisation. In UK, there is a higher acceptance since 77% of the respondents agreed with the idea of using health data to create healthcare technologies, such as AI (ONS, 2025). These differences are important since patients do not always have equal medical knowledge, and they rely on their professionals in critical cases and make judgments when they do not have all the information, which poses a significant information imbalance. Thus, trust may make the difference between patients perceiving AI usage as a sign of a well-trusted competitive healthcare provider.
[bookmark: _3c5mbklwwhg][bookmark: _Toc241072244]2.2.3 Brand Competitiveness in Healthcare Services
The competitiveness of the brand in healthcare is the capacity of a provider to gain reputation, preference, loyalty and trust from patients through unique high-quality and innovative services (Senyapar, 2024). Competitiveness in NHS is mostly reputational as opposed to profit-making. The difference between frontline trust and institutional brand perception was also evident, since 80.1% of 2024 inpatients always trusted their doctors, but only 21% of British adults were content with the way the NHS works (CQC, 2025; The King’s Fund, 2025). By contrast, UK private hospital admissions reached a record 953,000 in 2025, 1% above 2024 (PHIN, 2026). Nevertheless, increasing admissions could be an indication of NHS waiting times and not an indication of high loyalty or quality. Thus, AI reinforces competitiveness only in case of the enhancement of safety, accessibility and experience.
[bookmark: _82gsm5mevrc][bookmark: _Toc241072245]2.3 Current Role of AI Tools in UK Healthcare Service Delivery
[bookmark: _q0euiz45qk7k][bookmark: _Toc241072246]2.3.1 AI Tools and Service Accessibility
AI-powered digital services will be able to enhance accessibility by eliminating time and transportation constraints. Brown et al. (2023) indicated that 91,926 remote reviews were able to avoid about 3.13 million kilometres of patient travel. Equally, Gobburi et al. (2025) discovered that the use of telehealth increased by telephone (68 to 98) and video (10 to 89) and 86% of respondents supported its use. Nevertheless, both studies consider digital care in general, and thus, these benefits cannot be ascribed to AI. For example, Deep Medical AI appointment tool deployed to Mid and South Essex NHS Foundation Trust led to a 30% decrease in non-attendance over six months and 1,910 more patients were seen (NHS England, 2024).
Nevertheless, there are still disparities in accessibility between groups of patients. Farre et al. (2023) reported that telephone consultations averaged less time and money spent by the NHS by 4.3 minutes and by 15.71, respectively, but fewer older and poorer users and ethnic-minority users participated. Contrarily, Fazakarley et al. (2023) documented that the NHS stakeholders anticipated AI to assist in the ongoing monitoring and surmount the human constraints, but the evidence was only from 13 professionals. Therefore, AI can expand access only in the case of digital exclusion, which needs to be tackled.
[bookmark: _3fyydd9vf25f][bookmark: _Toc241072247]2.3.2 AI-Supported Communication and Patient Assistance
Responsibility and customised help can be enhanced with the help of AI-assisted communication. Kim et al. (2025) identified clinician ratings of AI support (4.30/5), evidence-based responses in FAQ (4.8/5), but a lower safety rating of 2.8/5 in message triage. Similarly, Haider et al. (2025) found that personalised chatbots enhanced satisfaction by 35% and durations of sessions and tasks completed by 50% and 25%, respectively. Therefore, more intense involvement might not be clinically safe communication. For example, an AI triage app that was piloted via the NHS App in one of the Sussex GP practices cut the number of patients waiting on the phone by a quarter without patient satisfaction declining (NHS England, 2026).
Culturally responsive communication must take place. Weingott and Parkinson (2025) discovered that AI customisation enhances relevance and activation of the message, but there are still digital illiteracy and a lack of human interactions. Similar findings of Davies et al. (2024) demonstrated that AI-generated health messages might be more persuasive than human-written messages, but the users favoured human sources and demanded anonymity and language sensitivity to their culture. Therefore, AI must be used to customise messages, but not to take away human comfort or cultural perception.
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[bookmark: _Toc241072217]Figure 1: AI-Generated vs Surgeon-Written Medical Reports
Source: (Elad, 2026)
According to Figure 1, AI-generated reports achieved 87.3% overall accuracy compared with 72.8% for surgeon-written reports, while any discrepancies were lower for AI-generated reports (29.1% versus 53.2%) and clinically significant discrepancies were also lower (12.7% versus 27.2%) (Elad, 2026). These findings relate to documentation quality rather than patient communication directly. Therefore, Figure 1 provides contextual evidence of AI-supported documentation performance but does not establish improved patient experience or trust.
[bookmark: _h3hksta8g75s][bookmark: _Toc241072248]2.3.3 AI-Enabled Personalisation and Predictive Services
Predictive analytics plays a significant role in diagnosing high-risk patients at an earlier stage when the conditions are not serious. Adeoye and Adams (2024) indicated that age-based models that incorporate medical history and disease-related factors could be used to identify individuals at risk of developing chronic conditions and assist in intervention earlier. Hassan and Omenogor (2025) went further to demonstrate that longitudinal, genetic, lifestyle and biomarker data can be used to predict diabetes and cardiovascular disease and provide personalised prevention recommendations. Therefore, forecasting can enhance timely access, but incomplete or inaccurate data can lead the interventions to the incorrect patients.
Personalisation with the help of AI is a necessity to adjust the treatment to personal needs and probable reactions. Li et al. (2024) described that predictive models incorporate medical, genetic and lifestyle data to estimate disease progression, treatment response, readmission and surgical risks to enable providers to change care plans. Conversely, predictive research was found to be concentrated in data-rich intensive-care settings by Al-Nafjan et al. (2025), which limits their ability to transfer the research to primary care. Thus, explainable, validated and suitable recommendations to various UK populations are only likely to reinforce personalised AI, which can build patient confidence and provider differentiation.
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[bookmark: _Toc241072218]Figure 2: AI-Based Personalised Treatment Framework
(Source: Hassan and Omenogor, 2025)
Figure 2 illustrates the process of AI-enabled personalised healthcare starting with a wide range of data sources such as EHRs, genetics, lab tests, medications, diet, environmental data and medical images and transforming it into data collection, algorithmic processing and relaying into precision medicine. Nevertheless, the quality of annotation, uncovered information, imbalance between classes, privacy threats and non-coherent storage may compromise predictive reliability. Thus, to ensure credible personalisation, data governance must be secure, data quality and models must be clinically validated and of high quality. Credible personalisation can boost patient trust and provider differentiation, whereas erratic or biased predictions can undermine trust and competitive reputation.
[bookmark: _qc5225knwvgf][bookmark: _Toc241072249]2.3.4 AI Tools, Patient Experience and Perceived Service Quality
Patient feedback facilitated by AI can enhance experience by making the communication more interactive, and including the views of patients in the improvement of the services. Dodson et al. (2024) have discovered that in 20 studies reviewed, three-quarters reported improved patient experience and half reported improved quality of care due to information sharing and prioritisation of interventions, yet none of the studies specifically used AI, making it difficult to determine its impact. Aytekin et al. (2025) built on this evidence and reviewed 21,392 publications and determined that digitalisation is a prevalent patient-experience theme linked to time savings, cost reduction and better outcomes. However, bibliometric prominence is not effective. An AI notetaking NHS pilot at St George Hospital saved clinicians an average of 47 minutes per shift and enabled each member of staff to attend to one more patient per shift (NHS England, 2026). Therefore, AI can be evaluated by quantifiable patient-reported experience and quality measures. 
The perceived service quality can be reinforced as well by using AI-based monitoring and self-management to decrease the burden and enhance patient control. Hamasaki (2024) found 95% of trial subjects in a UK hybrid closed-loop trial wished to keep using the system and 63% of the patients had less mental and emotional load, though usability, time needs and exercise-related hypoglycaemia were still concerns. Conversely, Pasat et al. (2024) reported no other significant relationship between telehealth or online record access and experience in 2,692 adults, and only frequent primary-care users who book online had 84% reduced odds of poor experience. Consequently, perceived quality cannot be ensured by mere technology availability, usability, relevancy, continuity and human support are required. Therefore, high-quality experiences with the help of AI might increase trust, foster loyalty and enhance competitiveness, whereas inadequate usability or human support may have a reverse effect.
[bookmark: _cxx9w08w2hen][bookmark: _Toc241072250]2.4 Influence of AI Tools on Consumer Trust in Healthcare Services
The performance of AI is important to create trust that services are practical and reliable. According to Zhan et al. (2024), usefulness had a significantly positive impact on trust in healthcare voice assistants (0.277), and content credibility and relative quality of services were also important. On the contrary, Al Kuwaiti et al. (2023) cautioned that an unsafe output, concealed mistakes, and biased data may have dire consequences. The results might vary since Zhan et al. (2024) were able to measure consumer reactions to a particular AI application, whereas Al Kuwaiti et al. (2023) reviewed the range of clinical risks. 
Transparency enhances trust since it assists consumers in comprehending how AI suggestions are generated. Nizette et al. (2025) observed that detailed explanations raised awareness and confidence, and as a result, trust and acceptance; but too much user control diluted the advantages by overloading them with information. Similar results were identified by Afroogh et al. (2024), who discovered that visual and example-based explanations elicited more trust in patients compared to text-only explanations. Whereas both studies promote explainability, Nizette et al. (2025) provide a deeper understanding of impact of various explanation designs, whereas Afroogh et al. (2024) reveal general patterns of trust, but less specific evidence on the operation of explanations regarding specific UK healthcare choices.
The security of information and responsible management are necessary since AI in healthcare deals with sensitive personal data. Wong et al. (2024) discovered that strong regulatory protection enhanced trust, but privacy empowerment did not do so when consumers felt powerless. Kumar et al. (2023) demonstrated that patients have faith in socially beneficial AI that guarantees data safety, recovers quickly in the event of failures and responds to evolving requirements. Therefore, trust needs to be enforced in institutions and not based on consent or privacy settings. While Wong et al. (2024) focus on institutional protection and consumer control, Kumar et al. (2023) focus on responsible healthcare AI in a broader sense. Both studies complement each other, but none alone answers how UK patients react to a particular failure of data.
Human-like communication can enhance the level of trust, yet it cannot substitute empathy and judgment. Chi and Hoang Vu (2023) discovered that empathy directly enhanced trust (β = 0.266), and communication quality led to a greater effect (β = 0.527); anthropomorphism itself was irrelevant. However, Sauerbrei et al. (2023) discovered that patients tended to choose AI as an aid to be guided by the doctor since the risks of replacement undermine empathy and shared decision-making. Chi and Hoang Vu (2023) present helpful quantitative data related to communication attributes, but Sauerbrei et al. (2023) represent a better healthcare-related understanding of the doctor-patient relationship. Thus, professional involvement seems to be a more significant factor than mere attempts to make AI appear human.
The current trust towards providers and organisations predetermines the healthcare AI expectations. Nong and Ji (2025) discovered that trust in healthcare systems was a predictor of positive AI expectations (OR = 3.55), and provider trust also positively predicted expectations (OR = 1.78). Similar results were observed by Frank et al. (2023), who reported a growth in company trust in AI-service adoption in 23 companies, but high autonomy undermined the correlation. The healthcare evidence of Nong and Ji (2025) is more directly applicable and multi-company nature of Frank et al. (2023) study makes the results more general and less directly applicable to NHS. Thus, UK healthcare providers will be able to transfer trust to AI, but independent clinical judgments need more control and guarantees. 
Loyalty and engagement might be affected by trust, but the adoption of AI does not necessarily enhance these factors. Chen et al. (2022) discovered that platform and host trust were positively associated with engagement and loyalty, engagement mediated between trust and loyalty, and AI had negative moderating effects on important relationships. Suraña-Sánchez and Aramendia-Muneta (2024) discovered that healthcare chatbots can enhance access to information, reminders and patient interaction, but privacy, bias and transparency are issues. Yet, Chen et al. (2022) are more specific to home-sharing industry, Suraña-Sánchez and Aramendia-Muneta (2024) show fewer direct data that AI-generated engagement leads to long-term loyalty of UK healthcare patients. Therefore, loyalty is facilitated by AI based on reliable service experiences.
[bookmark: _dxzfaqlc2t57][bookmark: _Toc241072251]2.5 Contribution of AI-Enabled Services to Brand Competitiveness in Healthcare Services
The use of AI has the potential to enhance brand differentiation through the ability of healthcare providers to become innovative and responsive. In 2024, the global healthcare AI market will be USD 16.61 billion, which, according to Market Data Forecast (2024), is estimated at USD 630.92 billion in 2033. Ali Mohamad et al. (2023) discovered that robotic surgery enhanced competitive positioning with better clinical, financial and technological performance, but initial advantages of adopters relied on specialist skills. Therefore, technology can only boost reputation when it is backed up by an ability that cannot be easily duplicated by competitors.
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[bookmark: _Toc241072219]Figure 3: Global AI in Healthcare Market Size
(Source: Market Data Forecast, 2024)
The AI-enabled product-service innovation has the potential to generate unique patient value and novel service models. Naeem et al. (2025) discovered that AI facilitated service innovation, customer co-creation and business-model transformation through transforming traditional offerings into intelligent solutions. Kulkov et al. (2024) went a step further by demonstrating that AI and cloud, blockchain and IoMT provided value in the form of analytics, security and performance optimisation. The results vary primarily, with Naeem et al. (2025) concentrating on the level of organisational and customer-value transformation, whereas Kulkov et al. (2024) concentrate on the technological integration. Integration can therefore produce a greater degree of differentiation than solitary adoption of AI, but the implementation can be undermined by the complexity of technology.
Brand reputation can be improved through operational efficiency and patient safety, as they will show reliable service quality. AlDhaen (2025) discovered that AI impacted patient safety partially through operational efficiency (0.34, p =.001), and that staff digital competence reinforced implementation. Lee and Yoon (2021) noted that AI decreased bed-assignment time by 30%, time in an operating-room transfer by 70% and ambulance dispatch time by 63 minutes. As such, quantifiable efficiency has the ability to foster competitiveness, though not until it enhances patient-facing outcomes. AlDhaen (2025) has better statistical evidence with operational efficiency testing as a mediating mechanism, but Lee and Yoon (2021) give clear improvements in practical performance. However, their result does not directly prove that patients felt the benefits or that they enhanced brand trust and loyalty in UK healthcare.
Organisational readiness and sustained patient use are also a requirement of competitive advantage. Nevi et al. (2025) discovered that compatibility (best = 0.251) and competitive pressure (best = 0.212) had the greatest predictive power of AI-adoption in pharmacies, but organisational factors were not significant. Conversely, Salih et al. (2025) discovered that perceived accuracy (0.206), innovativeness (0.138) and engagement (0.359) enhanced service continuance. AI enhances healthcare brands when such service benefits as innovation, safety, efficiency and patient engagement can be observed. Its adoption is not enough, but sustainable competitiveness involves specialist capability, integrated technologies, reliable performance and patient-centred outcomes that cannot be easily replicated by the rival provider within the context of public and private healthcare services. The differing outcomes are possible since Nevi et al. (2025) study organisational adoption in the case of pharmacies and Salih et al. (2025) use sustained use of the service as a condition of sustainable competitiveness. It means that sustainable competitiveness demands internal preparedness and external patient acceptance, and the benefits of sustainable competitiveness are not easily reproducible by competitors.
[bookmark: _318wf7v2ariv][bookmark: _Toc241072252]2.6 Relationship Between AI Tools, Consumer Trust and Brand Competitiveness 
Transparency relates AI usage to consumer trust and brand strength. In their study, Badmus and Adetunji (2023) observed that algorithmic transparency had an impact on customer trust (β = 0.68) and brand equity (β = 0.59) under the mediation of the impact of AI implementation on these two variables. Yang and Kim (2026) discovered that digital quality enhanced satisfaction, which significantly forecasted the loyalty (0.580), but the direct digital quality impact on loyalty was not significant. Therefore, AI generates competitiveness where trust and satisfaction are ensured through comprehensible, trustworthy service experiences.
The AI capabilities are turned into competitive performance through patient engagement and organisational relationships. According to Sitaraman (2023), an AI-based healthcare model reached 88% engagement, 85% resource efficiency and 93% accuracy, which correlated cognitive empathy with the experience of value formation. Conversely, Kim and Lee (2021) discovered that the direct performance impact of digitalisation was minimal, with relational, cognitive and structural capital playing the mediating role in supply-chain performance. Thus, AI will not be able to gain a competitive edge unless it is met with empathy and trusted relationships and information exchange among interconnected healthcare services networks and organisations.
These results suggest that AI tools impact brand competitiveness indirectly, as opposed to automatically. By enhancing accessibility, responsiveness, personalisation and quality of service, patients will feel the provider is reliable, innovative and patient-centred. Such positive perceptions enhance consumer trust that, in turn, may boost satisfaction, involvement, loyalty and a positive brand name. However, lack of transparency, privacy concerns, incorrect prescriptions or human support can undermine trust and hurt the competitiveness of the provider. As such, consumer trust is a bridging factor with the ability to transform AI-driven service enhancements into healthier brand relationships and long-term competitiveness in the UK healthcare services industry. The relationship may thus work either positively where AI gains trust and negatively where privacy, transparency, safety or human-interaction issues decrease trust and harm the reputation of the provider.
[bookmark: _43torksjgakp][bookmark: _Toc241072253]2.7 Theoretical Framework 
Technology Acceptance Model 
Technology Acceptance Model (TAM) explicates the adoption of AI-healthcare by perceived usefulness and perceived ease of use, attitudes, behavioural intention and actual use. To promote acceptance of AI-enabled healthcare services, perceived usefulness and ease of use are needed. Hussain et al. (2025) discovered that usefulness (0.31) and ease of use (0.35) showed a significant positive change in technology-use intention among nurses. Similarly, Liu et al. (2022) discovered that usefulness, ease, and perceived risk played a critical role in influencing the adoption of an IoT health-management system. Therefore, AI tools are more likely to be accepted when they do not require excessive effort and offer consumers benefits.
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[bookmark: _Toc241072220]Figure 4: Technology Acceptance Model
(Source: Park and Park, 2020)
Nonetheless, acceptance is relative to contextual factors that are extrinsic to TAM constructs. The usefulness (0.161) and ease of use (0.230) and security (0.117) enhanced PHR usage intentions with moderating effects of privacy and usability, respectively (Alsyouf et al., 2023). The determinants mentioned by Anisha et al. (2025) include social support, digital literacy, affordability and privacy among older adults. Even though Park and Park (2020) ensured usefulness and ease on the attitudes and behavioural intentions in construction IT, it is constrained by its non-healthcare environment to ensure transferability. Thus, TAM is more appropriate when it comes to the study of the acceptance of AI-enabled healthcare services by consumers.
Trust Theory 
Trust Theory describes consumers’ acceptance of vulnerability when they face uncertainty and risky interactions with AI systems, professionals and healthcare institutions, based on expectations of competence, integrity, benevolence, reliability and appropriate conduct. To create trust in AI-generated healthcare information, reliability of information is crucial. Guo et al. (2025) discovered that information quality was the most robust predictor of trust in ChatGPT and trust raised health-information adoption intention. Conversely, Masalonis et al. (2025) highlighted that reliability is not enough since transparency, protection of privacy and cybersecurity, and human supervision and tailor-made trust calibration also determine confidence. Therefore, the reliable healthcare AI must be provided with both precise outputs and a number of measures to avoid overtrust and negative dependence.
Trust can be shaped by both digital systems and professional cues from health professionals, which can also affect patient behaviour. The study by Zhang et al. (2025) reported that perceived system reliability increased institutional trust, whereas trust reduced practical barriers to treatment. Likewise, Wang et al. (2025) discovered that professional experience led to more consultation purchases (0.136) which was partially mediated by follower communities and signalling credibility. Thus, AI-mediated healthcare competitiveness requires reliability to be strengthened with professional authority, social recognition and reassuring communication.
Customer-Based Brand Equity Theory 
According to Customer-Based Brand Equity (CBBE) Theory, brand competitiveness can be explained by the level of awareness, association, perceived quality, image, resonance and loyalty that consumers have to a healthcare provider. The AI-based service quality has the potential to reinforce the image of healthcare brands by forming positive and unique associations with consumers. Latif (2022) found brand awareness (β = 0.216), association (β = 0.107), superiority (β = 0.126), resonance (β = 0.100) and corporate social responsibility (β = 0.506) significantly improved brand image. Similarly, Sathvavwala et al. (2026) have found the perceived quality, differentiation, digital trust and accessible prestige as the emerging healthcare-branding priorities. Therefore, AI can improve equity by making credible, inclusive and personal services recognisable brand meanings.
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[bookmark: _Toc241072221]Figure 5: Customer-Based Brand Equity Theory
(Source: Tsai et al., 2014)
Loyalty and advocacy can be achieved through AI-assisted engagement and service recovery wherein positive experiences are transformed into loyalty and advocacy. Arya et al. (2024) discovered that digital gamification enhanced the consumer-based brand equity in India (0.24) and Morocco (0.32), and brand equity was a significant predictor of purchase intentions. Shamoon (2024) in the healthcare industry discovered that AI-enabled CRM mediated the association between service recovery and customer citizenship behaviour (β = 0.028) and had a direct positive impact on such behaviour (β = 0.037). Consequently, CBBE outlines how trusted AI experiences can enhance reputation, retention and competitiveness, but there is limited evidence in non-UK markets that can directly generalise to the more digital and choice-sensitive healthcare service markets today globally.
[bookmark: _7peg50p48y4k][bookmark: _Toc241072254]2.8 Literature Gap
The literature predominantly focuses on analysing the adoption of AI, its accessibility, the quality of services or patient trust independently. Dodson et al. (2024) conducted a review of digital patient-experience literature but could not find any studies that directly assessed AI, whereas Pasat et al. (2024) indicated weak correlations between digital access and patient experience. It suggests a lack of UK-specific data explaining how consumer-facing AI tools can impact accessibility, communication, personalisation, perceived service quality and consumer trust in both NHS and privately-based healthcare services.
There is a discontinuity between AI-empowered healthcare, consumer trust and brand competitiveness. Yang and Kim (2026) related digital quality to satisfaction and loyalty, whereas Badmus and Adetunji (2023) related algorithmic transparency to brand equity and trust, but they were not carried out in the UK and failed to consider healthcare accessibility, privacy, safety, transparency and human oversight in a single framework. Consequently, scanty empirical literature describes how AI-enabled services relate to consumer trust, reputation, differentiation, loyalty and competitive advantage in the unique context of UK healthcare.
[bookmark: _6oyqsff5jnns][bookmark: _Toc241072255]2.9 Conceptual Framework
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[bookmark: _Toc241072222]Figure 6: Conceptual Framework
Figure 6 places the AI tools in UK healthcare services as the independent variable that can be associated with four outcomes, which are consumer trust, brand reputation and image, patient and consumer loyalty, and brand competitiveness. It implies that favourable perceptions of AI applications can be associated with confidence, reliability and transparency, reputation, innovative service delivery, loyalty, increased accessibility and personalised experiences, and competitiveness through differentiation and service quality. However, the model does not provide any indirect relationship. Consumer trust and brand reputation may also be related to loyalty and competitiveness, but these indirect pathways were not tested in the reported analysis.
[bookmark: _chgq1m1rrdyv][bookmark: _Toc241072256]2.10 Summary
The chapter was a critical review of the importance of AI tools in enhancing consumer trust and brand competitiveness in the UK healthcare services. It demonstrated that AI can make access, communication, personalisation, with predictive care and patient experience more accessible, yet benefits of AI rely on data quality, usability, clinical validation, and human oversight. The factors that were found to influence consumer trust are transparency, reliability, privacy, safety, empathy and institutional accountability. The review also reported that AI could enhance brand reputation, differentiation, loyalty and innovation in the event that it generates service quality and patient outcomes improvements. The theoretical framework was based on Technology Acceptance Model, Trust Theory and Customer-Based Brand Equity Theory. Nevertheless, there is not much research in the UK that combines AI-enabled services, consumer trust and brand competitiveness to endorse the conceptual framework and empirical research.


[bookmark: _Toc241072257]Chapter 3: Research Methodology
[bookmark: _Toc241072258]3.1 Introduction
This chapter described and rationalized the approach used to research consumer-facing AI tools, consumer trust and perceived brand competitiveness in UK healthcare services. The philosophy, methodology, design, sampling, administration of the questionnaire, statistical analysis and ethical protections were outlined in the chapter. All the decisions were practical in nature: the questionnaire transformed the Chapter 2 concepts into measurable variables, the sampling process identified eligible users of healthcare in the UK, and the statistical tests were conducted to evaluate the four hypotheses. The methodology was thus an integrated process and not a set of independent and unrelated methodological decisions.
[bookmark: _Toc241072259]3.2 Philosophy
The philosophy that was adopted in the study was positivist. Positivism treated perceived service quality, transparency, reliability, privacy, safety, consumer trust and perceived brand competitiveness as measurable consumer perceptions. Interpretivism would have delved into the issues of how people made meanings by narrating them in detail, while pragmatism would have chosen or integrated approaches based on the problem.
Guraya et al. (2023) pointed out that rigorous research must have coherence between the paradigm, questions, methods and analysis. Positivism gave the study that coherence since pre-existing hypotheses were applied, the same questionnaire questions were used, the study was conducted using a numerical scale and statistical tests were used to test regularities between respondents. It also facilitated comparison amongst the consumers since each respondent rated the same specified aspects of healthcare AI. This rendered positivism appropriate since it employed quantitative questionnaire data that were tested statistically against the four pre-defined hypotheses.
According to Slater and Hasson (2025), quantitative designs relied on numerical evidence to explain phenomena, measure associations and test hypotheses, and the strength of the conclusions was based on validity. Based on this, researcher influence was limited through standardised instructions, theory-based items, predefined coding, as well as transparent decision rules. This research was not reported as totally value-free since the choice of constructs and the determination of statistical significance remained subjective. Rather, the design made such judgements explicit and replicable.
[bookmark: _Toc241072260]3.3 Approach
The deductive approach was taken because the research moved from established theory to testable expectations. Barrett and Younas (2024) explained that deduction began with a proposition and inquired whether observations were in line with the expected consequences of the proposition. TAM thus informed perceived usefulness and ease of use, Trust Theory informed transparency, reliability, privacy, safety and proper human control, and CBBE Theory informed reputation, differentiation, innovation, preference and loyalty. These ideas were translated into questionnaire items and then analysed.
Okoli (2023) differentiated between deduction and induction, which drew general propositions based on particular evidence, and abduction, which aimed at finding plausible explanations for unexpected observations. Induction was inappropriate as the research did not gather open-ended narratives to develop a new theory. Although abduction was not the main approach, unexpected statistical findings prompted a return to the Chapter 2 literature. This still maintained a logical flow from theory to measurement, hypothesis testing and, lastly, practical recommendations.
[bookmark: _Toc241072261]3.4 Design
The research adopted a mono-method quantitative, explanatory-correlational and cross-sectional survey design. The unit of analysis was the individual adult user of UK healthcare services. According to Zimba and Gasparyan (2023), rigorous survey research relied on the intentional design of the instruments, their proper administration and clear reporting. A single standardised questionnaire thus offered all respondents the same definition of AI, questions and choices, making it possible to directly compare the statistics.
Dawadi et al. (2021) noted that mixed methods might provide more in-depth explanation, but demanded more resources, skills and the integration of various forms of evidence. Interviews and mixed methods were thus not selected because the study was aimed at estimating patterns and testing relationships and not exploring individual experiences in depth. This lowered the explanatory depth but aligned with the quantitative and explanatory scope of the study.
The questionnaire was administered online using Microsoft Forms. Wu et al. (2022) discovered that participation in online surveys was enhanced when the population was well defined and recruitment was appropriately targeted. The survey link thus presented succinct eligibility requirements and a plain-language description of consumer-facing AI prior to the survey.
Capili (2021) characterized cross-sectional studies as effective methods of measurement conducted at a single point in time that detected distributions and associations. The design, in turn, captured AI-service perceptions, trust and competitiveness in a single administration. Figueiredo et al. (2025) cautioned that cross-sectional evidence could not determine the order of events or causality and was susceptible to confounding. Regression coefficients were thus seen as associations and not as indications that AI caused or instigated trust or competitiveness. The results therefore only related to a single survey point in time and were not able to demonstrate changes in trust or competitiveness over time.
According to the study by Teh et al. (2023), social desirability explained a small, yet significant, percentage of variance in self-reported health behaviours. The anonymity of voting, the lack of prejudice in the wording and the lack of representatives of the providers reduced the influence to respond positively. However, the design assessed perceptions rather than observed AI performance and was susceptible to recall, common-method and digital-exclusion biases.
[bookmark: _Toc241072262]3.5 Sampling Technique and Sample Size
The target group was adults aged 18 years and over who lived in the UK and had used NHS or private healthcare services. They also had to be able to understand the information sheet and give informed consent, which required adequate English proficiency. Screening questions excluded children, vulnerable participants, those who were not UK residents and those who had not used UK healthcare services.
Convenience sampling was adopted due to the unavailability of a complete sampling frame of healthcare users in the UK and the geographical spread of the population. The participants were recruited via social media, university networks, online communities, and personal or professional networks. Andrade (2021) described how convenience samples were taken based on available sources and could only be generalised to the available source population. The results were thus considered applicable to the obtained sample and not representative of the national population. It was therefore appropriate for accessing geographically dispersed eligible respondents within the scope of the study in terms of time and resources.
Stratton (2021) also noted that convenience sampling introduced selection bias and did not necessarily allow the results of the participants to be generalised to the entire target population. Recruitment was thus spread over a number of channels rather than being based on a single social group, while the same eligibility checks minimized apparent sample mismatch. These steps enhanced coverage but did not transform the approach into probability sampling. Responses also may have been self-selected, in that they would have been more likely to have been gathered from users with access to or interest in AI, and thus must not be interpreted as national estimates.
The approved target was 150-200 usable questionnaires, and recruitment ended within this range after screening confirmed that sufficient complete cases had been obtained. According to Lakens (2022), the justification of sample size might be based on power, precision, resource availability or set design requirements, but these reasons were not interchangeable. The range adopted could accommodate losses during data cleaning and was practical for a taught dissertation. It supported model estimation without implying population representativeness. The 170 usable responses achieved were within the approved response range and adequate for the reported Pearson correlation and simple linear regression analyses.
[bookmark: _Toc241072263]3.6 Data Collection Method
A structured online questionnaire was used to gather primary data. Kishore et al. (2021) suggested defining constructs, creating items, getting expert evaluation prior to assessing reliability and validity. Each questionnaire item was mapped to a Chapter 2 construct, research objective and planned statistical test prior to the release of the questionnaire. The questionnaire began with participant details, electronic consent, eligibility assessment, an AI definition, AI familiarity, construct measures and demographics (without identifiable information). Examples of consumer-facing AI encompassed chatbots, virtual triage, predictive service systems, intelligent appointment scheduling and personalised communication. Ordinary video consultations and online booking were not presented as AI unless they used automated data analysis, prediction or intelligent interaction. This distinction minimized the possibility of participants rating overall digital healthcare rather than AI-based services. The attitudinal items were derived from the literature reviewed in Chapter 2 and the constructs of the TAM, Trust Theory, and CBBE instead of being copied from a single questionnaire.
Jebb et al. (2021) explained that Likert-scale quality relied on clarity, appropriate wording and psychometric testing; reversed wording may produce unwanted method effects. The same five-point scale was thus used for all the attitudinal statements, namely 1 = strongly disagree and 5 = strongly agree, and there were no reverse-worded statements. This option minimized unnecessary reading and coding mistakes.
Alsyouf et al. (2023) discovered that usefulness, ease of use and security were predictors of personal-health-record use, whereas privacy and usability influenced significant TAM associations. These aspects informed the questionnaire and interpretation, but usefulness, ease of use, transparency, reliability, privacy and safety were not analysed as separate predictor variables. Dlugatch et al. (2023) concluded that perceived trustworthiness of healthcare AI was influenced by reliability, fairness, human mediation, empathy and public benefit. These factors therefore informed the interpretation of the consumer-trust items rather than a separate AI-governance regression model.
The results of Ali et al. (2023) were that healthcare AI generated organisational and patient value and that data integration, privacy, legal issues and patient safety were all significant concerns. The questionnaire therefore measured AI-service perceptions, consumer trust and brand-related outcomes separately, so that innovation was not automatically treated as equivalent to trust or competitive advantage.
	Construct
	Operational measurement
	Items
	Composite calculation

	AI tools in UK healthcare services
	Accessibility, communication, responsiveness, personalisation and overall service quality
	5
	Mean of 5 items

	Consumer trust
	Responsible use, reliability, data protection, human oversight and confidence
	5
	Mean of 5 items

	Brand reputation and brand image
	Reputation, positive image, modernity, competence and risk from poor AI management
	5
	Mean of 5 items

	Patient loyalty and consumer loyalty
	Continued use, preference, recommendation, long-term relationship and switching intention
	5
	Mean of 5 items

	Brand competitiveness
	Differentiation, competitive position, attractiveness, responsiveness and competitive advantage
	5
	Mean of 5 items


The primary instrument thus consisted of 25 attitudinal questions, besides screening, AI-experience and five demographic questions. A composite score was computed when at least 80 percent of the required items were answered (i.e., at least 4 out of 5 items); otherwise, that construct was considered missing from the analysis.
Ranganathan et al. (2024) clarified that validity was concerned with whether a measuring tool was measuring what it was supposed to measure, and reliability was concerned with consistency. The identification of items in Chapter 2 and the three theories supported content validity. Cronbach’s alpha, as presented by Izah et al. (2024), was used as an overall internal-consistency check across the five composite study variables. This overall alpha did not establish the reliability of each individual five-item construct separately.
[bookmark: _Toc241072264]3.7 Data Analysis Method
The anonymised data were exported from Microsoft Forms and analysed using IBM SPSS Statistics 30. As Sharifnia et al. (2026) explained, missing, noisy and inconsistent data required systematic identification, treatment and reporting. Variable names, wording of items, response values, composite formulas and exclusion decisions were written in a codebook.
Before analysis, responses were checked for electronic consent and eligibility. Records were omitted where there was no consent, an eligibility criterion was not passed or more than 20% of the items in a required construct were missing. Submission metadata and identical response patterns were used to determine possible duplicates. Unrealistically short completion times, straight-lining and inconsistent responses were flagged for review instead of being auto-filtered. Univariate values exceeding +3.29 standard deviations were checked, but observations were removed only when there was an obvious error or invalid pattern of responses.
Frequencies and percentages summarised demographic variables and AI-enabled healthcare-service use. Means and standard deviations described the five composite study variables. Cronbach’s alpha was reported as an overall consistency diagnostic across these five composite variables, and KMO and Bartlett’s Test were used as preliminary checks of sampling adequacy and factorability. These statistics were interpreted cautiously because they did not establish the reliability or construct validity of each individual scale.
Pearson correlation was used to quantify the direction and strength of the four reported bivariate associations between perceptions of AI tools and consumer trust, brand reputation and image, patient and consumer loyalty, and brand competitiveness.
The substantive relationships were tested using four simple linear regression models. In each model, perceptions of AI tools were the predictor, while consumer trust, brand reputation and image, patient and consumer loyalty, and brand competitiveness were analysed separately as outcomes. These models directly matched H1-H4. No control variables, hierarchical regression or mediation analysis were reported.
Because the study was cross-sectional and correlational, the regression results were interpreted as statistical associations rather than evidence that AI tools caused changes in trust, loyalty, reputation or competitiveness.
Homa-Bonell (2023) argued that p-values should not be interpreted in isolation. Findings were therefore considered using Pearson correlation coefficients, regression coefficients, R², ANOVA statistics and p-values at p < .05. Chicco et al. (2021) showed that R² represented the percentage of variance in an outcome accounted for by a regression model. The overall evidence was used to support or not support the hypotheses; no causality or mediation was asserted.
[bookmark: _Toc241072265]3.8 Ethical Consideration
Recruitment was done after UWTSD ethical approval was granted. Oates et al. (2021) stated that human research needed to address valid consent, withdrawal, confidentiality, anonymity, risk and responsible data stewardship. The participants were thus issued with a plain-language information sheet and gave electronic consent prior to the questionnaire. The respondents participated voluntarily, were not deceived and were free to drop out of the survey by closing it before submitting their responses.
Withdrawal after submission was not possible because anonymous responses could not be traced back to an individual. No NHS numbers, diagnoses, medical records or treatment histories, addresses, contact details or names were taken. Only aggregate results were reported.
According to the Information Commissioner’s Office (2025), good anonymisation ensured that the risk of identification was sufficiently remote and recognised that identifiers were not limited to names. Open-ended questions and unnecessary indirect identifiers, therefore, were not included, demographic groups were broad and small subgroups were not reported in ways that could reveal identities.
Electronic files were password-protected and were accessible only to the researcher and supervisor. To address security, ethical and legal concerns, the University of Wales Trinity Saint David (UWTSD, 2022) required research data to be managed securely throughout their lifecycle. The codebook and anonymised data were retained only for the institutionally approved period and were safely destroyed in accordance with the approved protocol. Raw responses were not published or re-used in another study.
According to UK Research and Innovation (2024), it was a violation of confidentiality and research integrity to put confidential research material in generative-AI systems. Raw participant data were therefore not uploaded to free AI tools. These measures combined to operationalise informed consent, data minimisation, anonymity, controlled access and responsible disposal.
[bookmark: _Toc241072266]3.9 Summary
This chapter laid down a mono-method, positivist, deductive and quantitative methodology. The aim and hypotheses of the research were consistent with the five measurement variables and four simple regression models used, as well as a convenience sample and cross-sectional online questionnaire. Data screening, cautious reliability and factorability checks, and ethical protection supported the research process. The statistical results were reported and interpreted in Chapter 4.


[bookmark: _Toc241072267]Chapter 4: Findings and Discussion
[bookmark: _n6kiky5qg0m2][bookmark: _Toc241072268]4.1 Introduction
The chapter discusses the findings of the survey conducted for this research and tests the suggested hypothesis models using SPSS software. Each study variable was measured using five items, and the average score was used to indicate overall perception of 170 respondents for each variable. Possible response patterns are also explored based on the demographic characteristics of the respondents. Reliability was assessed through the reported overall Cronbach’s alpha, while KMO and Bartlett’s Test provided a preliminary factorability check. Furthermore, Pearson correlation and simple linear regression were used to examine the reported relationships between AI tools and the four study outcomes.
[bookmark: _3nfh393ncpxs][bookmark: _Toc241072269]4.2 Demographic Analysis
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[bookmark: _Toc241072205]Table 1: Demographic Frequency
There were no missing values on five variables in demographic responses of 170 participants and the results are summarised in Table 1. Mean age score is 2.66, and median and mode are 3, suggesting that 35-44 years category is the most frequent. Male respondents were greater than female respondents, with a mean of 1.47, a median of 1 and a mode of 1 for gender. Education had a mean of 3.24 and a mode of 3, indicating that the largest group were those with a bachelor’s degree. Mean for employment was 3.71, median was 4 with multiple modes, showing a varied employment profile. AI-enabled healthcare service use had a mean score of 2.99 and a mode of 4, indicating that AI-personalised healthcare communication was the most popular healthcare service among participants in this survey.
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[bookmark: _Toc241072223]Figure 7: Age
Figure 7 indicates that respondents aged 35-44 years, totalling up to 30.59% as the biggest group, while lowest age group of 55 years accounted for 4.71% of all respondents.
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[bookmark: _Toc241072224]Figure 8: Gender
Figure 8 indicates that male respondents represented the highest proportion at 52.94%, while female respondents accounted for lowest at 47.06%. The difference is relatively small, indicating that the sample is reasonably balanced in terms of gender.
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[bookmark: _Toc241072225]Figure 9: Education Level
Figure 9 shows that most of the respondents, 40.59%, had a Bachelor's degree, while only 2.35% of participants are categorised as “secondary and below education”.
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[bookmark: _Toc241072226]Figure 10: Employment Status
According to Figure 10, the highest proportion, accounting for 27.65% of all respondents, was in the economically active group (full-time and part-time employees), while only 2.35% of respondents belonged to the retired group.
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[bookmark: _Toc241072227]Figure 11: Use of AI-enabled Healthcare Services
Figure 11 indicates that “AI-personalised healthcare communication” was most commonly used at 33.53%, whereas “AI-supported monitoring or recommendations” recorded the lowest usage at 6.47%.
[bookmark: _ctd0fy34f3ue][bookmark: _Toc241072270]4.3 Descriptive Analysis
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[bookmark: _Toc241072206]Table 2: Descriptive Statistics
Table 2 shows the descriptive statistics of 170 valid responses to identify the survey trends and patterns. Minimum and maximum scores were 1 and 5 for all variables, indicating that participants used a full range of scores. “Mean score” for “AI Tools in UK Healthcare Services” was 3.9824, which suggests that respondents had a positive attitude towards the role of AI tools in enhancing accessibility, communication, personalisation and healthcare service delivery. A score around 4 means that participants generally agreed with those statements (Fangni, 2025). This positive attitude aligns with the findings of Ogundare et al. (2025), which indicated that patient attitudes towards the use of AI can influence their care experience. Table 2 shows that “Consumer Trust” had a mean of 4.0024, which means respondents had a positive attitude towards AI-supported healthcare. Comparatively greater variation in trust perceptions was indicated by its standard deviation of 0.86346, which was highest of all variables. Gong et al. (2024) reported that patient knowledge of AI influences their trust towards AI medical services.
Mean and standard deviation for “Brand Reputation and Brand Image” were 4.0588 and 0.79812, respectively. It shows that participants agree with effective utilisation of AI, which can reinforce healthcare-provider image. Moreover, Razzaq et al. (2024) discovered that brand image of the hospital enhances the link between service quality and patient loyalty. “Patient Loyalty and Consumer Loyalty” scored a mean of 4.0553 and a standard deviation of 0.85048, representing some variation in loyalty perception. Based on the findings of Pratami et al. (2023), it can be concluded that digital patient experience, innovation and service quality can collectively affect patient loyalty. “Brand Competitiveness” had a mean of 4.0824, which indicated strong agreement with statements linking AI to competitive advantage and differentiation. Therefore, respondents associated AI positively with healthcare organisations' competitive positioning (Ali Mohamad et al., 2023). As all means were close to 4, Table 2 reflects positive perceptions for each of the variables.
[bookmark: _9k10hsn5djnp][bookmark: _Toc241072271]4.4 Reliability Analysis
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[bookmark: _Toc241072207]Table 3: Reliability Statistics
Table 3 reports a Cronbach's Alpha value of 0.949 across the five composite research variables, indicating high overall internal consistency among these variables. Cronbach's Alpha assesses the consistency of items considered as a set, and values of 0.70 or above are commonly treated as acceptable (Izah et al., 2024). However, because the reported alpha was calculated across five distinct composite variables rather than separately within each five-item construct, it should not be interpreted as proof that every individual construct was independently reliable.
[bookmark: _jmuk6tmnx22l][bookmark: _Toc241072272]4.5 Validity Analysis
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[bookmark: _Toc241072208]Table 4: Validity Statistics
Table 4 shows the results of KMO and Bartlett's Test as a preliminary check of sampling adequacy and factorability for the five composite variables. The KMO value is 0.873, which indicates good sampling adequacy, and Bartlett's Test was significant (χ² = 881.677, df = 10, p < 0.001), indicating sufficient inter-correlations for factor-based examination (Govindasamy et al., 2024). These tests do not by themselves establish construct validity, and no stronger validity claim is made from them.
[bookmark: _7z86jz84qkx0][bookmark: _Toc241072273]4.6 Hypothesis Testing using Correlation and Regression Analysis
The hypothesis models link to the research questions as follows: H1 directly addresses RQ2; H2 and H3 provide supporting evidence on brand-related outcomes relevant to RQ3; and H4 directly addresses RQ3. RQ1 is addressed through descriptive analysis, while RQ4 is addressed through the discussion and recommendations rather than a separate hypothesis test.
[bookmark: _6a8hfxvw7yf][bookmark: _Toc241072274]4.6.1 Hypothesis Model 1
H1: “AI tools in UK healthcare services are positively associated with consumer trust.”
H0: “AI tools in UK healthcare services are not significantly associated with consumer trust.”
“Hypothesis Model 1” investigates positive relationship between perception of consumers of the use of AI tools and consumer trust in UK healthcare. Trust plays a crucial role in the responsible adoption of AI in healthcare, as patients' trust is essential for successful integration of AI technologies (Nong and Platt, 2025). Thus, the model tests relationship between AI tools and consumer trust.
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[bookmark: _Toc241072209]Table 5: Correlation Analysis 1
As per Table 5, the Pearson correlation coefficient between the variables is 0.811. Pearson correlation ranges from -1 to +1, with values closer to +1 indicating a stronger positive linear association (Schober et al., 2021). The result indicates that more positive perceptions of AI tools are associated with higher consumer trust. As the significance value is below 0.05, the result indicates a statistically significant positive association between AI tools and consumer trust.
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[bookmark: _Toc241072210]Table 6: Regression Analysis 1
Table 6 shows that the R-square value is 0.658, meaning that the simple regression model with AI tools accounts for 65.8% of the variance in consumer trust within this sample. R-square is the percentage of variability in an outcome accounted for by a regression model (Chicco et al., 2021). The overall model is statistically significant, with ANOVA p < 0.001, and the coefficient for AI tools is positive and significant (p < 0.001). Hence, H1 is supported: “AI tools in UK healthcare services are positively associated with consumer trust.”
[bookmark: _bc84836qqtit][bookmark: _Toc241072275]4.6.2 Hypothesis Model 2
H2: “AI tools in UK healthcare services are positively associated with brand reputation and brand image.”
H0: “AI tools in UK healthcare services are not significantly associated with brand reputation and brand image.”
Confidence, comfort, ethical considerations, and patient-centred expectations are factors that influence public perceptions of healthcare AI (Witkowski et al., 2024). “Hypothesis Model 2” is whether there is a relationship between favourable perceptions of AI tools and brand reputation and brand image among UK healthcare consumers. 
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[bookmark: _Toc241072211]Table 7: Correlation Analysis 2
Table 7 identifies a Pearson correlation value of 0.819, which indicates a strong positive association between the two variables. It shows that positive perceptions of AI tools are associated with higher perceptions of healthcare-provider reputation and image. The significance value is below 0.001, indicating that the observed association is statistically significant. A simple linear regression was then used to examine the corresponding bivariate model.
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[bookmark: _Toc241072212]Table 8: Regression Analysis 2
Table 8 shows that the R-square value for AI tools and brand reputation and image is 0.671. This means that the simple regression model with AI tools accounts for 67.1% of the variance in brand reputation and image within this sample. The ANOVA result is significant (p < 0.001), and the coefficient is positive and significant (B = 0.875, Beta = 0.819). Medina Aguerrebere et al. (2024) also discovered that hospitals rely on online and AI tools to enhance stakeholder connections and brand reputation. Therefore, H2 is supported: “AI tools in UK healthcare services are positively associated with brand reputation and brand image.”
[bookmark: _c5h3o08i7vtl][bookmark: _Toc241072276]4.6.3 Hypothesis Model 3
H3: “AI tools in UK healthcare services are positively associated with patient and consumer loyalty.”
H0: “AI tools in UK healthcare services are not significantly associated with patient and consumer loyalty.”
Responsible AI can enhance patient engagement and value, facilitating better patient-provider relationships and consumer behaviours (Kumar et al., 2023). “Hypothesis Model 3” focuses on a positive relationship between use of AI in healthcare services in UK and patient and consumer loyalty. 
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[bookmark: _Toc241072213]Table 9: Correlation Analysis 3
As per Table 9, there is a strong positive correlation between AI tools in healthcare services in the UK and patient and consumer loyalty, with a Pearson correlation value of 0.747. This means that more positive perceptions of AI-enabled healthcare are associated with higher loyalty towards healthcare providers. Pratami et al. (2023) discovered that digital patient experience, innovation and service quality influence patient loyalty in healthcare environments. The significance value is <0.001, indicating that the association is statistically significant.
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[bookmark: _Toc241072214]Table 10: Regression Analysis 3
The R-squared value for AI tools and patient and consumer loyalty is 0.558, as presented in Table 10. Thus, the simple regression model with AI tools accounts for 55.8% of the variance in loyalty within this sample. The ANOVA result is significant, with F = 212.256 and p < 0.001. The coefficient is positive and significant, which supports H3. Alabdali and Husain (2025) identified that the quality of the telemedicine platform had a significant impact on patient satisfaction, which in turn was associated with enhanced patient loyalty. The present result supports the conclusion that “AI tools in UK healthcare services are positively associated with patient and consumer loyalty.”
[bookmark: _utye84h9tpc0][bookmark: _Toc241072277]4.6.4 Hypothesis Model 4
H4: “AI tools in UK healthcare services are positively associated with brand competitiveness.”
H0: “AI tools in UK healthcare services are not significantly associated with brand competitiveness.”
By effectively and responsibly applying technologies like AI in healthcare organisations, AI may be associated with perceived strategic value in competitive environments, including perceptions of safety, efficiency and organisational performance (Epelde, 2024). This hypothesis examines the association between perceptions of AI technologies and brand competitiveness in the UK healthcare services sector.
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[bookmark: _Toc241072215]Table 11: Correlation Analysis 4
The Pearson correlation value for AI tools in UK healthcare services and brand competitiveness is 0.756 (refer to Table 11). This indicates a strong positive correlation, meaning that stronger perceived competitive positioning of healthcare providers is associated with more positive perceptions of AI tools. Pavithra and Afza (2024) found that AI and robotics can contribute to the competitive edge of hospitals in patient care, operational efficiency, cost reduction and differentiation. Hence, the correlation analysis supports H4.
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[bookmark: _Toc241072216]Table 12: Regression Analysis 4
From the results in Table 12, the R-square value for AI tools and brand competitiveness is 0.572. The simple regression model with AI tools accounts for 57.2% of the variance in perceived brand competitiveness within this sample. The ANOVA result is significant, with F = 224.625 and p < 0.001. The coefficient is also positive and significant (B = 0.833 and Beta = 0.756). According to Pu et al. (2025), AI-powered strategic decision systems have resulted in better market positioning, brand influence and technological innovation capabilities. Thus, H4 is supported: “AI tools in UK healthcare services are positively associated with brand competitiveness.”
[bookmark: _i5d61wd0sjuq][bookmark: _Toc241072278]4.7 Discussion
Discussion of RQ1
The study aimed to assess UK consumers’ perceptions of the contribution of AI tools to healthcare-service accessibility, communication, personalisation and patient experience through RQ1. Results showed that there was a positive perception with a mean score of 3.9824, implying that the respondents generally agreed with the statements that AI could be beneficial for service delivery. This is in line with NHS England (2024), which states that the AI-supported appointment scheduling system resulted in a 30% drop in non-attendance, allowing an additional 1,910 patients to be seen. Brown et al. (2023) found significant decreases in patient travel as a result of remote reviews, but this study was not specifically focused on AI. Hence, the current results provide consumer-level evidence of favourable perceptions of AI-related service benefits rather than proof of improved service performance.
The positive perception of communication aligns with Haider et al. (2025), who reported that there was positive feedback on using personalised chatbots to enhance customer satisfaction and engagement. Kim et al. (2025), however, found that ratings were high for AI-supported FAQ and much lower for the safety rating for message triage. The comparison indicates that there could be a disparity between what consumers are willing to accept when it comes to routine communication tasks and what they are not willing to accept when it comes to clinically sensitive tasks. Davies et al. (2024) reported that AI-generated health messages were persuasive, but users preferred human sources, indicating that even when messages are of high quality, there is still a human preference for reassurance.
The results on personalisation align with Hassan and Omenogor (2025), who asserted that there is a need to include predictive systems to achieve tailored prevention. Al-Nafjan et al. (2025) cautioned that predictive evidence is mostly restricted to data-rich environments and lacks transferability between healthcare environments. Therefore, positive perceptions of personalisation may depend on accurate and representative data. The results are consistent with TAM because respondents generally perceived AI tools positively. However, Farre et al. (2023) discovered that older, poorer and ethnic minority communities were less digitally involved. Therefore, for UK healthcare professionals, it is essential to incorporate AI convenience alongside inclusive design, human alternatives, and continued professional support to facilitate accessibility and experience for various patient populations.
Discussion of RQ2
As seen in the results, there is a positive correlation between the use of AI tools and consumer trust, with a Pearson correlation coefficient of 0.811 and an R² value of 0.658 in the simple regression model. This corroborates the findings of Zhan et al. (2024), which revealed that usefulness, content credibility, and relative service quality were significant factors in fostering trust towards healthcare voice assistants. The current findings therefore show a strong association between favourable AI perceptions and trust within this sample. Unsafe outputs, hidden errors and biased data may result in serious clinical consequences, as cautioned by Al Kuwaiti et al. (2023), which helps explain why reliable performance may matter in the UK healthcare context. Nizette et al. (2025) concluded that providing more detailed explanations made participants feel more confident and accepted, while providing too much control over the user may lead to information overload. Similarly, Afroogh et al. (2024) found that visual and example-based explanations led to greater trust than text-only explanations. These comparisons suggest that transparency should be understandable rather than excessive.
Wong et al. (2024) found that the protection of the regulations reinforced the level of trust, and that empowerment of privacy was less effective when consumers were powerless. Kumar et al. (2023) associated trustworthy healthcare AI with data security and ability to recover from failures and adapt to changing needs. This interpretation is further reinforced with human oversight. Sauerbrei et al. (2023) identified that patients responded positively to AI augmenting healthcare providers rather than supplanting them and Chi and Hoang Vu (2023) revealed that patients' trust in AI can be influenced by its level of understanding and empathy. The results address Trust Theory as trust is related to competence, integrity and responsible conduct. All of these should be complemented by dependable performance in UK healthcare providers, coupled with explanations which are comprehensible, data protection, safety controls and visible professional oversight. 
Discussion of RQ3
RQ3 examined the relationship between consumers’ perceptions of AI tools and perceived brand competitiveness. Brand competitiveness had the highest mean score at 4.0824, while AI tools and brand competitiveness were strongly and positively correlated (r = 0.756, p < 0.001). The corresponding simple regression model accounted for 57.2% of the variance in perceived brand competitiveness. Senyapar (2024) argues that healthcare brand competitiveness is linked to reputation, preference, loyalty and trust created through differentiated and high-quality services, while Badmus and Adetunji (2023) reported relationships between algorithmic transparency, customer trust and brand equity. The current result is therefore consistent with literature suggesting that consumers may connect well-managed AI-enabled services with stronger provider positioning.
The results should not be understood as indicating that competitiveness is an effect of AI. Yang and Kim (2026) discovered that there was no direct path from digital quality to loyalty, while satisfaction was a significant predictor, illustrating that brand-related outcomes may involve intermediate mechanisms. Chen et al. (2022) also concluded that trust influenced engagement and loyalty in another service context. In the present dissertation, AI perceptions were associated separately with consumer trust (r = 0.811) and brand competitiveness (r = 0.756). UK providers can therefore treat trust as a relevant strategic consideration, while RQ3 is answered by the reported association between AI perceptions and brand competitiveness rather than by a mediation or causal pathway.
Discussion of RQ4
RQ4 examined the responsible use of AI tools in healthcare in the UK, while maintaining trust and competitiveness. The findings show positive perceptions of all the study variables and the four hypothesis models were statistically significant. The results revealed that positive attitudes toward AI were related to trust, reputation, loyalty and competitiveness among respondents in the sample. The literature suggests that not only adoption, but also governance may account for such positive outcomes. Jenko et al. (2025) suggest five key factors for the success of healthcare AI: data quality, clinical validation, cybersecurity, workforce management and service integration. Al Kuwaiti et al. (2023) cautioned that prejudiced data, concealed errors and unsafe outputs can lead to severe repercussions. In a UK healthcare setting, these findings call for caution when implementing such practices and not assuming that they will automatically lead to better brand or consumer outcomes.
Transparency is important, as well, and as illustrated in the literature, more is not necessarily better. Nizette et al. (2025) concluded that explanations led to greater confidence and acceptance, but too much user control might result in overload. Afroogh et al. (2024) reported that the visual and example-based explanations were more trustworthy than the text-only explanations. Therefore, providers should describe when and what AI is, how it works, its constraints and its utilisation boundaries, where the responsibility of professionals still lies. There is a need for human oversight as well. Sauerbrei et al. (2023) revealed a preference for doctor-led AI over replacement, whereas Davies et al. (2024) demonstrated that even with persuasive AI communication, there was a persistent preference for human communication. This helps to maintain escalation pathways and professional accountability. Farre et al. (2023) reported that older users, as well as those with lower incomes and of ethnic minority groups, exhibited lower levels of digital participation. Therefore, AI should be used to supplement, but not replace, access routes. Overall, AI should be used to enhance efficiency and personalisation in a way that is transparent, controlled and monitored by humans, and accessible to everyone, without undermining the trust and competitiveness of the system while keeping the focus on patient-centred care.
[bookmark: _Toc241072279]4.8 Summary
The findings from the 170 survey responses analysed in Chapter 4 suggest generally positive perceptions of AI tools in healthcare services in the UK. Demographic and descriptive findings indicated positive levels of consumer trust, brand reputation, loyalty and competitiveness alongside positive perceptions of AI. The reported Cronbach's alpha revealed good overall consistency for all five composite variables, and KMO and Bartlett's Test revealed good factorability but did not independently meet the criteria for construct validity. Pearson correlation and simple linear regression confirmed all four hypotheses with significant positive correlations between the use of AI tools and consumer trust, brand reputation and image, patient and consumer loyalty, and brand competitiveness. These relationships were associative and should also be considered in conjunction with issues of system reliability, transparency, privacy protections, human supervision and equitable access.

[bookmark: _Toc241072280]Chapter 5: Recommendations and Conclusions
[bookmark: _ejfkotkx1jkk][bookmark: _Toc241072281]5.1 Conclusions and Answers to the Research Questions
Conclusion for RQ1
The survey results show that UK consumers had a positive attitude towards AI-enabled healthcare services. The overall mean (3.9824) suggests that there was a general agreement among the respondents with statements relating to AI in accessibility, communication, personalisation and service experience. Not all types of AI were received with open arms, however. AI-personalised communication was the most used service (33.53%) and AI-supported monitoring or recommendations was the least used service (6.47%). This indicates varying levels of exposure to or comfort with AI applications, although the survey does not indicate what caused the difference. The result is in line with TAM which states that people are more likely to accept technologies that are perceived as useful and easy to use. Thus, the study is reflective of people's general positive perceptions of AI and not conclusive evidence that AI improves healthcare performance.
Conclusion for RQ2
The findings show a high degree of correlation between perceptions of AI tools and consumer trust. The mean value of consumer trust was 4.0024 and the Pearson correlation between AI tools and consumer trust was 0.811 (p < 0.001). Overall, the simple regression model explained 65.8% of the variance in trust for this sample. Thus, positive perceptions of AI were related to higher levels of consumer trust, although the cross-sectional design means that it is not possible to determine that AI caused the increase. According to Trust Theory and the literature reviewed, reliability, transparency, privacy, safety and human oversight are relevant conditions to consider when interpreting this relationship, but none of these were tested separately as predictors in the reported regression.
Conclusion for RQ3
RQ3 examined the relationship between consumers’ perceptions of AI tools and perceived brand competitiveness. The highest mean score was for brand competitiveness (4.0824), and brand competitiveness was highly correlated with AI tools (r = 0.756, p < 0.001). The simple regression model accounted for 57.2% of the variance in perceived brand competitiveness within this sample. These results support an association between favourable AI perceptions and stronger competitive brand perceptions, but they do not show that AI directly causes greater competitiveness. Consumer trust was separately associated with AI tools (r = 0.811), providing additional context for the wider pattern of consumer perceptions without changing the focus of RQ3.
Conclusion for RQ4
The wider research indicates that positive outcomes depend on how AI is managed in practice, while the current study found statistically significant positive associations between AI perceptions and trust, reputation, loyalty and competitiveness. The findings therefore support monitoring these consumer outcomes when AI-enabled services are implemented. The reviewed literature further indicates the importance of reliable performance, transparency, privacy protection, safety, human oversight and inclusive alternatives. These conditions should not be regarded as predictors separately tested in this dissertation, but as conditions of implementation. In sum, responsible, patient-centred deployment would be more consistent with the evidence than the notion that technology adoption in itself is a means to greater trust or competitiveness.
[bookmark: _qnii6rl2k50r][bookmark: _Toc241072282]5.2 Achievement of Research Objectives
Achieving RO1
The first objective was achieved by considering consumer views on AI-supported accessibility, communication, personalisation and patient experience. Of the 170 responses analysed, the overall mean for AI perceptions was 3.9824, indicating generally positive perceptions. The use pattern was also part of the explanation for consumer interaction with various AI services, particularly the more frequent use of personalised communication compared with monitoring and recommendations. This objective was met as the research was designed to assess consumer perceptions rather than objective healthcare performance. Thus, the results illustrate respondents’ evaluations of AI-powered service support in the UK health sector.
Achieving RO2
The study found a correlation of 0.811 between AI tools and consumer trust, with an R-square of 0.658 and a statistically significant result. This indicates that more positive AI perceptions were strongly associated with higher trust levels among respondents. Objective 2 was therefore achieved for the overall AI-trust relationship. Transparency, reliability, privacy and safety informed the interpretation through the literature and questionnaire content, but they were not tested separately as individual predictors.
Achieving RO3
Objective 3 was achieved by testing how consumers’ perceptions of AI tools were associated with brand-related outcomes. AI tools were positively associated with brand reputation and image (r = 0.819), patient and consumer loyalty (r = 0.747), and perceived brand competitiveness (r = 0.756), with all reported relationships statistically significant. These results support the objective at the level of perceived brand outcomes, while the cross-sectional design does not establish causal effects.
Achieving RO4
The study has given a basis for recommendations on responsible implementation of AI, and therefore objective 4 was achieved. The results show that positive perceptions of AI are associated with trust, reputation, loyalty and competitiveness. The recommendations therefore use these consumer outcomes as management priorities and combine them with the implementation conditions identified in the reviewed literature, including human supervision, understandable transparency, privacy protection, safe performance and inclusive access. This connects the recommendations with the findings of the study without treating literature-based governance factors as independently tested effects.
[bookmark: _hmmxlq8y9bpb][bookmark: _Toc241072283]5.3 Recommendations for Managerial Practice
Recommendation 1: Maintaining Human Involvement in AI-Supported Healthcare
The analysis showed that there is a strong correlation between AI perceptions and consumer trust (r = 0.811), indicating that consumer trust is one of the factors that should be taken into account when introducing AI-supported services in healthcare. Even though the human factor was not explicitly tested in this study, in Sauerbrei et al. (2023) the participants stated that they wanted AI to enhance, but not substitute, healthcare providers, and Davies et al. (2024) reported similar findings. When clinicians are communicating or making decisions involving sensitive information, the providers should set clear guidelines on clinician review, escalation and accountability. This integrates the convenience of AI with security and service-governance measures to ensure that the service is safe, accountable and consumer-friendly.
Recommendation 2: Providing Understandable AI Transparency
Healthcare professionals should be capable of explaining to consumers in a way that they understand how AI is being used. The relevance of understandable communication as a management priority in this study is supported by the strong AI-trust association, but transparency was not assessed as an independent predictor. People should be informed about the presence of AI, its function, its information, its limitations and when a professional will be involved. Nizette et al. (2025) found that explanations can boost confidence and acceptance, while excessive information or control can create overload. Afroogh et al. (2024) also reported that visual and example-based explanations can help to build trust. Managers should therefore use straightforward language and clear examples.
Recommendation 3: Strengthening Privacy, Safety and AI Governance
Managers should consider privacy, safety and AI governance as patient-protection and brand-risk management issues. The study found that favourable AI perceptions were associated with trust and brand outcomes, although privacy and safety were not isolated statistically as separate predictors. Al Kuwaiti et al. (2023) warned that biased data, hidden errors and unsafe outputs can have serious consequences, while Jenko et al. (2025) identified data quality, clinical validation, cybersecurity, workforce management and service integration as important to successful healthcare AI. Providers should therefore use regular monitoring, validation, privacy reviews, incident reporting and clear accountability to reduce technical and reputational risks.
Recommendation 4: Preserving Inclusive and Alternative Access Routes
AI should not be used to create healthcare pathways that are exclusive to digital channels. The present sample included only 4.71% of respondents aged 55 and above, so the study cannot confidently generalise digital-access conclusions to older consumers. Farre et al. (2023) found lower digital participation among older people, lower-income groups and ethnic-minority groups. Managers should therefore retain telephone, face-to-face and staff-assisted routes alongside AI-enabled ones and monitor which groups use AI less or experience greater difficulty. This supports convenience without making access dependent on digital confidence.
Recommendation 5: Managing Consumer Trust as a Brand Asset
Consumer trust is a key indicator of the success of implementing AI in healthcare management, in addition to cost, speed or automation. The study revealed that there are strong positive relationships between AI perceptions and consumer trust (r = 0.811), brand reputation and image (r = 0.819), loyalty (r = 0.747), and brand competitiveness (r = 0.756). These results directly inform the monitoring of trust, satisfaction, complaints, perceived reliability, reputation and continued-use intentions as AI-enabled services evolve. The relevance of these relationship measures is also supported by the literature in the field of hospital brand image and patient experience in the hospital environment (Razzaq et al., 2024; Pratami et al., 2023).
[bookmark: _cyhqzomqnwyp][bookmark: _Toc241072284]5.4 Contribution to Theory and New Knowledge
The main theoretical contribution of this paper is the integration of TAM, Trust Theory and CBBE Theory in a single consumer-related healthcare context. TAM can be used to comprehend why consumers may make use of AI if they find it beneficial and easy to use. However, the healthcare dimension is addressed by Trust Theory, which suggests that usefulness alone may not be sufficient if consumers are concerned about reliability, privacy, safety and professional responsibility. CBBE Theory describes the relationship between positive service experiences and reputation, preference, loyalty and perceived competitive strength.
The study relates healthcare AI to branding and explains the management focus of the study. It takes into account technology adoption and technology trust as well as perceptions of AI-enabled services and their relationships with trust, reputation, loyalty and competitiveness in one study. The results thus offer a holistic view of consumer perception without claiming causal relationships.
Another contribution is the parallel consideration of trust and brand competitiveness. The results show that AI perceptions were strongly associated separately with consumer trust and brand competitiveness. This is consistent with the theoretical possibility that trusted AI experiences may contribute to stronger brand relationships. However, this was not tested as a mediation effect. The contribution should therefore be regarded as a conceptual pathway for future testing rather than an established empirical mechanism.
[bookmark: _3qmbtge1t0an][bookmark: _Toc241072285]5.5 Limitations and Directions for Future Research
The study has several limitations which limit the scope of generalisation of the findings. The number of respondents was 170, using convenience sampling, which does not represent all healthcare consumers in the UK. There was also some imbalance in the demographic profile, with the 35-44 age group being the largest group, 40.59% of respondents having a bachelor's degree and only 4.71% being 55 and above. Future studies should be conducted on larger samples that include more older consumers and digitally excluded consumers using probability, quota or stratified sampling. This was a cross-sectional design which measured perceptions at one time. This means the study can only detect relationships and not whether the use of AI leads to a decrease or increase in trust or competitiveness later on. Future studies may be conducted longitudinally to examine changes in attitudes before and after consumer experience of AI-enabled services.
The study did not depend on objective indicators of clinical precision, service execution or market competitiveness, but on perceptions instead. Future research might integrate consumer surveys with behavioural or provider-performance information. Although consumer trust and brand competitiveness were examined as separate outcomes of AI perceptions, their direct relationship was outside the revised RQ3 and was not tested. Future research could examine the proposed AI service quality, trust and competitiveness pathway through mediation analysis, structural equation modelling or path analysis. The mono-method quantitative design also provides limited insight into why consumers hold particular views. Interviews or mixed-method studies might be used to examine reasons for distrust, preferred forms of explanation and differences between NHS and private healthcare. The reported associations remain useful, but the limitations suggest directions for improved designs in the future.
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Demographic Questions
1. What is your age group?
18–24 years
25–34 years
35–44 years
45–54 years
55 years and above
2. What is your gender?
Male
Female
3. What is your highest completed level of education?
Secondary education or below
College level
Diploma or professional certificate
Bachelor’s degree
Master’s degree
Doctoral degree
4. What is your current employment status?
Student
Unemployed or seeking employment
Employed full-time
Employed part-time
Self-employed
Retired
5. Which AI-enabled healthcare services have you used?
Healthcare chatbot
AI-enabled symptom checker or virtual triage
Intelligent appointment scheduling or reminders
AI-personalised healthcare communication
AI-supported monitoring or recommendations
Descriptive Questions
AI Tools in UK Healthcare Services
	Statement
	1 Strongly disagree
	2 Disagree
	3 Neutral
	4 Agree
	5 Strongly agree

	AI tools make UK healthcare services easier to access.
	○
	○
	○
	○
	○

	AI tools improve communication between healthcare providers and consumers.
	○
	○
	○
	○
	○

	AI tools enable healthcare services to respond more quickly to consumer needs.
	○
	○
	○
	○
	○

	AI tools support the personalisation of healthcare services.
	○
	○
	○
	○
	○

	AI tools improve the overall quality of healthcare service delivery.
	○
	○
	○
	○
	○



Consumer Trust
	Statement
	1 Strongly disagree
	2 Disagree
	3 Neutral
	4 Agree
	5 Strongly agree

	UK healthcare providers can be trusted to use AI tools responsibly.
	○
	○
	○
	○
	○

	AI-supported healthcare services provide reliable information.
	○
	○
	○
	○
	○

	Healthcare providers adequately protect consumer data when using AI tools.
	○
	○
	○
	○
	○

	Healthcare providers maintain appropriate human oversight of AI-supported services.
	○
	○
	○
	○
	○

	AI-supported services offered by UK healthcare providers can be used with confidence.
	○
	○
	○
	○
	○



Brand Reputation and Brand Image
	Statement
	1 Strongly disagree
	2 Disagree
	3 Neutral
	4 Agree
	5 Strongly agree

	Effective use of AI tools improves a healthcare provider’s reputation.
	○
	○
	○
	○
	○

	Responsible use of AI creates a positive image of a healthcare provider.
	○
	○
	○
	○
	○

	AI-supported services make a healthcare provider appear modern.
	○
	○
	○
	○
	○

	Reliable AI-supported services strengthen public perceptions of healthcare-provider competence.
	○
	○
	○
	○
	○

	Poorly managed AI tools can damage a healthcare provider’s public image.
	○
	○
	○
	○
	○



Patient Loyalty and Consumer Loyalty
	Statement
	1 Strongly disagree
	2 Disagree
	3 Neutral
	4 Agree
	5 Strongly agree

	Positive AI-supported healthcare experiences encourage consumers to continue using the same provider.
	○
	○
	○
	○
	○

	Reliable AI-supported services increase consumers’ preference for a healthcare provider.
	○
	○
	○
	○
	○

	Effective AI tools encourage consumers to recommend a healthcare provider to others.
	○
	○
	○
	○
	○

	Convenient AI-supported services strengthen long-term relationships between consumers and healthcare providers.
	○
	○
	○
	○
	○

	Consistently positive AI-supported services reduce consumers’ willingness to change healthcare providers.
	○
	○
	○
	○
	○



Brand Competitiveness
	Statement
	1 Strongly disagree
	2 Disagree
	3 Neutral
	4 Agree
	5 Strongly agree

	AI tools help healthcare providers differentiate their services from competing providers.
	○
	○
	○
	○
	○

	Effective use of AI strengthens a healthcare provider’s competitive position.
	○
	○
	○
	○
	○

	AI-supported services make a healthcare provider more attractive than alternative providers.
	○
	○
	○
	○
	○

	AI tools improve a healthcare provider’s ability to respond to changing consumer expectations.
	○
	○
	○
	○
	○

	Responsible AI innovation provides healthcare organisations with a competitive advantage.
	○
	○
	○
	○
	○
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