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Abstract
This study examines how Artificial Intelligence (AI) can be deployed to improve the driving experience in the UK auto industry among the private car users. Regardless of the integration of the AI technologies, including the adaptive cruise control, predictive maintenance, and automated braking, the rates of adopting these technologies among drivers are still fragmented. The researchers examine the relationship existing between socio-demographic variables, trust and perceived usefulness and the user behaviour and vehicle purchase decisions. A quantitative survey conducted based on Technology Acceptance Model (TAM) and Innovation Diffusion Theory (IDT) was used to analyse the data of 150 participants with descriptive and inferential statistics. Results indicate the presence of moderate awareness and trust in the capabilities of AI, with perceived usefulness, as the most powerful predictor of adoption. Age and gender and digital literacy were identified to influence awareness and engagement, with younger and more digitally literate users being more open. The study also emphasizes that trust is formed with the help of transparency, education of users, and stable performance and that bad experiences may disrupt its formation. The paper comes to the conclusion that the implementation of AI is subject to not only technological but also behavioural, psychological, and communication approaches in relation to the needs of different consumers.
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[bookmark: _Toc209814104]Chapter 1: Introduction
[bookmark: _Toc209814105]1.1 Background and Context
[bookmark: _heading=h.5ac5jtxkcduq]Artificial Intelligence (AI) has the vast capability to change the contemporary car industry, as it is now integrating smart systems that can generate safer, more personalised, and economical driving experiences. The United Kingdom has been gearing towards intelligent mobility systems by integrating AI technologies, including adaptive cruise control, predictive maintenance, and automated braking, as well as voice virtual assistants. Major car producers such as Jaguar Land Rover and Nissan are at the forefront of this digital revolution as they implement AI-powered systems to be able to support an increased number of people seeking user-responsive and intuitive cars (Garikapati and Shetiya, 2024).
These AI characteristics are based on embedded platforms, which can process the real-time data of the sensors, driver assistance, and environmental information. The synergy helps vehicles with semi-autonomous driving operations, predictive diagnostics, and in-car personalisation. Nevertheless, one should not focus on technological development only, as the health of successful AI implementation. Rather, readiness, trust, and perceived reliability are extended to user needs, and the success of AI adoption depends on these factors (Afroogh et al., 2024). The transformative power of AI can go unexploited without overcoming some of the behavioural barriers, whether it is fear of automation, difficulty acquiring familiarity or the struggle with visual complexity.
The role of AI in cars has changed: now it is both to support better control of its operation and deliver new meaning in cognitive and emotional interaction between man and the machine. Infotainment and assistance systems with the help of AI can be adjusted to the preferences of the driver, enhance safety, as well as decrease the mental working load during driving, advancing the general user experience (Mathai, 2023). Such tendencies in the UK are justified by the developments of natural language processing (NLP), computer vision, and the vehicle-to-infrastructure interactions in line with the overall national approaches to sustainable and connected transportation (Yang and Kim, 2024).
A major issue, however, is trust. As it is described by He et al. (2025), there is no plain trust-building based on performance in autonomous driving systems, and a sense of controllability, AI decision-making transparency, and prior user experience influence trust. Heimburger et al. (2024) also state that the introduction of AI has to be put into context in terms of organisational culture, regulatory preparedness, and socio-technical infrastructure. Despite this progress, adoption among UK drivers remains fragmented. Socio-demographic factors such as age, gender, and digital literacy continue to influence attitudes towards AI, with younger drivers generally more receptive to automation, while older users often express hesitation (Musau et al., 2025). Moreover, media stories and regulatory uncertainty are also factors by which people become disillusioned, which is why we need to have a unified working relationship among automotive companies, policymakers, and stakeholders in digital infrastructure in order to achieve proper adoption of AI (Musau et al., 2025).
[bookmark: _Toc209814106]1.2 Problem Statement
The problem of research is that even though today Artificial Intelligence (AI) applications are adequately integrated even in the passenger cars sold in the UK, there are still a considerable number of drivers who are either reluctant to use them or even to adopt these capabilities. It is possible to attribute such reluctance to the concerns associated with distrust, knowledge gap, and loss of control, which all do not add any value in AI as far as driving safety, comfort, and satisfaction are concerned (Afroogh et al., 2024).
Trust is one of the key challenges of vehicle-based AI system adoption. According to He et al. (2025), technical reliability is not the only basis of trust, as users also tend to trust systems when they see it to be transparent, controlled, and familiar. Whenever the drivers feel that it is unknown how their AI may work, especially in active, life-or-death situations, the experience is uncomfortable, and they do not want to give up control. Similar to the above argument, Afroogh et al. (2024) also argue that user confidence is reduced when AI systems become black boxes or unpredictable, particularly in high-stakes situations, such as potential driving accidents.
Another level of complexity is due to the demographic factors. Younger drivers tend to be more open to interacting with the features of AI, and also tend to be digitally persistent. On the contrary, the older drivers are more likely to report fear, discomfort, or realisation of being unfamiliar with such technologies (Ozturk et al., 2024). Kaufman et al. (2025) also point out that the psychosocial attributes, including openness to new experiences and evaluations of risks and benefits, previous exposure to digital technologies, all greatly influence how people will react to automotive AI.
External communication, specifically through the media, influences public knowledge about AI, too. Ho and Cheung (2024) disclose that the problem is that the risks related to the use of autonomous cars have been easily inflated through the prism of sensationalism in the news and media framing, which enters the consciousness of the population and causes overestimates and scepticism. Vafaei-Zadeh et al. (2025) go on to say that the extent to which the cause of AI is to be presented via institutional actors and influencers has a positive influence on user perception and adoption.
The other plight is the unawareness regarding AI functionality in drivers. A good portion of people who own a vehicle cannot even realise that their car has artificial intelligence capabilities or know how to use it efficiently (Mathai, 2023). According to Morales Matamoros et al. (2025), onboarding issues and unreasonable design lead to a lack of utilisation of AI, although it is largely implemented in car diagnostics and user interfaces.
Finally, the structural constraints (instability in standards between manufacturers, gaps in policy, and privacy issues) again impose restrictions on adoption. Such restrictions, according to Heimberger et al. (2024) and Musau et al. ( 2025), are sources of uncertainty, as they make drivers less eager to adopt advanced driver assistance systems (ADAS), even in the case of having successfully tested.
[bookmark: _Toc209814107]1.3 Research Aim and Objectives
This research aims to explore how Artificial Intelligence (AI) enhances the driving experience in the UK and to identify the key socio-demographic, technological, and psychological factors that influence its adoption among private car users. This study has discussed how user perception approaches the AI adoption in vehicles and offered a mechanism to encourage trust and use, considering disparities based on demography and the disparity between availability/utilisation.
Research Objectives
· To identify which AI features most significantly impact driving safety, comfort, and satisfaction.
· To evaluate the levels of awareness and trust in AI-enabled vehicle features among different demographic groups.
· To examine how consumer perceptions influence purchasing decisions related to AI-integrated vehicles.
· To analyse the role of demographic and psychological factors—such as age, gender, and digital proficiency—in AI adoption.
· To recommend strategies for improving consumer engagement and trust in AI-based driving technologies.
[bookmark: _Toc209814108]1.4 Research questions 
The primary research question for this study is:
RQ1: How do socio-demographic factors, trust, and perceived benefits influence the adoption of AI features in vehicles among UK drivers?
Follow-up Questions
· RQ2: To what extent do drivers trust AI-powered systems in their vehicles, and what factors contribute to or hinder this trust?
· RQ3: How do demographic factors such as age, gender, and digital literacy impact the level of awareness and adoption of AI-enabled features in vehicles?
· RQ4: How do consumer perceptions of safety, comfort, and satisfaction influence purchasing decisions related to AI-integrated vehicles?
· RQ5: What strategies can be developed to improve consumer engagement, trust, and awareness of AI-based driving technologies?
[bookmark: _Toc209814109]1.5 Rationale for the Study
The emerging fast advancement of the Artificial Intelligence (AI) in the car industry has revolutionized the design and management of cars, although its use by the common road decelerators in the United Kingdom is disproportionately widespread. Although manufacturers continue to add features like predictive diagnostics, adaptive cruise control, hazard detection, and voice navigation to their vehicles, many drivers merely do not fully use that or are too afraid. This consistent disconnect between the technological access and sides represents the necessity to research not just the technical functioning of AI, but also human, behavioural, and mental elements that influence its adoption.
Literature is biased towards focusing on engineering in solutions, system design and automation capability and may not exactly be focused on the consumer aspect of adoption (Kaufman et al., 2025). This research will fill that gap by examining the relationship between trust, awareness, and user perceptions on the use of AI features. In particular, trust is commonly known to be one of the defining factors of adoption. According to Afroogh et al. (2024), reliability, transparency, and ethical alignment may contribute to the development of trust, and He et al. (2025) emphasize that trust is dynamic and depends on the situation, experience, and comfort. There is no chance that drivers will trust the technology unless they are sure that its usage can be trusted to them in spite of its established capabilities.
In addition to personal psychology, overall social and cultural influences also impose a certain method of adoption. The ways in which to position AI in media present the issues as exaggerated, making the fears of malfunctions or the loss of control more dominant and persuading the drivers against trying new features (Ho and Cheung, 2024). On the other hand, the adoption levels are enhanced when the information is conveyed with candor through the institutions that are reputable (Vafaei-Zadeh et al., 2025). This is where the focus of investigating the influence of the external communication and the support of institutions at the personal experience level to derive perceptions lies.
A special case with regard to this study is the UK. Its robust motor industry, wide range of consumers and state-supported efforts in connected and autonomous vehicles offer viable grounds upon which the adoption dynamics can be explored. Nonetheless, as Ozturk et al. (2024) also emphasize, the willingness to use AI differs radically in terms of demographic groups. Less digitally secure, older age drivers tend to be more wary of trying out AI features, with younger and more digitally literate drivers usually open to trying it. These differences imply that adoption policies should be inclusive so that the needs and issues of all groups are met so that the benefits of technological innovation are evenly realized.
This paper helps to understand AI adoption better by contribution to the behavioural and contextual factors. It goes beyond the technical performance to investigate the role of trust, media influence, and demographic disparity in influencing consumer interactions, and eventually provide the insights that can keep manufacturers, policy makers and educators promote the use of AI in vehicles in the UK safety, confidently and widely.
[bookmark: _Toc209814110]1.6 Scope and Delimitations
This study focuses on the adoption of AI features—such as adaptive cruise control, voice assistants, and predictive maintenance—within privately owned passenger vehicles in the United Kingdom. This study focuses on the perceptions and impacts of these technologies on individual drivers, but it omits the commercial fleets, the mass transit, and the infra-scale AI systems to keep its focus on the consumer behaviour (Garikapati & Shetiya, 2024). Although the insight can be applied in the UK, the findings might not be applicable on a global scale because of the varying regulations and adoption culture (Ozturk et al., 2024). The study is cross-sectional, and the methods of investigating it consist of quantitative surveys, which can lead to response bias because of self-reporting (Heimberger et al., 2024). Age, gender and skill gap in the digital domain should be viewed as demographics, although there is a risk of a biased sample of tech-savvy people (Musau et al., 2025). The aspects of technical performance and ethical design of AI systems are out of scope, and the research is limited to the aspects of user experience and behavioural contexts (Afroogh et al., 2024).
[bookmark: _Toc209814111]1.7 Ethical Considerations
The University of Wales Trinity Saint David (UWTSD) ethical principles and GDPR principles will be followed strictly in this research. This will be on a voluntary basis, and informed consent will have been sought before data collection. Any personally identifiable/sensitive information will not be collected, and the preservation of the responses will be anonymous and will be held safely. The participants will be entitled to participate and pull out without any effect. There is very little ethical risk associated with the research since there is only self-reported observation of the AI technologies used in cars (Afroogh et al., 2024). The approval of the ethics of conducting the pre-survey will be given before the commencement of the study to ensure adherence and protection of the participants in the study.
[bookmark: _Toc209814112]1.8 Structure of the Dissertation
This dissertation will consist of five main chapters which each will assist in carrying out an in-depth examination concerning the Benefits of Artificial Intelligence (AI) on driving experience and variables on the adoption of Artificial Intelligence (AI) by drivers in the United Kingdom:
· Chapter 1: Introduction – Establishes the background, problem statement, research aim, objectives, questions, rationale, scope, ethical considerations, and overall structure of the study.
· Chapter 2: Literature Review – Critically examines existing academic and industry research on AI in the automotive sector, including models of technology adoption (e.g., TAM, UTAUT2), trust dynamics, demographic influences, and market readiness.
· Chapter 3: Methodology – Outlines the research philosophy (positivism), approach (deductive), and method (quantitative survey), including sampling, data collection procedures, analytical tools, and ethical compliance.
· Chapter 4: Findings and Discussion – Presents and interprets the primary data collected, linking results to literature and highlighting key themes around trust, usage, demographic variation, and AI perception.
· Chapter 5: Conclusions and Recommendations – Summarises the research findings, addresses the research objectives, discusses practical implications, and offers recommendations for automotive firms, policymakers, and future researchers.


[bookmark: _Toc209814113]Chapter 2: Literature Review
[bookmark: _Toc209814114]2.1 Introduction to the Literature Review
Embracing Artificial Intelligence (AI) in the car industry is already changing the driver-car experience, especially in well-developed countries, such as the United Kingdom. This AI is helping to transform the way cars drive and engage their users and react to ever-changing driving conditions. Given discussing the different dimensions through which AI is improving the driving experience, this literature review will discuss how AI can be used in improving the driving experience concerning its application in safety systems, autonomous driving, predictive maintenance, in-car personalisation, and traffic management as it relates to the UK context. However, the last few years saw high investments in the UK automotive industry, technology companies, and government-funded projects to develop AI-based mobility solutions. Research and development in this area have been sped up by the initiative of the UK to work towards connected and autonomous vehicles (CAVs), backed by the Centre for Connected and Autonomous Vehicles (CCAV). 
According to the literature, there is an increasing number of AI-based features in the UK vehicles, including advanced driver assistance systems (ADAS), machine learning used as a real-time navigation system, and the interface that applies natural language to infotainment systems. This literature review relies on interdisciplinary materials in the field of engineering, computer science, human-computer interaction, and transport policy to envision AI in the driving experience comprehensively. Whilst the potential positive value of AI in the areas of safety, efficiency and comfort is largely supported, the issues concerning the challenges of ethics and the questions of cybersecurity, infrastructural pre-conditioning, as well as acceptance are discussed controversially. To outline these concerns, the review will bring a synthesis of the existing findings within the academic literature alongside the industry reports and provide a critique regarding the present condition and the future of the development of AI in the applications of the UK automotive industry. 
[bookmark: _Toc209814115]2.2 Theoretical and Conceptual Frameworks
To successfully examine the impact that Artificial Intelligence plays in enriching driving experience in the UK automotive industry, it is necessary to ground the review based on appropriate theoretical and conceptual frameworks (Rana and Khatri, 2024). The frameworks aid in learning how technology, user behaviour and systemic transformation can interact in mobility systems.
1. Socio-Technical Systems Theory
The socio-technical systems theory can be an effective concept to examine through the prism of the integration of AI in vehicles. Under this theory, the adoption of technology will be put into consideration based on the social systems in which the technology operates (Likhitkar et al., 2024). In this case, with regards to AI in the automotive sector, it will be investigating the interaction of drivers, passengers, regulators and infrastructure with automated driving systems, automatic cruise control and voice assistants. Specific examples of the UK are the tests of driverless cars in big cities, which is a question of the tight work of the AI developers, local councils, and end-users.
2. Innovation Diffusion Theory
The theory of diffusion of innovations by Rogers explains how new technology is pioneered by various classes of people over time. Consumers and the penetration of the diffusion of AI-based driving technologies in the UK can be researched based on this framework (Garikapati and Shetiya, 2024). The customers of electric and AI-enhanced cars like Tesla and Jaguar I-PACE show early adoption of an innovative product that is environmentally friendly and convenient to use due to AI implementation.
3. Human-Centred Design and User Experience (UX) Frameworks
The study of AI effects on the driving experience should also be considered in terms of interaction with users. The human-centred design guidelines mean that AI systems will be intuitive, receptive and user-friendly (Hossain et al., 2024). This will be anything including voice-enabled natural language processing, dynamic user interface and predictive analytics using AI to personalise the driving experience in the automotive use case. Such principles are becoming common in the UK R&D of automobiles to make AI make the user happy and trust.
4. Technology Acceptance Model (TAM)
The Technology Acceptance Model is the most important theory in the understanding of how users perceive and accept AI technologies in vehicles. While TAM assesses perceived usefulness and perceived ease of use, these two are theoretically directly related to AI systems such as lane-keeping assistance or predictive route mapping (Sonko et al., 2024). The acceptance of these technologies by UK consumers, in turn, affects their general applicability across vehicle types and manufacturers. 
5. Regulatory and Ethical Frameworks
These ethical and policy frameworks do not tend to be theoretical, although the establishment of conceptual foundation is of importance. With the increasing AI incorporation into vehicles, agencies like UK Department for Transport and the Law Commission are working on maintaining policies related to data privacy, aspects of liability in self-driving cars, and algorithm responsibility. By knowing these frameworks, one can get a picture of the constraints and capabilities of AI in driving experience (Alahmed et al., 2024). This combination of socio-technical, behavioural, and regulatory models provides a complex framework of analysing the AI within the UK automotive industry. In combination, they allow placing the technological progress under the broader social, economic, and institutional frameworks that provide a universal foundation to the assessment of the improvement of the driving experience via AI.
[bookmark: _Toc209814116]2.3 Empirical Study
AI Features and Driving Experience: Safety, Comfort, Satisfaction
Piash, and Tayyab, 2025, note that the introduction of Artificial Intelligence (AI) functionality in cars is considered one of the best innovations within the automobile industry. Driving can be made more comfortable and pleasant with its assistance. The elaborated yet briefly present is the fact that Advanced Driver Assistance Systems (ADAS), automatic emergency braking (AEB), lane-keeping assist, adaptive cruise control (ACC), and a blind-spot system among others have been able to put significant contributions in road safety (Subhashree, et al. 2023). The other instance would be the quantifiable impact of AI on safety consequences that the European New Car Assessment Programme (Euro NCAP) found out in 2022 and incorporated the subsequent outcomes: aerial vehicles with AEB experience 38% fewer rear-end collisions, and those with lane-departure warnings have 20% fewer lane-drift accidents. 
Dong, et al. 2022 also mentioned automatic climate control systems, voice-directed infotainment systems (i.e.apple carplay and android auto), facial recognition or driver profile, which allow the pre-programming of seat position, as examples of AI implementation to create more comfortable and cognitive releases. To give another instance, Tesla AI-driven technologies enable automatic changes in climate conditions and seating optimization as per the preferences learned and mentally memorized by AI which leads to a drastic change of a quarter of the total customer satisfaction with the driving experience of the Model 3 owners. 
The study of Rong, et al. 2021 indicates that the elements of AI adoption and awareness are not evenly distributed in the user base, thus there is a more sophisticated reliance on AI technologies and driver satisfaction. However, a group of data-driven arguments is growing and has suggested an undisputable case that AI features including the ADAS, predictive personalisation and driver-assist control will play a central role in enhancing safety, reduce physical and mental effort investment into driving and general laughing sense, and ought to feature prominently in the future of the UK automotive user experience.
Trust and Awareness of AI-enabled Features
According to Fu, et al. 2021, the insights that have been provided about the levels of awareness and trust when it comes to AI-enabled vehicle features, different demographic groups exhibit a significant difference in terms of age, gender, income, and digital literacy. A study by Thatcham Research in 2022, in conjunction with the Association of British Insurers, showed that although 73% of UK drivers had heard of Advanced Driver Assistance Systems (ADAS), only 37% could correctly name features, including lane-keeping assist or adaptive cruise control, when presented with a visualisation of a real-world situation (Hidayanti, et al. 2025).  A 2023 Capgemini Research Institute survey found that 79% of drivers in generation Z (18-34) and millennials have a moderate or high level of trust in the capabilities of AI in the vehicle, compared to 38% of drivers aged 55 or more. 
According to Bach, et al. 2024, the UK Transport and Technology Insight report found that 62% of male drivers were confident about AI features compared to 45% of their female counterparts, with women being more concerned about a perceived loss of control and the fear of an autonomous system error. Still, when informed about the work and the records of safety of these systems, the level of trust increased significantly in all the categories, and it might mean that the education campaigns can be quite productive in reducing the difference.
According to Li, et al. 2023, access to more expensive cars (e.g. tech brands: Tesla, BMW, Mercedes) and people belonging to higher income tiers are more used to and conversant with AI features due to familiarity. According to a 2022 YouGov survey, three-quarters of people earning more than 60,000 annually said they used AI-enabled features regularly, only 34% of those with annual earnings under 30,000 did, suggesting differences in both access and experience. In the same fashion, the higher the degree of digital literacy the drivers had, the more substantial were the chances that they would comprehend the inner workings of the AI systems, and thus have more trust in them (Chen, et al. 2022). Although there is general exposure to features about AI in cars, there is a large demographic divide between trust and usage. There are differences in age-based, gender-based, and income-based levels of knowing and being comfortable with AI, which implies specific educational interventions and standards of system design will be required to cross these gaps and open the use of AI to all sectors of the driving population across the UK.
Consumer Perception and Purchase Decision-Making
According to Salih, et al. 2025, perceptions of consumers impact the process of purchasing AI-integrated vehicles in a defining manner. It is projected that the perceived usefulness, safety, and trustworthiness of AI characteristics are some of the factors that determine whether a consumer would opt or not to purchase a car with such technologies. A 2023 Deloitte Global Automotive Consumer Study found that 64% of respondents in the UK cited safety-driven AI features, such as autonomous emergency braking and lane-keeping assistance systems, as top priorities when deciding on a purchase of a new car (Dong, et al. 2022). Conversely, just a quarter of them gave more precedence to comfort or infotainment attributes, revealing that utility and risk alleviation are the main points of consideration as perceived by consumers.
According to Dangi, et al. 2021, in the UK, a 2022 study by Capgemini Research Institute concluded that, in the majority, 67% UK consumers have a greater probability of buying a car that has an AI feature provided that they perceive that the technology contravenes driver control and that the technology is not entirely responsible for the full judgment of people. Such one-sided trust is indicative of this general consumer distinction between driver-assist systems and driver-replace systems. For example, the Autopilot and Full Self-Driving (FSD) packages offered by Tesla have been gaining acceptance mainly because of branding and user storytelling that create a co-pilot narrative about AI rather than a direct substitute (Sharma, et al. 2022). The number of Tesla sales in the UK increased by more than 78% from 2020 to 2023, and AI functionality is frequently touted in consumer product reviews as one of the reasons to buy them, particularly among higher-income consumers in their late 20s to early 40s.
According to Zhang, et al. 2022, consumers are usually products of bad press and apprehension of system dysfunction. For example, the 2023 RAC Report on Motoring established that 49% of UK drivers are worried about the predictability of the autonomous features that rely on AI when driving under adverse weather conditions and unforeseen traffic patterns. Such perceptions directly affect the purchase behaviour, and most consumers prefer to purchase mid-range models, which are partly automated rather than fully autonomous systems. Also, a report by PwC Automotive Insights (2022) shows a 27% decrease in the chances of buying an AI-powered car in case consumers think of it as tricky or tough to master.
According to Wang, et al. 2025, there is also the brand perception. There has been a rise in AI conversion in sales of leading brands that possess well-marketed AI features within the cars, e.g., predictive maintenance, voice infotainment systems, and adaptive cruise control features that are defined in Audi, Mercedes-Benz, and BMW ranges. A recent 2021 J.D. Power UK Tech Experience Index explained that 84% of luxury car buyers who were satisfied with their AI experience indicated that they would repurchase the brand and referred to the conversion of a favourable perception into brand loyalty and subsequent repeat purchases.
Demographic and Psychological Influences on AI Adoption
According to Chen, et al. 2022, Demographic and psychological factors, age, gender, and digital proficiency greatly influence the adoption of AI technologies in vehicles and have an impact on shaping user-AI perception and user-AI interaction in the UK as well as in vehicles. An age factor is paramount. On the contrary, the level of such enthusiasm among drivers aged 55 and older was only 36%. Drivers that fall into younger generations, who may be more accustomed to the digital world, are more likely to be willing to test the AI-related functions, meaning that there could be a discernible gap in generational patterns of using AIs.
According to Nica, et al. 2022, there are also gender differences which arise in the light of trust and perceived usability. A 2022 report by Women in Transport UK has shown that a higher proportion of men (58%) who drive vehicles in the UK felt comfortable visiting the self-driving or AI-assisted capabilities compared to women (42%). The gap is explained by the diverging perceptions of risks and trust in new technologies, as women are more inclined to mention the loss of control or the crash of the system (Salih, et al. 2025). The study revealed that guided demonstrations of the AI features during test drives on women drivers increased the likelihood of them using the technology by 35% pointing to the possibility of using targeted onboarding to decrease the gender-based adoption gaps.
According to Rodgers, and Nguyen, 2022, the most significant psychological factor is digital proficiency. In a 2022 PwC UK Automotive Consumer Experience Report, motorists who themselves rated their digital literacy higher were 63% more likely to switch on and make use of regular AI features, including predictive navigation, autonomous crashes and intelligent parking. In comparison, low digital confidence users usually ignored or turned off these aspects with the argument that they were confusing and intrusive. This indicates that digital proficiency takes the form of an enabler, reducing the perceived efforts and raising the perceived usefulness, which are central concepts in the Technology Acceptance Model (TAM).
Strategies to Improve Consumer Trust and Engagement
Respondents 2022, Sharma, et al. like it is stated, the acceptance in the UK automotive sector as AI-based driving technologies overlooks the element of consumer confidence, embedded in two dimensions and requires the strategy to tackle the emotional and informational barriers. One of the ways that have been considered to serve as the best way of doing this is via education and transparency. According to an essay published in the year 2023, by the Capgemini Research Institute, it was revealed that 57-percent of the UK-based drivers do not have a clear understanding of what data the artificial intelligence-based capabilities of an automobile do and that is one of the factors that have discouraged them to use AI features (Nica, et al. 2022). Efforts to support by demonstrating in-car to the customer during a test drive and enabling flexibility in describing how individual features such as automatic emergency braking, lane assist, or adaptive cruise control functions can be extremely helpful in boosting the confidence of the user. An example of that was the Audi UK user-awareness plan with AI that was adopted in 2022 and resulted in 25 percent of AI features uptake that was recorded among owners who purchased new Audi vehicles in the first three months after delivery.
As Chen, et al. 2022 state, users should find interacting with AI systems easy, and they must be what the user is thinking in regard to driving. The low user-friendly interface that Tesla possesses and the voice recognition features have already left a precedent within the field. A survey comparing Tesla against other brands conducted by one of the J.D. Power Tech Experience Index (2023) in the UK shows that almost three-quarters of Tesla users were quite satisfied by the AI capabilities thanks to the ease of use and customisation, but only three out of every five drivers satisfied with the existent interfaces in other brands were satisfied with the AI capabilities. This can be interpreted as meaning that opposition to adoption and consequent engagement can be reduced to the heights and beyond through the use of interfaces that will not obstruct but rather well designed interfaces.
In line with Hidayanti et. al. 2025, safety and ethics frameworks of AI-powered vehicles have been proposed by the centre of connected and autonomous vehicles (CCAV) in the UK. When the products manufactured by the manufacturers are up to these standards, they are deemed as credible. Volvo has not only collaborated with the Euro NCAP to enable those to open tests and rate its artificial intelligence-assisted driving features, which productively helped in positioning the brand as a reliable one, especially among the older generations/ risk-averse consumers (Wang, et al. 2025). A recent study by YouGov reveals that 74 percent of individuals buying cars in the UK are likely to have confidence related to the AI functionality autonomously certified or government-approved (A 2022 experimental study commissioned by YouGov).
It is plausible that peer interaction and street testimonies do change the mindset according to Subashree, et al. 2023. The customers will make the judgment that is touching reality than that which marketing is making. The 2023 UK Twitter campaign of Toyota / auto stories founded on AI-driven electronic vehicles led to a 32 percent increase in the use of surveys and demands over the internet, revealing that social evidence is one primary in killing suspicion. Lastly, further consumer interest and trust in AI-supported driving technologies at the UK market require a particular conglomerate of competent code, empathetic UX, regulatory trust, and conversely, knowledge of user experience.
[bookmark: _Toc209814117]2.4 Gaps in Literature and Rationale for Further Research
Even though the Automated Integration of AI in the automotive industry continues to gain research, there are still a number of areas that are not under research and should be conducted further, particularly in the UK. On one hand, the existing studies are significantly focused on the technological safety performance and safety test ratings, offered by such organisations as the Euro NCAP or the Department for Transport, but the more profound analysis of consumer behavioural psychology and inter-temporal patterns of AI usage is mentioned (Yang et al., 2024). This limits the information concerning the ways of increasing trust, awareness and satisfaction in time, especially of various groups of users.
Second, studies (e.g., Capgemini, Deloitte, and YouGov) have realised the fact that there are demographic factors that may affect digital literacy (age, gender and income), but nothing is known about how they intersect with digital literacy. To illustrate, highly digitally literate older adults are able to respond differently to what AI has to offer than their colleagues, yet such minor details are not often investigated (Gazi, 2024). The patterns of rural and urban usage in the UK are also not highly academic which can demonstrate structural access and infrastructure gaps that can impact the utilization of AI-related features.
Third, despite the information on the effect of brand perception being provided in business sources (e.g., J.D. Power), there is no peer-reviewed and empirical research on the effect of branding and storytelling on trust and purchase intention of AI-enabled vehicles. Fear of automation, aversion to control, and perceived obsolescence are among the other variables that are implied, but not adequately theorised in most occasions (Raza et al., 2025). The overall impact of this is disparity in the knowledge on the resistance to adoption that is neither technically nor financially viable. Further, the literature lacks so far on the actual interaction of the user with the AI-based features once the purchase has been made and met, i.e. how behaviours alter or worsen in the real-life driving contexts when one gets tired of the novelty. The manufacturers would identify how to retain them and their education needs by having the maximum user experience data.
Lastly, research on the efficacy of educational campaigns and human-centred UX design across demographic differences is very limited. Although the literature has mentioned initiatives such as the user-awareness campaign by Audi and the minimalist interface by Tesla, relatively strict comparative studies of the best design practices by brands and markets still have not been conducted (Etukudoh et al., 2024). Therefore, it is justified that further research is needed to address these gaps, with particular attention paid to the psychological, social, and behavioural aspects of the use of AI in cars. This would require the deployment of a multi-disciplinary strategy that goes beyond mere behavioural science, human-computer interaction and automotive engineering to establish a viable, trust-based AI implementation process into the UK Automotive industry.
[bookmark: _Toc209814118]2.5 Conceptual Framework
The theoretical basis of the explanation of how Artificial Intelligence (AI) can influence a better experience of driving in the UK automotive industry combines many dimensions, namely technological innovation, interaction with users, infrastructure, and policy environment. It offers an organised method to evaluate the effects of AI-powered characteristics on driver behaviour, car performance, and mobility systems in general (Hu and Basiglio, 2024). The cornerstone of this framework concerns AI-controlled driving systems, which refer to various technologies out there, including Advanced Driver Assistance Systems (ADAS), the use of machine learning to predict traffic, computer vision to see objects, and Natural Language Processing (NLP) to control on a voice basis. The components of this AI are aimed at enhancing safety, efficiency, comfort and personalisation of the drive.
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[bookmark: _heading=h.csum5lsivy5s][bookmark: _Toc209641487]Figure 1: Conceptual Framework
(Source: Draw.io)
Surrounding this core are three interacting domains:
Driver-Centric Interaction: These are the relationships in which users interact with AI technologies in the car. These would include ease of use, trust in automation and perceived usefulness among others. The design of AI interfaces should take into consideration the concepts through the Technology Acceptance Model (TAM) and Human-Centred Design that aim to make the interface more usable and so that users feel secure about using them (Aljuaid et al., 2024). Indicatively, carmakers in the UK are working on AI assistants that would get familiar with the preferences of the driver and provide personalised navigation and infotainment.
Vehicle and Infrastructure Integration: Smart AI systems are based on effective data transfers among vehicles as well as other external infrastructure (Vehicle-to-Infrastructure or V2I). The UK is launching smart roads and 5G connections and real-time traffic data to facilitate autonomous and semi-autonomous driving (Kaushik et al., 2024). The dimension is founded on Socio-Technical Systems Theory that will account for the fact that effective installation of AI is dependent on how well parties involved in the development of the system organise.
Regulatory and Ethical Environment: The UK government plays an important role in determining integration of AI through development of policies, standards and ethical regulations (Mahale et al., 2025). The Law Commission and The Centre for Connected and Autonomous Vehicles (CCAV) are busy trying to draw legal lines in the area of liability, data privacy and testing safety.
[bookmark: _Toc209814119]2.6 Summary
Artificial Intelligence (AI) in the UK car industry defines a revolution in the driving experience that offers innovations to guarantee safety, comfort and personalisation and improvement of the overall performance of the cars. This review has investigated AI implementation into the fields of Advanced Driver Assistance Systems (ADAS), predictive navigation, in-car voice interface and autonomous driving technologies. Such developments rely on major investment and strategic backing by the industry-based stakeholders as well as government agencies like the Centre for Connected and Autonomous Vehicles (CCAV) in the UK. The conceptual frameworks and other theoretical considerations that led to the writing review are based on the main constructs. Socio-Technical Systems Theory brings out the fact that technology, people and infrastructure are interrelated. The Technology Acceptance Model (TAM) and the Innovation Diffusion Theory are useful in explaining the way that people receive and embrace new AI-based functions. Human-centred design assists in the design of powerful, personalised systems which enhance satisfaction of the drivers, and regulatory frameworks enforce safety, accountability, and morality.
The framework that was formed to inform the review has conceptualised the central role of AI as the ecosystem that interacts with three areas like the driver, the vehicle/infrastructure ecosystem, and the policy environment. It is aware that the success of AI cannot rely purely on its technical sophistication but on the trust that users have built in AI; its easy integration with the transport infrastructure; and the clear regulatory framework on its usage. To sum up, AI is increasing the UK driving experience to a considerable extent by making cars smarter, safer, and taking individual and surrounding elements into account. Nevertheless, AI cannot live up to its full potential unless the cooperation between technology developers, car designers, governments, and end-users is established. 

[bookmark: _Toc209814120]Chapter 3: Research Methodology
[bookmark: _Toc209814121]3.1 Introduction
In this chapter, a discussion of the methodological approach, followed in investigating the perceptions of Artificial Intelligence (AI) to improve the driving experience in UK automotive industry, and the determinants of effecting this change will be discussed. In line with the positivist philosophy and consulting a deductive design approach of the study, descriptive quantitative survey design was adopted to gather systematic and generalisable data on UK drivers. The approach will help analyse trends in behavioural patterns, trust aspects, and demography in influencing AI development. The chapter has elaborated on why the chosen research strategy, data collection, sampling frame, and procedure of analyses were chosen and how they have been compliant with reliability, validity, and ethical conduct of the research. However, this research aims to explore how Artificial Intelligence (AI) enhances the driving experience in the UK and to identify the key socio-demographic, technological, and psychological factors that influence its adoption among private car users.
[bookmark: _Toc209814122]3.2 Research Strategy
The introduction of Artificial Intelligence (AI) to the world of autopilot is the contemporary breakthrough in the modes of the driving-experience modeling, yet the consumer adoption of the recently emerged technologies is highly uneven. This research will be a quantitative and descriptive study that is informed by a positivism philosophy and deductive nature of determining the trend of the following factors on the adoption of AI-enabled vehicle options, which are trust, awareness and demography. Such kind of strategy makes the gathering of empirical data achieved through structured surveys possible, thus, it becomes feasible to make statistical reliable generalisations and prove hypotheses. As vehicles with increased automation levels (adaptive cruise control to smart infotainment systems etc.) have been launched in increased numbers, it has now become extremely important that vehicle manufacturers and policy-makers at large know where the masses lie.
Although AI technologies improve safe and efficient features of cars in the context of vehicle safety and efficiency, empirical research shows that the real effect turned out to be conditional on the confidence and awareness of the user (Fu et al., 2021). Lack of disclosure and technical expertise would tend to bring a mass scepticism that requires systematic research to clarify the outcome that ensures behavioural resistance is broken. Such problems may be resolved applying to a research plan based on quantifiable constructs that will allow studying them in various groups. Heimburger et al. also go further and opine that the preparedness of an organisation and the surrounding regulatory environment as well as the socio-technical infrastructure must meet the expectations of the users on realisation of the innovations on AI (2024). This way, quantitative studies of consumer attitudes result in findings that can be utilized as a guide in making AI adoption to be more inclusive. In addition to that, the challenge of making the UK a nation of connected and autonomous bases has increased the concern in this topic (Yang & Kim, 2024). Nevertheless, there are still some demographic variations in AI preparedness, which requires specialized studies regarding online literacy, trust, and user preferences. The adopted research methodology is not only methodological but also contextual in that it addresses the dynamic between the technology formats of progression and the perceptions of the people.
[bookmark: _Toc209814123]3.3 Research Design
The research strategy that is related to this project is a quantitative mono-method based on a descriptive design. The approach is linked to positivist research philosophy and deductive approach that allows the researcher to make a conclusion based on the observable and measurable facts collected in a structured way of data collection. A quantitative survey can be used to cover a high amount of data to clarify a behaviour pattern, attitude, and demographic variation in regard to the adoption of the AI-enabled vehicle features among the drivers in the UK. Such design is suitable as the aim of the study is to investigate the statistically significant associations amid such variables as trust, awareness, satisfaction, and demographic characteristics of AI usage.
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[bookmark: _heading=h.rq9i4hk4dn37][bookmark: _Toc209641488]Figure 2: Quantitative Research Strategy
(Source: Self-created)
On its critical assessment, a quantitative mono-method provides a leitmotif that has been acknowledged as consistent and replicable, particularly, in regards to generalisable knowledge in a large population. It is possible to use inferential statistics in the testing of the hypotheses based on postulated theoretical models such like the Technology Acceptance Model (TAM) and Innovation Diffusion Theory (IDT) which are the focal points of this research (Davis, 1989; Rogers, 2003). As opposed to the qualitative/phenomenological method that dwells on subjective experiences, a quantitative approach is based on breadth and objective patterns which is crucial in answering the question of what and how much in respect to the AI adoption (Creswell & Creswell, 2021). Besides, it improves external validity, which means that the findings can be applied to wider groups of people. Although the qualitative methods would have provided deeper understanding of psychological resistance or trust problems, they would not have been able to measure the hypothesis or compare demographics in small or large size. The quantitative mono-method approach therefore has the advantage of striking a balance between methodological rigour and practical relevance. The structured responses gathered in an organized manner via the mobility-centred research of AI enable the conclusion that results in a form of answerable activities in the automotive development and the policymaking (Bathla et al., 2022).
[bookmark: _Toc209814124]3.4 Research Paradigm/philosophy
A philosophy of research will provide the guided beliefs that influence the development and the construction of knowledge of a study. The three major philosophical paradigms involved in social science research are positivism, interpretivism and pragmatism and each possesses different epistemological and ontological views. The choice of the philosophy implies a rather important issue as the alignment of research aims, methods, and results depends on it. Positivism is supported by the argument that the truth is out there and quantifiable. It assumes that facts that are empirical and observable can contribute to knowledge and the bias of a researcher can be minimized through strictly followed scientific process. Similarly, in their turn, the positivist studies are more likely to utilise quantitative data and hypothesis testing to differentiate between the cause-effect relationships and those that can be generalised (Creswell and Creswell, 2021). This school of thought is typically applied in the study in an attempt to find out the behavioural trends e.g. user adoption of technology and it does this by testing measurable constructs such as awareness, trust and satisfaction. 
In its turn, interpretivism views reality as socially constructed and subjective. The paradigm admires the knowledge on the meanings, behaviours and social conditions of the individuals. Interpretivist studies are usually based on qualitative research which is done through an interview or ethnography as a way of in-depth study of human experiences (Saunders et al., 2019). Though useful in comprehending individual narratives and subtleties, this methodology cannot be generalised, making it inappropriate in the current study concerning broader population trends in the use of AI. However, the pragmatism approach dismisses the dualism of objectivity and subjectivity. It accommodates both quantitative and qualitative data depending on the research problem to be undertaken. Such philosophy is best suited to studies that are mixed-methods and intend to address errands-like problems based on context (Morgan, 2022). Although pragmatism promises flexibility, it will cause difficulties in methodological consistency and clarity of the interpretation of data.
The pertinent philosophy that will be used in this research is positivism. The goal here is to find out how AI can improve the experience of driving in the UK, and how the demographic aspects of age, gender, and digital literacy impact the process of adoption of AI. These aims demand object and measurable data knowing these data to test hypotheses and to arrive at conclusions that can guide the industry practice and policy frameworks. Positivism approaches, as it is noted by Alharahsheh and Pius (2020), can prove to be remarkably efficient in providing statistically sound conclusions in research dealing with the acceptance of technology and its behavioural examination. In addition, the positivist paradigm can be used along with the Technology Acceptance Model (TAM) and Innovation Diffusion Theory (IDT) that is built on structured variables and is measurable. The positivist research philosophy offers an appropriate framework to base this research, as it can offer an objective perspective to study measurable relationships in AI adoption through which results come out that can impact scalable and real-world decision-making.
[bookmark: _Toc209814125]3.5 Data Collection
The primary data collection tool of the current research was the quantitative survey, which was conducted online (Google Forms). The reason why this tool is selected is to fit the ontology of the study where the positivist philosophy and deductive method which relies on measurable, structured, and statistically analysable data are preferred. When the survey is conducted on massive scale responses that embrace a broad population range, the surveys are quite effective and will allow the researcher to determine an overall trend in respect to awareness, trust, and use of AI features in vehicles in the UK. Compared to the interviews, which tend to be more exploratory and more suitable over the qualitative approach, interpretivist research, surveys are standardised, objective and can be compared to each other, which is a primary requirement in hypothesis testing in a large number of respondents (Creswell and Creswell, 2021).
The survey instrument utilized was developed in regard to structured closed-ended questionnaire, as a Likert-scale question, multiple-choice question and demographic question. The models applied to justify the questions comprised models such as Technology Acceptance Model (TAM) and Innovation Diffusion Theory (IDT) that helped in defining such variables as perceived usefulness, respect, ease of use and readiness by the user. As a case example, it borrowed some of them out of previous studies that quantified trust in AI based systems and interest in the technology of autonomous vehicles (Bathla et al., 2022). This gave construct validity and theory consistency. A pilot test was also conducted where there was a small sample of 10 people who were used to test their level of clarity, question flow and comprehending the form. Words were simplified and ambiguities eliminated through the pilot feedback.
Though interview could have been an excellent method of qualitatively researching the experience of people at individual level, it was not applicable in this study due to the issues of scalability and time constraints. Also besides this, interviews do not provide the systematic explanations that are needed in hypothesis testing or statistical analysis. Self-administered survey guarantees anonymity of respondents and evokes more honest responses, particularly on such issues as trust or perceived risks that can be referred to as a sensitive one. The structured survey research methodology on the other hand, is a valid, efficient and theoretically informed pattern of questions that will barely fail to generate sound data to respond to the research questions.
[bookmark: _Toc209814126]3.6 Population and Sample
The sample population of this research includes 150 private car owners and drivers that live in the United Kingdom and have access to or the experience of operating or using AI-enabled features of vehicles that can be seen as adaptive cruise control, voice assistants, emergency braking, and predictive maintenance tools. The study is devoted to this population because it enhances relevance and the generalizable nature of study findings in terms of the applicability of the study findings in the UK consumer automotive industry with regards to AI adoption. They were not to include commercial drivers, fleet operators or users of public transport because it would be rather broadly focused on individual behaviour and perception.
Purposive sampling method was used to access participants who fulfil the inclusion criteria, that is people aged 18 years and above and have some form of engagement with the AI based-based technology in privately operated vehicles. The non-probability sampling method was considered appropriate to ensure that the members of the target population used in the study are the respondents who have a contextual understanding of the research issue (Taherdoost, 2021). The participants were identified via the internet using social media groups, forums in the automotive segment, as well as via emailing. Such online platforms offered wide geographical reach in the UK to get responses within urban locations, suburbs, and rural areas.
The researchers strived to obtain 150-200 valid answers, which corresponds to the rules of quantitative research and provides statistical significance and the possibility of drawing meaningful conclusions regarding subgroups (Mazhar et al., 2021). The final sample was supposed to be a mix of different gettable boundaries in ages, sexes as well as digital literacy. This stratification was made to research the ways of influencing these variables on the pattern of AI adoption. There was a small section in the questionnaire asking the demographics which included the biographical information like gender, age group, the level of study and driving experience. The nature of the sample as varied was crucial in order to study various points of view and one to be able to suggest, by the end, that findings are representative of the entire UK population and drivers that privately drive.
[bookmark: _Toc209814127]3.7 Data and Analysis
The study utilized the application of quantitative data analysis method since the philosophy was positivism and structured research design. All the data that contains the respondents that assemble the survey was initially extracted to Microsoft Excel form to conduct a preliminary data cleaning and ultimate analysis with the SPSS (Statistical Package for the Social Sciences). The measure of descriptive statistics of the key variables, which included the trust in AI, the frequency of usage, the view of the safety, and the level of satisfaction, was implemented in frequencies, percentages, and means. Such actions helped in establishing behaviour pattern and overall tendencies amongst different groups of people. To establish a correlation between variables, the processes of cross-tabulation and the chi-square test were used to identify the correlation between demographics factors (e.g. age, gender, digital literacy) and AI adoption. The nature and the extent of relationships between trust and AI use or awareness and satisfaction were also analysed by the use of correlation. This is because this analytical method was chosen based on the fact that it validates assumptions and offers generalisable findings of the research which are statistically significant. According to Creswell and Creswell (2021), quantitative analysis is the most suitable in the situation when the purpose of the study involves determining patterns and relationships between variables with the assistance of numerical data. Similarly to this concept, Saunders et al. (2019) suggest such a statistical package as SPSS to improve the validity of data and the presence of strong and replicable findings.
[bookmark: _Toc209814128]3.8 Reliability and Viability
This can easily bring reliability and also the validity that guarantees the research to be trustworthy. Reliability is the repeatability of the measurement instruments and it is a measure of the stability of the results whereas validity is the check of whether the research tool is effective in measuring the variables wanted. Open-ended questions to measure reliability in this study were avoided through closed-ended questions and Likert-style questions, as they standardized answers and reduced the floor of interpretation of answers found. In an attempt to further make sure that there is consistency, a pilot survey of 10 target participants was taken so as to make corrections on the questionnaire as well as exclude confused or leading questions. Validity was captured by alignment of survey questions with appropriate theoretical models which include Technology Acceptance Model (TAM) and Innovation Diffusion Theory (IDT) to capture the content validity and construct validity. In addition, large and demographically diverse samples enhance external validity of the findings, thus these results can be applied to the whole population of users of the vehicle in the UK who use private cars. The disadvantaged factors were projected to be any bias to the response and digital exclusion. This was countered by taking the necessary precautions of making the participants anonymous, avoidance of use of black-and-white language in the survey, and the transmission of the questionnaire to various online channels in order to have a wider coverage. Accuracy in the analysis was further enhanced by the use of SPSS in analysing data. Saunders et al. (2019) state that all these actions contribute to the methodological robustness of a quantitative study.
[bookmark: _Toc209814129]3.9 Research Ethics
This study observed the required ethics concerning the University of Wales Trinity Saint David (UWTSD) and General Data Protection Regulation (GDPR). The participants knew all about the intention of the study and the trial and provided informed consent before participating. No names were taken which made the process of gathering responses anonymous; hence, voluntary participation was enhanced. The survey did not raise sensitive questions, and was not physically or mentally risky. They (participants) were assured that they had the right to withdraw and that there would be no repercussions to that. The appendix contains a copy of the Ethics Form obtained after it was approved, which confirms that all ethical requirements were properly taken into account for the data collection process.


[bookmark: _Toc209814130]Chapter 4: Results and Discussions
[bookmark: _Toc209814131]4.1 Introduction
The chapter introduces and analyses the results of the questionnaire survey involving the United Kingdom owner and drivers of private cars, to examine how Artificial Intelligence (AI) can improve the driving experience. With the research objectives described above, the research findings will be presented relative to the levels of awareness, trust, usage, and perception of AI-enabled vehicle features and how they affect adoption and purchase decisions. The analysis combines the descriptive statistics, correlation, regression, chi-square tests, and one-way ANOVA to give emphasis on both the general trends and the demographic differences.
The chapter starts with descriptive findings which provide the picture of the demographic profile of the respondents and their initial knowledge of AI in cars. This is complemented by inferential analyses that consider the associations between socio-demographic factors including age and gender with the levels of trust, frequency of use and attitudes towards the perceived benefits of AI. The predictors of purchase influence are determined with the help of a regression model and the cat differences are evaluated with the help of chi-square tests such as awareness and adoption (Patjoshi et al. 2025). Lastly, a discussion of the findings is presented against the background of the Technology Acceptance Model (TAM), Innovation Diffusion Theory (IDT) and previous empirical studies reviewed in Chapter 2. Such a twin emphasis on statistical data and theoretical basis makes it possible to understand the attitude of consumers to the adoption of AI in a holistic manner.
[bookmark: _Toc209814132]4.2 Analysis of Findings or Results
The final data set to be analyzed constitutes 151 respondents who took part in the survey. Such a valid sample size gives a certain foundation on the interpretation of the findings on awareness, trust, usage, and perceptions of AI-enabled vehicle features, which are consistent in demographic and inferential statistical comparisons in the entire chapter.
[bookmark: _heading=h.ye9bmp6s5mk8][bookmark: _Toc209814133]4.2.1 Demographic Descriptive Statistics
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[bookmark: _Toc209641663]Table 1: Descriptive Statistics over Age Group and Gender
(Source: Self-created in SPSS)
The demographic information of the respondents depicts an equal representation in terms of gender and age. Among 151 people who took part in the research, the mean score of 1.75 (SD = 0.63) is fairly balanced, it is also slightly skewed towards one of the possible options, which means that both males and females were well represented in this study. Regarding age, the average score of 2.88 (SD = 1.24) indicates that the participants were involved in a variety of age categories, with the distribution being moderate with an equal spillover to the older and younger groups. The values of the skewness of both variables are positive indicating some slight clustering towards the lower variables of responses but the kurtosis is negative implying that they are not normally distributed. These demographic characteristics affirm the appropriateness and test validity of the data to proceed with the analysis, which would bolster the strength of the future inferential results.
The even demographic distribution allows Objective 1 to be realized because it will be representative in the perceptions of AI vehicles. TAM and IDT emphasize demographic diversity as a factor that can impact adoption, whereas manufacturers can create multi-age and multi-gender adoption campaigns and training programs.
[bookmark: _Toc209814134]4.2.1 Trust technology to assist braking and lane control
[bookmark: _heading=h.ivscqcz5r95m][image: ]
[bookmark: _heading=h.tooaik5qmxa3][bookmark: _Toc209641489]Figure 3: Bar Chart over Trust technology to assist braking and lane control
(Source: Self-created in SPSS)
The chart shows varying levels of trust in technology for assisting with critical driving tasks. The highest group, with 53 respondents, expressed complete trust. A similar portion, 49 respondents, indicated trust but only in specific situations, reflecting conditional confidence (Kang et al. 2025). Meanwhile, 28 respondents preferred relying on manual control, highlighting cautious behaviour toward automation. The smallest group, 21 respondents, reported no trust at all, signalling scepticism or resistance. Overall, the findings suggest that while most participants are open to or confident in technological assistance, a significant minority remain hesitant, either preferring full manual control or rejecting reliance on such systems entirely (Żyminkowska and Zachurzok-Srebrny, 2025).
Objective 2 is covered by the levels of trust, which demonstrate conditional acceptance of AI systems. TAM favors trust as one of the factors influencing adoption intentions. In a practical sense, reliability and transparency should be enhanced by manufacturers, and safety certifications given by policymakers as a way of promoting wider confidence.
[bookmark: _Toc209814135]4.2.2 Frequency of using AI feature in car
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[bookmark: _heading=h.rs95y3xsn3bt][bookmark: _Toc209641490]Figure 4: Pie Chart over Frequency of using AI feature in car
(Source: Self-created in SPSS)
The pie chart illustrates the frequency of AI feature usage in vehicles. The largest group, 38%, reported using AI features occasionally, showing moderate adoption. This is followed by 23% who use them rarely, indicating limited reliance. 21% stated they use AI features often, while only 6% use them always, reflecting a small but consistent group of regular users (Titu et al. 2025). Additionally, 6% of respondents selected not applicable, suggesting their vehicles lack AI functions, and another 6% indicated they never use such features. Overall, the data highlights that occasional and rare use dominate, with only a minority consistently engaging AI technologies (Nezhadkian and Zho, 2025).
Objective 3 is informed by usage frequency, which indicates low AI use. IDT describes early stages of adoption where occasional users will pass on before there is a mass adoption. Designs that are easy to use can be improved by manufacturers and the training programs can promote the use as a habit by the users making technology an important part of their daily driving lives.
[bookmark: _Toc209814136]4.2.3 Frequency Statistics
Descriptive statistics will be used to summarise and provide the central tendencies, spread and overall distribution of the variable measures like the level of awareness, trust and usage. They offer a convenient summary of trends within the data allowing the formation of meaningful sense and follow-up comparative or inferential analysis.
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[bookmark: _Toc209641664]Table 2: Frequency Statistics summary table
(Source: Self-created in SPSS)
The statistical table summarises responses from 151 participants across ten survey questions related to awareness, trust, usage, and perceptions of AI-enabled vehicle features (Alkhawaldeh, 2025). For awareness (Q3, Q4), the means of 2.15 and 1.88 with medians of 2.00 suggest moderate awareness of AI in vehicles and their safety functions. The modes (Q3 = 3, Q4 = 1) indicate most respondents either had some awareness or minimal prior knowledge. For trust (Q5), the mean of 2.48 and median of 3.00 highlight moderate trust, while the mode of 1 shows a significant group with low trust (Wang et al. 2025). The standard deviation (1.269) reflects varied opinions, from strong scepticism to high confidence. On usefulness (Q6), the mean of 1.95 with median 2.00 indicates respondents generally find AI features useful, but the mode of 1 shows a substantial group expressing maximum agreement (Zhang et al. 2025). For usage (Q8), the mean of 3.89 and median of 4.00 suggest features are used occasionally, with mode 4 confirming most participants fall into this group. Regarding experience with issues (Q9), the mean of 3.74 and median 4.00 reveal that most did not frequently face failures (Russo et al. 2025). For recommendations (Q11), mean 2.86 and median 3.00 reflect neutral-to-positive attitudes, with some reluctance. In terms of future expectations (Q12), mean 2.93 and median 3.00 suggest moderate belief that AI will soon become standard. Openness to learning (Q13) is strong, with a low mean of 1.68 and mode 1 showing most are willing to know more (Del-Coco et al. 2025). Finally, purchase influence (Q14) has a mean of 1.98 and median 2.00, indicating AI presence moderately impacts buying decisions, though mode 1 shows a large group strongly agreeing (Mehta et al. 2025). Overall, the data shows generally positive attitudes towards AI in vehicles, though trust and recommendation levels reveal ongoing caution. 
Moderate awareness will focus on Objective 1 in that familiarity does not imply trust or perceived usefulness. TAM and literature indicate that knowledge has the potential to raise criticism. The manufacturers can focus on the tangible advantages, and the educational campaigns can enhance informed adoption and trust in AI capabilities.
[bookmark: _Toc209814137]4.2.2 Correlation Analysis
Pearson “R” is a form of correlation analysis that is used to measure the strength, significance, or direction of linear relationships that exist between variables. As an example, it allows testing the hypothesis of the positive relation between increased awareness and increased levels of trust and thus answering research goals and theoretical predictions at the same time.

The correlation table presents relationships among survey variables, showing both direction and statistical significance (Alam et al. 2025). Awareness of AI in vehicles (Q3) is negatively correlated with awareness of car assistance features (Q4, r = –.257, p = .001), trust (Q5, r = –.182, p = .025), and perceived usefulness (Q6, r = –.225, p = .005), suggesting that prior awareness does not always translate into confidence or perceived benefits (Liu et al. 2025). Awareness of car assistance (Q4) shows strong positive correlations with usefulness (Q6, r = .436, p < .001) and openness to learning (Q13, r = .424, p < .001), indicating knowledge improves receptiveness. Trust in technology (Q5) correlates positively with usage frequency (Q8, r = .307, p < .001), openness (Q13, r = .174, p = .032), and purchase influence (Q14, r = .170, p = .037). Usefulness (Q6) significantly relates to purchase influence (Q14, r = .288, p < .001). Experiencing issues (Q9) links with recommending AI vehicles (Q11, r = .361, p < .001), reflecting mixed attitudes after failures. Importantly, belief in AI’s future standardisation (Q12) positively correlates with improved driving experience (Q10, r = .275, p = .001) and purchase influence (Q14, r = –.222, p = .006) (Alidan and Sihan, 2025) [See Appendix 2].
The results of the correlation serve Objective 3, which states that Objective awareness, trust, and perceived usefulness are complex and correlated with each other. TAM advocates that trust and usefulness affect behavior intention, and policymakers and manufacturers have the opportunity to focus on education and demonstrations in order to enhance adoption and conscious use.
[bookmark: _Toc209814138]4.2.3 Regression Analysis
The multiple regression analysis is used to establish how a combination of the independent variables predicts an outcome variable. In this case, the method will test the factors that have significant effects on the purchase decisions (Q14), thus finding the strongest factors and evaluating the overall explanatory strength.
The regression model summary shows the relationship between predictors (Q5, Q6, Q7, Q9, Q10) and the dependent variable, purchase influence (Q14) (Zou et al. 2025). The correlation coefficient (R = .341) indicates a modest positive relationship between predictors and purchase decisions. The R Square value of .117 means that 11.7% of the variance in purchase influence is explained by the model, while the Adjusted R Square (.086) accounts for the number of predictors, showing slightly less explanatory power (Murtaza et al. 2025). The standard error of the estimate (.900) suggests moderate variability in prediction accuracy. The Durbin-Watson statistic (2.157) falls within the acceptable range (close to 2), indicating little risk of autocorrelation in residuals. Overall, the model demonstrates that perceptions of usefulness, trust, confidence, and driving experience moderately predict AI’s impact on purchase decisions (Huang et al. 2025) [See Appendix 1].
The results of regression validate Objective 4 since perceptions of usefulness are the strongest predictors. TAM supports utility that fuels the intention to act. The focus should be on the benefits of features in the marketing of the manufacturing, and the training and demonstrations may enhance the consumer confidence and have a positive impact on the buying decisions.
ANOVA Table through Regression
The ANOVA table assesses the overall significance of the regression model predicting purchase influence (Q14) from five predictors (Q5, Q6, Q7, Q9, Q10). The regression sum of squares is 15.497, representing the variation in purchase decisions explained by the predictors. The residual sum of squares is 117.443, reflecting unexplained variation, while the total is 132.940. With 5 degrees of freedom for regression and 145 for residuals, the mean square for regression is 3.099 compared to .810 for residuals (Mahale et al. 2025). The F-value of 3.827 indicates the ratio of explained to unexplained variance. Importantly, the significance level (p = .003) is below .05, confirming that the model is statistically significant. This means the predictors collectively have a meaningful effect on whether AI features influence car purchase decisions (Li and Duan, 2025) [See Appendix 3].
The outcome of ANOVA matches Objective 5, where adoption perceptions differ according to the group. This endorses the concept of IDT of the divergent adopter categories. Manufacturers will be able to create campaigns that address particular segments, and policies can address underserved communities to increase fair use of AI.
Coefficient Table through Regression
The coefficients table explains how each predictor contributes to purchase influence (Q14). The constant (B = .914, p = .028) is significant, representing the baseline when predictors are zero (Bhattacharya et al. 2025). Trust in technology (Q5) has a small positive effect (B = .080, β = .108) but is not statistically significant (p = .189). Usefulness of AI features (Q6) is the strongest predictor (B = .229, β = .257, p = .002), showing that higher perceived usefulness significantly increases purchase influence (Dipto, 2025). Confidence through training (Q7) also shows a positive but non-significant effect (B = .132, β = .109, p = .194). Experience with failures (Q9) contributes weakly (B = .064, p = .351), while improved driving experience (Q10) has virtually no impact (B = –.009, p = .849). Overall, only usefulness (Q6) significantly predicts adoption decisions [See Appendix 4].

Residual statistics through  Regression
The residuals statistics describe the accuracy of predicting purchase influence (Q14). Predicted values range from 1.43 to 2.59 with a mean of 1.98, closely matching the actual mean, and a standard deviation of .321, indicating modest variability in predictions (Rehman and Shakeel Sadiq Jajja, 2025). Residuals range from –1.586 to 2.317, with a mean of .000, showing balanced over- and under-predictions, and a standard deviation of .885, reflecting moderate error spread. Standardized predicted values (–1.706 to 1.885) and standardized residuals (–1.762 to 2.574) confirm no extreme outliers, suggesting the regression model is statistically reliable and reasonably fitted (Cheng, 2025) [See Appendix 5].
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[bookmark: _heading=h.yrtyumptgfun][bookmark: _Toc209641491]Figure 5: Scatter plot over Regression standardized residual vs Regression standardized predicted value
(Source: Self-created in SPSS)
The scatterplot illustrates the relationship between standardized predicted values and standardized residuals for the regression model predicting purchase influence (Q14). The points are spread fairly evenly above and below zero, indicating no major violations of homoscedasticity (Hossain et al. 2025). Most residuals fall between –2 and +2, suggesting acceptable error distribution with only a few mild outliers above 2. The absence of a clear pattern or curve demonstrates that the model satisfies linearity assumptions. Overall, the plot supports that the regression model is statistically valid, with residuals randomly distributed across predicted values (Abdurakhimova et al. 2025).

[bookmark: _Toc209814139]4.2.4 One Way Anova
The one way analysis of variance (ANOVA) is employed to conduct comparison of the mean scores of dependent variables across demographic categorization which could be age groups among others. This shows that the differences in perceptions or behaviours are statistically significant thus helps determine patterns of adoption among different respondent groups.

The one-way ANOVA results show significant group differences for several variables (Ahangar et al. 2025). Awareness of AI assistance (Q4, F = 12.290, p = .000), usefulness of AI features (Q6, F = 4.404, p = .014), experience with failures (Q9, F = 5.970, p = .003), improved driving experience (Q10, F = 3.982, p = .021), recommendation to others (Q11, F = 5.019, p = .008), belief in future standardization (Q12, F = 7.451, p = .001), and purchase influence (Q14, F = 3.154, p = .046) are statistically significant (Shirole et al. 2025). Trust (Q5), frequency of use (Q8), and openness (Q13) show no significant variation  [See Appendix 7].
[bookmark: _Toc209814140]4.2.5 Chi-square Statistics
Chi-square test is used to test the existence of statistically significant relationships between categorical variables. As an example, it determines the relationship between the age groups of respondents and adoption intentions. This is a non-parametric test that can be used to understand demographic sources of categorical results and contribute to the general interpretation of survey results.
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[bookmark: _heading=h.s4h90l6n1fir][bookmark: _Toc209641492]Figure 6: Bar Chart of Chi-Square Tests
(Source: Self-created in SPSS)
The chi-square test results indicate a significant association between the categorical variables analyzed. The Pearson Chi-Square value of 31.863 with 12 degrees of freedom is statistically significant (p = .001), confirming that the observed differences are unlikely due to chance. Similarly, the Likelihood Ratio (37.732, p < .001) reinforces this outcome (Duzgun et al. 2025). The Linear-by-Linear Association value (4.873, p = .027) suggests a meaningful trend across categories. Although 45% of cells have expected counts below 5, the test remains valid. Overall, the analysis highlights a strong relationship between the studied variables (González-Prida et al. 2025)   [See Appendix 6].
The chi-square findings confirm the Objective 6, the age is a factor of adoption, and it follows the concept of the early adopters of IDT. Gender shows not any type of effect. In practice, marketing and policy interventions are needed among younger drivers, whereas age-inclusive measures can help to promote the broader use of technology.
[bookmark: _Toc209814141]4.3 Discussion of Results
[bookmark: _heading=h.pnlki5lmk6vq][bookmark: _Toc209814142]4.3.1 Overview of the Study
This study has presented great insights into the consumers' perception, attitude and intentions toward adopting the Artificial Intelligence (AI) car features (Nair et al. 2025). The study, which examines the trust level, frequency of usage, purchase and testing relationship awareness and purchase and testing relationship influence among the variables, manifests the openness impact of innovativeness and reliability and usefulness on the development of consumers' behaviour formations.
[bookmark: _heading=h.du4r0nvndhei][bookmark: _Toc209814143]4.3.2 Consumer Trust Toward AI
Among the main findings is the ambivalent but broadly positive attitude toward the trust placed for the purposes of the AI technologies. The trust bar chart identified that though an overwhelming majority indicated full or conditional trust for the purposes of the AI performance for controlling the braking and the lanes, a significant proportion among them identified themselves under manual control or distrusting (Raza et al. 2025). That is an indication of the divided consumer market where the drivers split into the ones embracing the AI-assist and the others distrusting. The ambivalent findings are consistent with the Technology Acceptance Model (TAM), which also attributes trust as a significant yet minor variable, that affects perceived ease of use and behavioural intention.
[bookmark: _heading=h.s7vsl2xg6oh5][bookmark: _Toc209814144]4.3.3 Frequency of AI Usage
Another significant point of view was the frequency of AI use. Pie chart findings demonstrated that occasional and infrequent usage was the most common and few people always used AI features. Such a low involvement is an indication that even though AI functions exist, they are currently not completely incorporated into everyday road activities (Nicoletti, 2025). The obstacles can consist of a lack of consciousness, scepticism, or there can be a lack of vehicles with sophisticated AI. This observation coincides with the Innovation Diffusion Theory (IDT), whereby adoption is a process that is done in phases and that initial adopters are the pioneers before mass use.
[bookmark: _heading=h.p8cqt8gv87ds][bookmark: _Toc209814145]4.3.4 Awareness and Knowledge of AI Features
The descriptive statistics also indicated that there were moderate awareness and trust levels. General AI and specific assistance features were comparatively low in terms of awareness and modes indicated that most participants had limited prior knowledge. Surprisingly, the outcomes of correlation showed that there was a negative relationship between general awareness and usefulness and trust, which implies that familiarity is not a sufficient condition of positive perceptions (Devaraj et al. 2025). This observation is contrary to expectations but shows the fact that more knowledge can sometimes cast doubt on limitations or risks. Conversely, awareness of assistance features was positively related to usefulness and openness to learning, which is to say that as consumers perceive concrete, tangible gains they are more willing (Arthur et al. 2025).
[bookmark: _heading=h.ld6rzdeb1pha][bookmark: _Toc209814146]4.3.5 Predictors of Purchase Decisions
Regression analysis gave more content on purchase influence. The model described was able to explain 11.7% of purchase decision variance which rewards the presence of a modest, but significant predictive value (Mbelekani and Bengler, 2025). The most predictive and only statistically significant factor at purchase influence was usefulness, with trust and the confidence of training playing a positive but non-significant role. Failure experiences had only low effects and enhanced driving experience did not significantly influence purchase influence (Dias Lousã et al. 2025). These findings highlight one of the principles of TAM, that perceived usefulness is the strongest predictor of adoption.
[bookmark: _heading=h.anxdw5nhbdj3][bookmark: _Toc209814147]4.3.6 Group Differences in Attitudes
The findings of ANOVA indicated that there were significant differences in groups concerning the variables: awareness of AI assistance, usefulness, failures, improved driving experience, recommendations, belief in future standardisation and purchase influence (Abdulla and Saberi, 2025). These results indicate that different groups of people have different views, making it possible to confirm that consumer attitudes are not homogenous. Nonetheless, there was no significant difference between trust, frequency of use and openness, which implies that the variables are cross-cutting across demographic and usage groups (Dzienis and Mccaleb, 2025).
[bookmark: _heading=h.fqqzs3bgnqke][bookmark: _Toc209814148]4.3.7 Demographic Factors and Adoption Intentions
The chi-square test enhanced the fact of demographic factors as significant relationships were found between variables, including age and adoption intentions (Mollajafari and Ebrahimi-Nejad,  2025). More of the younger respondents were prone to consider the qualities of the AI when they bought cars than the older respondents, which conformed with the IDT category of early adopters being more inclined toward the development of technology (Bastola et al. 2025). Gender, however, failed to evoke any considerable disparity that was indicative of the adoptiveness readiness being tied too intently with the individual's gender but existing within the psychological and perceptual realms.
[bookmark: _Toc209814149]4.4 Implications of Findings
The outcomes of the work have both practical and theoretical impact on what it reveals (Sareh, 2025). In practice, the great importance of perceived usefulness for the purchase decision-making process reveals the necessity for car manufacturers and policymakers to focus more attention on the actual worth of the functionality of AI, i.e., more safety, parking aid, or collision avoidance. These advantages are supposed to be visible and believable to the consumers and this should be focused in marketing plans through real-life demonstrations and case studies (Sahoo and Varadarajan, 2025). Training and education also become key elements since findings indicate that the confidence based on exposure and learning can enhance openness to adoption despite the fact that training was not a statistically significant indicator. To overcome hesitancy, automakers can combine interactive manuals and in-store demos.
There is a mix of trust which is both enthusiasm and scepticism. This implies that the manufacturers have to concentrate on reliability, open communication of limitations of the system and constant updates to enhance consumer confidence (Schoemaker et al. 2025). It is also important to deal with failures because negative experiences decrease recommendations, which means that it is necessary to focus on quality assurance regularly.
Theoretically, the results support the Technology Acceptance Model (TAM) in terms of proving the core position of perceived usefulness and are in line with the Innovation Diffusion Theory (IDT), in which relative advantage and trialability can influence adoption (Ahmed et al. 2025). In general, the analysis shows that the integration of AI in vehicles should be successful, which depends not only on the technological reliability of the system but also on the consumer-oriented approach to interactions.
[bookmark: _heading=h.7bpz16updj61][bookmark: _Toc209814150]4.5 Critical Reflection and limitation
The negative correlation between the general awareness and trust is surprising and some findings are negative. This could represent the fact that more informed respondents feel informed about the possible dangers or constraints of AI, which creates apprehensive feelings. There was a possibility of self selection bias where the participants volunteered to participate in the survey and this could have led to the exaggeration of the socially desirable responses or distorted the real behaviour by the self-report measures. Also, there were small sample sizes in some specific groups of demographics (especially older age groups), reducing statistical power and the accuracy of group comparisons. The cross sectional design provides the perceptions of the perceptions only at a point in time so that the shifting attitudes or adopting tendencies over time are not assessed. Such constraints imply that the findings cannot be generalised to the wider population that will be covered by the survey hence results should be used cautiously when representing findings to the entire drivers. However, the research offers valuable information about consumer trust, usage, and adoption intentions and can inform designers of manufacturers, policymakers, and educators to devise strategies that can lead to a better level of AI acceptance and 21st-century informed usage.
[bookmark: _Toc209814151]4.6 Chapter Summary
In this chapter, the findings and discussions of the survey carried out on the private car owners and drivers in the United Kingdom were displayed in order to assess the perceptions of the AI-enabled vehicle features. Moderate awareness and mixed trust levels were identified with an emphasis on descriptive statistics, whereas usefulness was identified as the most significant variable that affected adoption. Correlation analysis affirmed the existence of strong relationships between usefulness, trust, openness to learning and purchase influence. Regression analysis revealed that usefulness was a significant predictor of adoption decisions, and trust and training confidence were significant, but not significant predictors. Further tests conducted in one-way ANOVA and chi-square showed that demographics, especially age, also contributed to the development of the attitudes toward the adoption. The model reliability was verified by the scatterplot and residual analysis. In general, the results confirm that the perceived usefulness is the main factor influencing the consumer adoption of AI technologies and is supported by the perceived reliability through education.

[bookmark: _Toc209814152]Chapter 5: Conclusions and Recommendations
[bookmark: _Toc209814153]5.1 Summary of Key Findings
The chapter is a conclusion and recommendations of the study where the basis of the findings in Chapter 1, 2, and 3 are combined with the findings in Chapter 4. It offers a comprehensive closure of the research by including the original aims of the research, theoretical views and methodological options with the statistical and interpretative outcomes gained. In this way, in addition to uniting the key insights, the chapter also demonstrates their general scholarly, practical, policy irrelevance.
The purpose of the study was to examine the importance of Artificial Intelligence (AI) in enhancing the driving experience in the UK automotive industry in the context of consumer awareness, trust, perceptions and intentions towards adoption. Chapter 1 gave the background, the significance and objectives of the research. Chapter 2 covered the theoretical framework and especially Technology Acceptance Model (TAM) and Innovation Diffusion Theory (IDT), as well as the pertinent empirical literature. Chapter 3 described the methodological strategy that involved a quantitative survey of 151 car owners and drivers that were analysed using a descriptive and inferential statistics approach. Chapter 4 has introduced and given an account of findings, which have shown how perceived usefulness, trust, demographic influence and reliability issues influence adoption behaviour.
Objective 1: Identify which AI features most significantly impact driving safety, comfort, and satisfaction.
The findings affirm that consumer adoption is most decisive on the aspect of perceived usefulness. The only predictor that was found significant using regression analysis was usefulness (Q6), which had a significant positive predictive power of purchase influence (b = .257, p =.002), although ANOVA revealed a significant difference among groups (F = 4.404, p =.014). Emergency braking, and voice control features were particularly appreciated by the respondents because they provided more comfort and safety (Khushk et al. 2025). This finding supports the Technology Acceptance Model (TAM), which helps to recognize the usefulness of one of the most important factors in technology adoption. These results also align with previous studies showing that consumers are more likely to accept car technology when it offers real benefits like protection and comfort.
Objective 2: Evaluate levels of awareness and trust in AI-enabled vehicle features among different demographic groups.
The level of awareness was moderate, with average scores of 2.15 (Q3) and 1.88 (Q4) representing the mean awareness values. Nevertheless, the increased awareness did not translate into increased acceptance. The correlation analysis indicated that in spite of awareness, there were negative associations with usefulness (r = -.225, p = .005) and trust (r = -.182, p =.025). This implies that awareness of AI does not necessarily lead to confidence and in other instances, it can instill scepticism. Trust (Q5) had a mixed outcome as well, the mean value was 2.48 with a high variation (SD = 1.269). Although there was a positive correlation between trust and usage (r =.307, p <.001) and purchase influence (r =.170, p = .037), ANOVA showed no significant demographic differences (p =.072). Therefore, trust is rather pegged on perceived reliability and performance than on demographic background.
Objective 3: Examine how consumer perceptions influence purchasing decisions related to AI-integrated vehicles.
The purchase intentions were basically centered on consumer perceptions. Purchase influence (Q14) had a very high correlation with usefulness (r =.288, p<.001), openness to learning (r =.255, p=.002) and trust (r =.170, p=.037). Regression analysis proved that the most significant influence was usefulness and the influence of trust and training confidence (Q7) was weaker and positive. The differences between groups were also significant based on ANOVA (F = 3.154, p =.046) (Taherdoost, 2021). These findings indicate that perceptions of benefit and reliability are determinants of adoption and not demographic features. This helps reinforce TAM and Innovation Diffusion Theory (IDT) that underline usefulness and relative advantage respectively as factors that drive adoption respectively.
Objective 4: Analyse the role of demographic and psychological factors (age, gender, digital proficiency) in AI adoption.
The level of adoption was affected by demographic and psychological factors to a small degree. The chi-square values revealed that there was a significant association between demographics and the results of the adoption (kh2 = 31.863, df = 12, p = .001). The younger respondents had more tendency to adopt AI features, which is in line with the concept of early adopters at IDT (King and Cnop, 2025). The difference between genders was not high and it might be implied that perceptions contribute more significantly to openness to AI rather than sex. Psychological (the trust and training confidence) were positive correlations without strong statistical significance. It means that psychological preparedness will help to supplement usefulness, yet, alone, it will not have a decisive influence on adoption.
Objective 5: Recommend strategies for improving consumer engagement and trust in AI-based driving technologies.
The results indicate that there are a couple of measures to improve adoption. Car manufacturers need to focus on features that have practical and safety implications because usefulness was the most effective predictor of buying behavior. The level of confidence can be increased by training and demonstration, as respondents were very open to learning (Q13, mean = 1.68, mode = 1). Nevertheless, the ability to trust needs to be enhanced with the help of enhancing system reliability and communicating openly regarding restrictions. The failures also decreased the intention to recommend AI demonstrating that quality assurance is crucial. Younger tech-savvy drivers should also be approached in engagement campaigns because they are an earlier adopter but benefits should be packaged to appeal to older drivers in terms of safety.
The results show that the perception of usefulness is the main factor influencing the adoption of AI in vehicles that is reinforced by trust, openness to learning, and demographic preparedness. The awareness was moderate and not necessarily positively associated with the perceptions, and the trust was weak. Demographics did not make much difference but perceptions of usefulness and reliability were more important to younger drivers compared to others. The findings have a great deal of support on TAM and a parallel degree of support on IDT, supporting that usefulness and trialability are key to consumer acceptance.
[bookmark: _Toc209814154]5.2 Overall Conclusions
This study explored the application of the Artificial Intelligence (AI) to supplement the driving experience in the UK automotive sector in regards to awareness, trust, use, and adoption intention. The study that was conducted depending on Technology Acceptance Model (TAM) and Innovation Diffusion Theory (IDT) provided both theoretical and practical insights on consumer behaviour.
The findings can be used to prove that the perceived usefulness is the strongest predictor of adoption. Self-driving, emergency braking and lane support are some of the attributes that were highly valued because of the advantages of convenience and safety. The AI technologies were also correlated with a positive and a mixed trust with use and purchase intentions, but not a statistically significant predictor. The intention to recommend AI-enabled vehicles was lower in case of failure and this affirmed the importance of reliability and transparency.
The individual awareness was in the medium range where no general positive perception was always changed to positive perception, occasional increase in general familiarity led to scepticism. The younger respondents were more open about adoption as it is characterized in the IDT concept of early adopters, but the general demographic variations were not quite significant compared to the views of usefulness and trust. It is interesting that a high openness to learning indicated that consumer engagement potential was high through the means of educating, demonstrating and training.
It will be adopted according to the consumer realisation of physical benefits, the development of trust on the basis of reliability, and interactions with learning opportunities. Manufacturers, policymakers, and researchers who struggle to accelerate responsible integration of AI in the automotive sector can find these lessons very useful.
[bookmark: _Toc209814155]5.3 Practical Recommendations
· Emphasize Benefits of Safety and Convenience: The practical value of AI adoption is actually the most important, and car manufacturers should highlight such benefits as avoiding accidents, helping in parking, and more convenient driving experience. The advantages can be observed in real-life cases regarding the ways in which the marketing strategies are to be formulated.
· Give Demonstrations and Training: Confidence is instilled in a practical manner. Autodealers and manufacturers should organize interactive tutorial, test drives, and online simulation using which consumers can be able to test AI functions in real-life circumstances (Yildirim et al. 2025).
· Enhance Trust and openness: Malfunction lowered the urge to propose AI cars. Therefore, manufacturers should enhance quality assurance and explain freely on the capabilities of the system, updates and limitations in order to gain trust among consumers.
· Segment Consumer Engagement: Younger drivers can be reached in the form of early-adopters with tech-oriented campaigns, older groups need to be engaged with safety-oriented messages.
[bookmark: _Toc209814156]5.4 Theoretical/Research Recommendations
1. Expand TAM with Trust and Reliability: Future studies should further expand the Technology Acceptance Model (TAM) to include such factors as trust, reliability, perceived risk, and transparency to learn more about AI adoption in vehicles.
2. Leverage Innovation Diffusion Theory (IDT): This theory can also be applied to the research to examine the aspects of trialability, compatibility, complexity, and relative advantage on the adoption of different parts of the population, including early and late adopters.
3. Carry out Longitudinal Studies: The attitude to AI technologies may be altered. The longitudinal study would be best in terms of capturing the adoption behaviour change, acquisition of trust and learning effects.
4. Explore Psychological Moderators: Models such as technology anxiety, digital literacy, and risk perception need to be considered so as to have a clearer picture of consumer adoption (Braidy et al. 2025).
5. Cross-Cultural Comparisons: The replication of the study in other states would reveal the influences of the cultures on accepting AI and would guide the marketing and policy policies at the global level.
[bookmark: _Toc209814157]5.5 Limitations of the Study
Despite the fact that this research does provide the applicable information on the introduction of AI-enabled functions in cars within the UK automotive industry, it does possess certain limitations that need to be stated. Firstly, the research relied largely on the survey information provided by the respondents as self-reported data, thus the chances of response bias. The risk was that there could be over, or under-reporting of awareness or trust in using AI functions by the participants and this could have led to the invalidity of the findings.
Second, the samples used in the research are limited to 151 respondents and therefore cannot be generalised to the UK population as a whole. Despite the fact that the survey used a diverse demographic, the sample size is small and thus may not be reflective of the entire age groups, socio-economic status and geographical differences that can influence the perceptions and adoption behaviour.
Third, cross-sectional research study can not be used to conclude causal relationships. The perception of AI functions and intentions to adopt AI may change over time as people will gain experience, technology will improve, or promotion will shift the attitude of consumers. Research over a long period would provide more credible evidence of behavioural shift among consumers.
Fourth, some of the inferences including the chi-square tests were made on low expected counts in some of the cells and this may reduce the power of the statistical inferences (Piash and Tayyab, 2025). In addition to this, the researchers focused on a narrow demographic segment age and gender and failed to consider other possible influencing indicators, income, education, living in urban or rural areas and prior exposure to technology.
Finally, the study also concentrated on AI-enabled car systems, but not more broad mobility technologies or other automotive technology which can limit the ability of the results to be generalised to the overall automotive market. The limitations should be taken into account to make the results more contextual and guide future research.
[bookmark: _Toc209814158]5.6 Chapter Summary
The chapter combined the results of Chapters 1 to 4 to provide a detailed conclusion and list of recommendations on the adoption of AI in the UK automotive industry. It started with the summary of major findings, and associated the research goals and the empirical findings. Perceived usefulness was most highly rated as a predictor of adoption with self-parking, emergency braking, and lane control features having high values. The level of awareness was medium, and the familiarity did not necessarily reflect positive perceptions, and trust was split, which is why reliability and transparency are important. Younger drivers were more willing to use AI, which is in line with the concept of early adopters of the Innovation Diffusion Theory, and demographic variables were generally less important in comparison with usefulness perceptions and psychological preparedness.
Practical recommendations were then given in the chapter, such as focusing on safety and convenience, demonstrations and training, improving reliability and engaging different demographics. Extending TAM with variables of trust and reliability, the implementation of the IDT principles, and longitudinal and cross-cultural research were reasonable theoretical recommendations. Study limitations were also noted especially in terms of sample size, cross-sectional design and scope of variables. On the whole, the chapter summarizes the findings to both practitioners and researchers in the industry and presents practical measures to make AI adoption in cars responsible.
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Provide a brief summary of all the methods that may be used in the research activity to collect data, making it clear what specific techniques may be used. If methods other than those listed in this section are deemed appropriate later, additional ethical approval for those methods will be needed. You do not need to justify the methods here, but should instead describe how you intend to collect the data necessary for you to complete your project.

	7
	The primary data collection method for this research will be a structured quantitative online survey targeting UK-based drivers who have experience using AI-enabled vehicle features such as adaptive cruise control, lane-keeping assist, parking assistance, and voice-activated virtual assistants.
The survey will be developed using Google Forms and distributed digitally through automotive forums, social media groups, and online communities where potential participants are active. The questionnaire will consist primarily of closed-ended questions, including multiple-choice items and 5-point Likert scale questions designed to measure drivers’ awareness, usage frequency, trust, satisfaction, and perceived usefulness of AI features in their vehicles.
The survey will be conducted with a non-probability purposive sampling approach, specifically targeting individuals who own or regularly use AI-integrated vehicles. A minimum of 100 valid responses will be collected to ensure a reliable data set that allows for meaningful analysis.
Participants will be provided with a brief introduction explaining the research purpose, ensuring informed consent, anonymity, and the voluntary nature of participation. All responses will be automatically anonymised during collection to protect personal identity.
Once collected, the raw data will be exported into Microsoft Excel for cleaning and organisation. Basic analysis such as frequency distribution and cross-tabulation will be conducted, alongside calculations of average scores and variance for Likert-scale items. If required, software such as SPSS may be used for more in-depth statistical analysis.
This method ensures that the study remains focused, scalable, and suited to evaluating patterns of AI adoption, perception, and satisfaction across different demographic groups. The choice of an online survey enables efficient access to a geographically diverse sample, particularly from key urban areas in the UK such as London, Manchester, Birmingham, and Edinburgh.
At this stage, no interviews, focus groups, or observational techniques are planned. However, should the need arise for qualitative follow-up (e.g., to clarify emerging trends or gather deeper insights), a separate ethical approval request will be submitted before those methods are employed.
All data will be securely stored on password-protected systems and used solely for the purposes of this academic research.




SECTION D: Scope of Research Activity
	
	Will the research activity include:
	YES
	NO

	1
	Use of a questionnaire or similar research instrument?
	☒
	☐

	2
	Use of interviews?
	☐
	☒

	3
	Use of focus groups?
	☐
	☒

	4
	Use of participant diaries? 
	☐
	☒

	5
	Use of video or audio recording?
	☐
	☒

	6
	Use of computer-generated log files?
	☐
	☒

	7
	Participant observation with their knowledge?
	☐
	☒

	8
	Participant observation without their knowledge?
	☐
	☒

	9
	Access to personal or confidential information without the participants’ specific consent?
	☐
	☒

	10
	Administration of any questions, test stimuli, presentation that may be experienced as physically, mentally or emotionally harmful / offensive?
	☐
	☒

	11
	Performance of any acts which may cause embarrassment or affect self-esteem?
	☐
	☒

	12
	Investigation of participants involved in illegal activities?
	☐
	☒

	13
	Use of procedures that involve deception?
	☐
	☒

	14
	Administration of any substance, agent or placebo?
	☐
	☒

	15
	Working with live vertebrate animals?
	☐
	☒

	16
	Procedures that may have a negative impact on the environment?
	☐
	☒

	17
	Other primary data collection methods. Please indicate the type of data collection method(s) below.
	☐
	☒

	
	Details of any other primary data collection method:

No other primary data collection methods are planned at this stage. The research will rely solely on a structured online survey as the primary method for data collection. Should any additional methods become necessary later, appropriate ethical approval will be sought prior to implementation.
	
	



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

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


SECTION E: Intended Participants
	
	Who are the intended participants:
	
YES
	
NO

	1
	Students or staff at the University?
	☐
	☒

	2
	Adults (over the age of 18 and competent to give consent)?
	☒
	☐

	3
	Vulnerable adults?
	☐
	☒

	4
	Children and Young People under the age of 18? (Consent from Parent, Carer or Guardian will be required)
	☐
	☒

	5
	Prisoners?
	☐
	☒

	6
	Young offenders?
	☐
	☒

	7
	Those who could be considered to have a particularly dependent relationship with the investigator or a gatekeeper?
	☐
	☒

	8
	People engaged in illegal activities?
	☐
	☒

	9
	Others. Please indicate the participants below, and specifically any group who may be unable to give consent.

	☐
	☒

	
	Details of any other participant groups:
Complete this only if your participants cannot give consent. This includes animals. If students choose individuals under the age of 18 and or vulnerable individuals, a DBS (Disclosure and Barring Service) check is essential.

(this box should expand as you type)
	
	



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

	10
	How many participants are expected?

	150 participants. They will be identified and recruited through social media, online automotive forums, and digital outreach campaigns targeting licensed UK drivers familiar with AI vehicle features.

	11
	Who will the participants be?

	
UK-based licensed drivers over 18 who have experience with AI-enabled vehicles.


	12
	How will you identify the participants?
	
Through targeted online groups and communities, screening for those with exposure to in-car AI features.





	
	Information for participants:
	
YES
	NO
	
N/A

	13
	Will you describe the main research procedures to participants in advance, so that they are informed about what to expect?
	☒
	☐
	☐

	14
	Will you tell participants that their participation is voluntary?
	☒
	☐
	☐

	15
	Will you obtain written consent for participation?
	☒
	☐
	☐

	16
	Will you explain to participants that refusal to participate in the research will not affect their treatment or education (if relevant)?
	☒
	☐
	☐

	17
	If the research is observational, will you ask participants for their consent to being observed?
	☐
	☐
	☒

	18
	Will you tell participants that they may withdraw from the research at any time and for any reason?
	☒
	☐
	☐

	19
	With questionnaires, will you give participants the option of omitting questions they do not want to answer?
	☒
	☐
	☐

	20
	Will you tell participants that their data will be treated with full confidentiality and that, if published, it will not be identifiable as theirs?
	☒
	☐
	☐

	21
	Will you debrief participants at the end of their participation, in a way appropriate to the type of research undertaken?
	☒
	☐
	☐

	22
	If NO to any of above questions, please give an explanation 

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

(this box should expand as you type)



	
	Information for participants:
	
YES
	NO
	
N/A

	24
	Will participants be paid?
	☐
	☒
	☐

	25
	Is specialist electrical or other equipment to be used with participants?
	☐
	☒
	☐

	26
	Are there any financial or other interests to the investigator or University arising from this study?
	☐
	☒
	☐

	27
	Will the research activity involve deliberately misleading participants in any way, or the partial or full concealment of the specific study aims?
	☐
	☒
	☐

	28
	If YES to any question, please provide full details 

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

(this box should expand as you type)



SECTION F: Anticipated Risks

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

	1
	Risks to participants
For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm, transfer of personal data, sensitive organisational information. If you have identified in section D that there are no participants then enter N/A and go skip to question 3.

	
	Risk to participants:
There is a minimal risk of discomfort or distress when participants are asked to reflect on their use of or attitudes toward AI features in vehicles. Some may also be concerned about sharing personal opinions or data related to their driving habits or technology use.
(this box should expand as you type)
	How you will mitigate the risk to participants:

Participants will be fully informed about the voluntary nature of the study and their right to withdraw at any time without penalty. The survey will not collect any personally identifiable information. Data will be anonymised, stored securely, and used strictly for academic purposes. A short debrief will be provided at the end of the survey to clarify the purpose and offer contact details for further questions or concerns.


(this box should expand as you type)

	2
	If research activity may include sensitive, embarrassing or upsetting topics (e.g. sexual activity, drug use) or issues likely to disclose information requiring further action (e.g. criminal activity), give details of the procedures to deal with these issues, including any support/advice (e.g. helpline numbers) to be offered to participants. Note that where applicable, consent procedures should make it clear that if something potentially or actually illegal is discovered in the course of a project, it may need to be disclosed to the proper authorities

	
	
This research does not involve topics such as sexual activity, drug use, or criminal behaviour. The questions are related to technology usage and driving preferences, which are unlikely to cause emotional distress or legal concerns. However, if a participant feels discomfort, they can skip any question or exit the survey at any time. Support resources are not anticipated to be necessary, but university student support services contact details can be provided upon request.


(this box should expand as you type)

	3
	Risks to the investigator
For example: personal health & safety, physical harm, emotional distress, risk of accusation of harm/impropriety, conflict of interest

	
	Risk to the investigator:
There is a minor risk of receiving inappropriate or hostile feedback through the survey platform or misunderstanding participant reactions when engaging online.


(this box should expand as you type)
	How you will mitigate the risk to the investigator:

The survey will be fully automated and hosted online to reduce direct contact. Communications will be handled professionally via institutional email, and responses will be reviewed in a controlled, secure environment. The investigator will also follow ethical guidelines and university protocols throughout the process.


(this box should expand as you type)

	4
	University/institutional risks
For example: adverse publicity, financial loss, data protection

	
	Risk to the University:

There is a slight risk of reputational harm if data is mishandled or participants perceive bias or lack of confidentiality. Additionally, failure to comply with data protection regulations could pose legal and financial risks.


(this box should expand as you type)
	How you will mitigate the risk to the University:

The research will comply with the UK Data Protection Act (2018) and GDPR guidelines. All data will be stored securely on university-approved systems. Ethical approval will be obtained before data collection begins, and all findings will be presented transparently and without bias. Anonymity and confidentiality will be preserved at all times to protect both participants and the institution.

(this box should expand as you type)

	5
	Environmental risks
For example: accidental spillage of pollutants, damage to local ecosystems

	
	Risk to the environment:



(this box should expand as you type)
	How you will mitigate the risk to environment:



(this box should expand as you type)



SECTION G: Feedback, Consent and Confidentiality

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

	1
	Feedback
What de-briefing and feedback will be provided to participants, how will this be done and when? 

	
	Participants will be provided with an email address they can contact if they wish to receive a summary of the research findings or ask any follow-up questions. The findings will be made available after data analysis is completed. This ensures participants have the option to access results if they are interested, without requiring ongoing direct communication.

	2
	Informed consent
Describe the arrangements to inform potential participants, before providing consent, of what is involved in participating. Describe the arrangements for participants to provide full consent before data collection begins. If gaining consent in this way is inappropriate, explain how consent will be obtained and recorded in accordance with prevailing data protection legislation.

	
	Before beginning the questionnaire, participants will be shown a screen clearly outlining the study’s purpose, what their participation involves, and their rights, including the right to withdraw at any time. This screen will serve as a digital consent form. By clicking “Next,” participants indicate their informed consent to take part in the study. This method ensures compliance with data protection laws and respects participant autonomy.


	3
	Confidentiality / Anonymity
Set out how anonymity of participants and confidentiality will be ensured in any outputs. If anonymity is not being offered, explain why this is the case. 

	
	All data collected will be fully anonymized. No names or identifying information will be requested unless absolutely necessary, and such information will not appear in any reports or publications. Participants and organizations will only be mentioned with explicit, written consent. Data will be stored securely, and all outputs will maintain strict confidentiality to protect participant identity.



SECTION H: Data Protection and Storage

	
	Does the research activity involve personal data (as defined by the General Data Protection Regulation 2016 “GDPR” and the Data Protection Act 2018 “DPA”)?
	YES
	NO

	1
	“Personal data” means any information relating to an identified or identifiable natural person (‘data subject’). An identifiable natural person is one who can be identified, directly or indirectly, in particular by reference to an identifier such as a name, an identification number, location data, an online identifier or to one or more factors specific to the physical, physiological, genetic, mental, economic, cultural or social identity of that natural person. Any video or audio recordings of participants is considered to be personal data.
	x
	

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

	2
	The research will collect personal data, including [e.g., audio/video recordings, names, email addresses], to analyze participant responses and facilitate necessary communication. This data is essential for achieving the study’s objectives and will be processed in line with GDPR and the DPA 2018. All data will be securely stored, anonymized where possible, and only accessible to the research team.

	
	Does it involve special category data (as defined by the GDPR)?
	YES
	NO

	3
	“Special category data” means sensitive personal data consisting of information as to the data subjects’ –
(a) racial or ethnic origin,
(b) political opinions,
(c ) religious beliefs or other beliefs of a similar nature,
(d) membership of a trade union (within the meaning of the Trade Union and Labour Relations (Consolidation) Act 1992),
(e) physical or mental health or condition,
(f) sexual life,
(g) genetics,
(h) biometric data (as used for ID purposes),
	
☐
	
x

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

	4
	What counts as ‘sensitive’ will differ between cultures. Any information on behaviour that is not in accordance with cultural norms would count as sensitive personal data.



(this box should expand as you type)



	
	
Will data from the research activity (collected data, drafts of the thesis, or materials for publication) be stored in any of the following ways?
	YES
	NO

	5
	Manual files (i.e. in paper form)?
	☐
	☒

	6
	University computers?
	☐
	☒

	7
	Private company computers?
	☐
	☒

	8
	Home or other personal computers?
	☒
	☐

	9
	Laptop computers/ CDs/ Portable disk-drives/ memory sticks?
	☐
	☒

	10
	“Cloud” storage or websites?
	☐
	☒

	11
	Other – specify:

	☐
	☒

	12
	For all stored data, explain the measures in place to ensure the security of the data collected, data confidentiality, including details of backup procedures, password protection, encryption, anonymisation and pseudonymisation:

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

All data will be kept in password protected cloud storage on the University Office 365 system which
will not be shared. Audio/visual data will be transcribed and would be shown to participants to
check accuracy of reporting. Any USB sticks used to store or transfer data will be password protected. All participants will be given a unique identifier to ensure confidentiality and this list will be kept securely in the password protected folder. 


(this box should expand as you type)



	
	Data Protection

	
	Will the research activity involve any of the following activities:
	YES
	NO

	13
	Electronic transfer of data in any form?
	☒
	☐

	14
	Sharing of data with others at the University outside of the immediate research team?
	☐
	☒

	15
	Sharing of data with other organisations?
	☐
	☒

	16
	Export of data outside the UK or importing of data from outside the UK?
	☐
	☒

	17
	Use of personal addresses, postcodes, faxes, emails or telephone numbers?
	☐
	☒

	18
	Publication of data that might allow identification of individuals?
	☐
	☒

	19
	If YES to any question, please provide full details, explaining how this will be conducted in accordance with the GDPR and Data Protection Act (2018) (and/or any international equivalent):

	
	This includes data such as drafts of your thesis as well as experimental or survey data. An example of suitable text is given below.
Personal data will be collected and processed in strict accordance with the GDPR and the Data Protection Act 2018. Participants will be fully informed about the nature of the data collected, its purpose, and their rights, including the right to withdraw. Data will be securely stored on encrypted, password-protected systems and anonymized or pseudonymized where appropriate. Only authorized members of the research team will have access. Consent will be obtained prior to data collection, and all data will be retained only for as long as necessary for the research purpose.

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

(this box should expand as you type)

	20
	List all who will have access to the data generated by the research activity:

	
	YESHWANTH REDDY ADAMA

(this box should expand as you type)

	21
	List who will have control of, and act as custodian(s) for, data generated by the research activity:

	
	YESHWANTH REDDY ADAMA

(this box should expand as you type)

	22
	Give details of data storage arrangements, including security measures in place to protect the data, where data will be stored, how long for, and in what form. 

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

(this box should expand as you type)

	22
	Confirm that you have read the UWTSD guidance on data management (see https://www.uwtsd.ac.uk/library/research-data-management/)
	☒

	23
	Confirm that you are aware that you need to keep all data until after your research has completed or the end of your funding
	☒







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

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

	1
	Signature of applicant:
	Yeshwanth Reddy Adama
	Date:
26/09/2025

	2
	Director of Studies/Supervisor:
	Daniela Hellyer
	Date: 26/09/2025

	3
	Signature:
	

	





FOR INTERNAL USE ONLY:
	
	Ethical approval given 

	1
	Signature of assessor:
	
	Date:


	2
	Name:
	

	3
	Role:
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