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This dissertation examines how perceived relevance, transparency and control, and privacy concern predict consumer engagement with Amazon's AI-driven personalisation among adult UK Amazon users. A positivist, deductive and cross-sectional quantitative survey design was used. Eighty questionnaires were submitted and, after eligibility screening and removal of two complete straight-line responses, 72 cases formed the final analytical sample. Multi-item five-point Likert scales measured perceived relevance, transparency and control, privacy concern, and cognitive, affective and behavioural engagement. The four primary scales demonstrated acceptable to strong internal consistency, with Cronbach's alpha values ranging from 0.720 to 0.899. Pearson correlations showed positive associations between all three predictors and consumer engagement. The multiple regression model was statistically significant, F(3, 68) = 49.697, p < .001, and explained 68.7 per cent of the observed variance in engagement. Transparency and control remained a significant positive predictor, while perceived relevance did not make a significant unique contribution after the other predictors were controlled. Privacy concern was also a significant positive predictor, contrary to the hypothesised negative relationship. The findings therefore suggest that governance perceptions and privacy concern were particularly important in the joint model, while perceived relevance was associated with engagement only at the bivariate level. The study contributes platform-specific evidence from UK Amazon users and supports practical emphasis on understandable explanations, meaningful user control and privacy-sensitive personalisation. Its conclusions remain bounded by the modest non-probability sample, its concentration among younger respondents, the cross-sectional self-report design and the identified regression diagnostics.
Keywords: AI-driven personalisation; consumer engagement; Amazon UK; transparency and control; privacy concern.


Table of Contents
DECLARATION	2
ACKNOWLEDGEMENTS	4
ABSTRACT	5
LIST OF TABLES	10
LIST OF FIGURES	11
LIST OF ABBREVIATIONS	13
GLOSSARY	14
CHAPTER 1: INTRODUCTION	16
1.1 Research Background	16
1.2 UK E-commerce and Amazon Context	17
1.3 Research Problem Statement	18
1.4 Research Rationale and Significance	19
1.5 Research Aim	20
1.6 Research Objectives	20
1.7 Research Questions	20
1.8 Scope of the Study	21
1.9 Key Definitions	21
1.10 Theoretical Framework Overview	21
1.11 Dissertation Structure	22
CHAPTER 2: LITERATURE REVIEW	23
2.1 Introduction	23
2.2 AI-Driven Personalisation in E-Commerce	23
2.3 Perceived Relevance and Consumer Engagement	25
2.4 Transparency, Explainability and User Control	27
2.5 Privacy Concern and the Personalisation-Privacy Paradox	28
2.6 Consumer Engagement as a Multidimensional Outcome	30
2.7 Theoretical Frameworks	31
2.7.1 Stimulus-Organism-Response Model	31
2.7.2 Privacy Calculus and the Personalisation-Privacy Paradox	32
2.7.3 Consumer Brand Engagement Theory	33
2.7.4 Integrated Theoretical Synthesis	34
2.8 Research Gaps and Justification for Primary Research	35
2.9 Conceptual Framework and Hypotheses	36
2.9.1 Perceived Relevance and Consumer Engagement	37
2.9.2 Transparency and Control and Consumer Engagement	38
2.9.3 Privacy Concern and Consumer Engagement	38
2.9.4 Joint Predictive Effect	38
CHAPTER 3: RESEARCH METHODOLOGY	40
3.1 Introduction	40
3.2 Research Philosophy	40
3.3 Research Approach	41
3.4 Research Strategy	42
3.5 Methodological Choice	42
3.6 Research Design	42
3.7 Population and Sampling	43
3.7.1 Target Population	43
3.7.2 Sampling Technique	43
3.7.3 Sample Size	44
3.8 Data Collection Method	44
3.8.1 Primary Data Collection	44
3.8.2 Questionnaire Design	44
3.8.3 Pilot Testing	45
3.9 Measurement of Variables	45
3.10 Data Analysis Techniques	46
3.11 Validity and Reliability	47
3.11.1 Reliability	47
3.11.2 Validity	47
3.12 Ethical Considerations	48
3.13 Methodological Limitations	48
CHAPTER 4: DATA ANALYSIS	49
4.1 Introduction	49
4.2 Data Preparation and Screening	49
4.3 Demographic and Amazon-Use Profile	50
4.4 Analytical Approach	53
4.5 Descriptive Statistics	53
4.6 Reliability Analysis	54
4.7 Correlation Analysis	55
4.8 Multiple Regression Analysis	57
4.9 Hypothesis Testing	61
4.10 Analytical Limitations	61
CHAPTER 5: DISCUSSION	63
5.1 Introduction	63
5.2 Overall Perceptions of AI-Driven Personalisation	63
5.3 Perceived Relevance and Consumer Engagement	64
5.4 Transparency and Control and Consumer Engagement	65
5.5 Privacy Concern and Consumer Engagement	65
5.6 Joint Predictive Effect and Theoretical Implications	67
5.7 Contribution to the Research Gap	68
5.8 Limitations of the Discussion	68
CHAPTER 6: CONCLUSION	70
6.1 Introduction	70
6.2 Summary of Key Findings and Answers to the Research Questions	70
6.3 Contribution to Knowledge and Theory	71
6.4 Practical Recommendations	72
6.5 Limitations of the Study	72
6.6 Recommendations for Future Research	73
6.7 Final Conclusion	74
REFERENCE LIST	75
APPENDICES	85
Appendix A: Ethics Approval Form	85
Appendix B: Participants Consent Form	85
Appendix C: Survey Questionnaire	86
Appendix D: Survey Dataset	94

[bookmark: _Toc241022340]

LIST OF TABLES
Table 3.1: Operationalisation of variables.	44
Table 4.1: Data Screening and Final Analytical Sample	49
Table 4.2: Selected Respondent Demographic and Amazon-Use Characteristics	50
Table 4.3: Descriptive Statistics for the Main Study Constructs	53
Table 4.4: Reliability Analysis of Study Constructs	54
Table 4.5: Pearson Correlation Matrix	55
Table 4.6: Regression Results - Variables Entered/Removed	56
Table 4.7: Regression Model Summary	56
Table 4.8: ANOVA Results for the Regression Model	56
Table 4.9: Multiple Regression Coefficients Predicting Consumer Engagement	58
Table 4.10: Regression Diagnostics and Robustness Checks	59
Table 4.11: Summary of Hypothesis Testing	61


[bookmark: fm_lof][bookmark: _Toc240797150][bookmark: _Toc241022341]LIST OF FIGURES
Figure 2.1: Stimulus-Organism-Response Model	31
Figure 2.2: Privacy Calculus and the Personalisation-Privacy Paradox	32
Figure 2.3: Consumer Brand Engagement Model	33
Figure 2.4: Conceptual Framework of the Study	36
Figure 3.1: The Research Onion	39
Figure 4.1: Age Distribution of Respondents	51
Figure 4.2: Amazon UK Visit Frequency	51
Figure 4.3: Mean Construct Scores	53
Figure 4.4: Standardised Regression Beta Coefficients	58
Figure 4.5: Residuals versus Predicted Consumer Engagement	60


[bookmark: fm_loa]LIST OF APPENDICES
Appendix A: Ethics Approval Form	84
Appendix B: Participants Consent Form	85
Appendix C: Survey Questionnaire	86


[bookmark: fm_abbr][bookmark: _Toc240797151][bookmark: _Toc241022342]LIST OF ABBREVIATIONS
	[bookmark: fm_gloss]Abbreviation
	Full Form

	AI
	Artificial Intelligence

	ANOVA
	Analysis of Variance

	CBE
	Consumer Brand Engagement

	CE
	Consumer Engagement

	CFA
	Confirmatory Factor Analysis

	CI
	Confidence Interval

	GDPR
	General Data Protection Regulation

	HC3
	Heteroskedasticity-Consistent Covariance Estimator, Type 3

	ICO
	Information Commissioner's Office

	OLS
	Ordinary Least Squares

	PC
	Privacy Concern

	PR
	Perceived Relevance

	RESET
	Regression Equation Specification Error Test

	R²
	Coefficient of Determination

	SD
	Standard Deviation

	SE
	Standard Error

	SOR
	Stimulus-Organism-Response

	TC
	Transparency and Control

	UK
	United Kingdom

	UK GDPR
	United Kingdom General Data Protection Regulation

	VIF
	Variance Inflation Factor

	β
	Standardised Regression Coefficient

	α
	Cronbach's Alpha

	F
	F-statistic

	M
	Mean

	N
	Sample Size

	p
	Probability Value

	r
	Pearson Correlation Coefficient





[bookmark: _Toc240797152][bookmark: _Toc241022343]GLOSSARY
	Term
	Definition

	AI-Driven Personalisation
	The use of artificial intelligence and algorithmic systems to tailor recommendations, advertisements, search results and shopping assistance using consumer data.

	Consumer Engagement
	The cognitive, emotional and behavioural interaction that consumers have with Amazon’s personalised content and AI-assisted shopping features.

	Perceived Relevance
	The extent to which consumers believe personalised recommendations match their interests, preferences or current shopping needs.

	Privacy Concern
	Consumer concern regarding the collection, monitoring, storage, security, interpretation or secondary use of personal information.

	Transparency and Control
	The degree to which consumers understand how personalisation operates and believe they can influence or manage the use of their personal information.

	Personalisation-Privacy Paradox
	The tension that arises when consumers appreciate the convenience of personalised services while simultaneously expressing concern about the data collection required to provide them.

	Consumer Brand Engagement
	A multidimensional form of engagement involving cognitive processing, emotional attachment and behavioural activation towards a brand or platform.

	Cognitive Engagement
	The degree of attention, concentration and mental involvement consumers demonstrate when interacting with personalised Amazon content.

	Affective Engagement
	The positive or negative emotional reactions consumers experience when interacting with personalised recommendations or AI-supported services.

	Behavioural Engagement
	Observable or self-reported actions such as clicking, browsing, exploring, saving or revisiting personalised content.

	Recommender System
	An algorithmic system that predicts and suggests products or content based on users’ preferences, behaviour and previous interactions.

	Privacy Calculus
	A theoretical perspective suggesting that consumers weigh the perceived benefits of sharing personal information against potential privacy risks before engaging with digital services.

	Stimulus-Organism-Response Model
	A theoretical framework proposing that environmental stimuli influence internal cognitive or emotional evaluations, which subsequently shape behavioural responses.

	Algorithmic Transparency
	The extent to which users can understand how an algorithm uses information and produces recommendations, decisions or personalised outputs.

	User Control
	The perceived ability of consumers to manage preferences, data settings, personalisation options or other aspects of their interaction with an AI-driven platform.
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[bookmark: _Toc237186191][bookmark: sec_002][bookmark: _Toc240797154][bookmark: _Toc241022345]1.1 Research Background
The digital marketing landscape has evolved from general segmentation to ongoing, data-informed adjustments in content, suggestions, and customer interactions, all driven by artificial intelligence. This change is significant in e-commerce because it introduces a high variety of product options and consumers have only a limited number of seconds to pay attention to products, and may not know the quality of the information. While AI-based personalisation can decrease search effort and increase decision efficiency, it will not be as beneficial if it is perceived as not being useful, but merely technically correct (Davenport et al., 2020; Huang and Rust, 2021; Ameen et al., 2021). Personalisation research, in turn, is currently going beyond its algorithmic aspects and is increasingly being seen as an experience and governance problem (Puntoni et al., 2021; Vlačić et al., 2021; Suraña-Sánchez and Aramendia-Muneta, 2024).
The business potential of personalisation is obvious, but the academic research is limited. Relevant recommendations can boost attention, exploration, and purchase consideration by minimising the cognitive effort and aligning content with immediate needs (Tam and Ho, 2006; Bleier and Eisenbeiss, 2015; Riegger et al., 2021). But personalization can also convey a message of surveillance, data exploitation or a loss of control. These appraisals can result in discomfort, reactance and disengagement even if the recommendations are correct (Aguirre et al., 2015; Chen, Sun and Liu, 2022; Alhelaly, Dhillon and Oliveira, 2025). Value and concern can then be created by the same AI feature, making consumer perception more important than just the level of sophistication of the system.
Consumer engagement is a suitable outcome since it reflects more than just an immediate sale. Engagement encompasses attention, emotion, and activation of behaviour, over repeated digital interactions (Brodie et al., 2011; Hollebeek, Glynn and Brodie, 2014). This perspective is appropriate for AI-powered retail, where customers can see, consider, click, save or revisit the recommendations without making an instant purchase. Thus, the extent to which consumers perceive the relevance of recommendations, the transparency and control over the use of these recommendations and the implications of privacy throughout the customer journey can influence the extent of platform engagement (Lemon and Verhoef, 2016; Maslowska, Malthouse and Hollebeek, 2022; Perez-Vega et al., 2021).
The academic challenge is to understand why consumers react to similar personalisation technologies in different ways. Previous research has focused on functional benefits, privacy concerns or explainability, though functional benefit and privacy concerns, or functional benefit and explainability, can co-occur in the same evaluation process (Cloarec, Meyer-Waarden and Munzel, 2024; Chen, Tian and Jiang, 2024; Kathuria, Maity and Kwak, 2026). This dissertation suggests that the personalisation exposure is not the sole determinant of engagement with Amazon's AI-driven personalisation, but rather the interplay between perceived relevance, perceived transparency and control, and privacy concern.
[bookmark: sec_003][bookmark: _Toc240797155][bookmark: _Toc241022346]1.2 UK E-commerce and Amazon Context
The United Kingdom provides an important backdrop to exploring AI-powered personalisation as a part of national consumer activity, as the internet is an established part of consumers' shopping habits (Office for National Statistics, 2026a; Office for National Statistics, 2026b). Repeated exposure to algorithmic recommendations, targeted advertising and automated shopping support when using a high platform. Meanwhile, more critical users who seek convenience but who are aware of the implications of using data and profiling, and concerned with platform power, may be generated in mature digital markets (Ofcom, 2025; Kolotylo-Kulkarni, Xia and Dhillon, 2021). This context is thus characterised by high exposure to personalisation and a regulatory and cultural context that highlights transparency, legality of processing and individual rights.
Amazon is a particularly interesting organisation as personalisation is integrated throughout the retail environment. Recommender systems in the past relied on the item-to-item collaborative filtering approach to match products with browsing and purchase patterns (Linden, Smith and York, 2003; Smith and Linden, 2017). More recent technologies, such as AI Shopping Guides or Rufus, go beyond static recommendations to conversational product discovery and assisted comparison for Amazon (Amazon, 2024a; 2025). These changes make it more convenient, but also more visible and possibly intrusive, the influence of algorithms. As Amazon has grown and has continued to invest in AI, seemingly insignificant perception issues can impact engagement in a multitude of customer interactions (Amazon.com, Inc., 2026).
This organisational context also creates a governance tension. There are principles of data protection in the UK that require personal data to be processed in a lawful, fair and transparent manner, and that individuals have rights with regard to profiling and automated decision-making (Great Britain, 2025; Information Commissioner's Office, 2026). Formal compliance does not ensure that users are aware of recommendations or have an impact on personalisation settings. According to explainability research, there is a need for additional information to be comprehensible, relevant and actionable to enhance warranted trust in the AI system (Shin, 2021; de Brito Duarte et al., 2023; Scharowski et al., 2023). As a result, the technical and legal measures that Amazon has in place may not be of much engagement value if users are not aware of them or if they do not think they are effective.
[bookmark: sec_004][bookmark: _Toc240797156][bookmark: _Toc241022347]1.3 Research Problem Statement
The research problem is not that Amazon lacks personalisation or that AI recommendations are inherently ineffective. The problem is that engagement outcomes depend on consumer appraisals that may conflict. Data collection for relevant recommendations can lead to higher levels of perceived privacy concerns and intrusiveness, while at the same time stimulating interaction and lower search costs (Awad and Krishnan, 2006; Aguirre et al., 2015; Gouthier et al., 2022). This generates a personalisation-privacy paradox as the consumers appreciate personalised content but are not fond of being profiled to create it. Both under and over-valuation of the commercial importance of personalisation accuracy are risky if the latter is ignored.
The second issue relates to transparency and control. Research shows that disclosure and privacy controls can foster trust, diminish uncertainty and enhance the reactions to personalised communication (Tucker, 2014; Chen, Sun and Liu, 2022). However, there is no direct correlation between control and settings. It makes the users aware that there are controls and that their impact is known; that they believe that altering them will impact the system. Likewise, transparency can be rendered ineffective by giving general explanations, explanations that are technically complicated or explanations that have been given after the recommendation has already influenced judgement ( Xu et al., 2024; Chen, Tian and Jiang, 2024). Considering them as platform features, however, does not take into account their perceptual and behavioural aspects.
A third issue is that of evidence base fragmentation. The efficiency of recommendations, value of personalisation, privacy issues and explainable AI and engagement on various platforms, industries and national contexts have been studied (Puntoni et al., 2021; Suraña-Sánchez and Aramendia-Muneta, 2024; Turki, 2025). But often these streams employ other outcomes like purchase intention, trust, acceptance or loyalty. It is challenging to identify if there are any unique impacts of relevance, transparency and control, and privacy concern when combined with multidimensional consumer engagement. Amazon-based research also provides better understanding of the architecture of recommendations than do users' intuitions about the current AI capabilities for shopping (Linden, Smith and York, 2003; Smith and Linden, 2017).
Gap is thus conceptual, empirical and contextual. The positive utility appraisals and the negative privacy appraisals are often studied separately from a conceptual point of view. Limited evidence tests their simultaneous predictive contribution to cognitive, emotional and behavioural engagement, empirically. In a social media context, results of social media, smart technology, or overall ecommerce cannot be generalized to represent UK adult Amazon users, as their familiarity with Amazon, frequency of use and Prime membership could impact their responses. Investigation is required as an AI system can be operationally sophisticated but commercially underwhelming when relevance is low, governance is not transparent or there is a sense of intrusion when personalisation is used (McKee, Dahl and Peltier, 2024; Jayapal, 2025; Moodley and Sookhdeo, 2025).
[bookmark: _Toc237186192][bookmark: sec_005][bookmark: _Toc240797157][bookmark: _Toc241022348]1.4 Research Rationale and Significance
The study is justified academically as it combines three competing appraisals in a single predictive model. The Stimulus-Organism-Response perspective suggests that Amazon's personalised characteristics are stimuli that elicit responses of engagement from the users, whereas relevance, transparency and control, and privacy concern are internal evaluations that affect responses of engagement (Mehrabian and Russell, 1974; Eroglu, Machleit and Davis, 2001). This explanation is reinforced by the privacy calculus and personalisation-privacy paradox, which both consider the simultaneous evaluation of benefits and risks (Dinev and Hart, 2006; Cloarec, Meyer-Waarden and Munzel, 2024). Testing these variables in combination can help shed light on the question of whether there are positive value perceptions that outweigh privacy related inhibition.
The study also has practical significance. Online retailers like Amazon should not only be aware of whether algorithms are generating clicks; they must be aware of consumer perceptions of AI personalisation. If relevance is the strongest predictor, investment should prioritise recommendation quality and contextual fit. Where transparency and control are independent, explanations that are more transparent and usable preference settings could enhance engagement. Retailers should not only look at convenience when addressing privacy concern, but also focus on data minimisation, communication, perceived intrusiveness if privacy concern is still high when other factors are controlled. The results can help to inform personalisation in UK ecommerce that is more responsible and effective.
[bookmark: _Toc237186193][bookmark: sec_006][bookmark: _Toc240797158][bookmark: _Toc241022349]1.5 Research Aim
The aim of this study is to examine how perceived relevance, perceived transparency and control, and privacy concern predict consumer engagement with Amazon's AI-driven personalisation among adult UK Amazon users.
[bookmark: _Toc237186194][bookmark: sec_007][bookmark: _Toc240797159][bookmark: _Toc241022350]1.6 Research Objectives
1. To examine UK Amazon users' perceptions of AI-driven personalisation in Amazon's digital marketing activities.
2. To assess the relationship between perceived AI-driven personalisation relevance and consumer engagement among UK Amazon users.
3. To evaluate the relationship between perceived transparency and control and consumer engagement among UK Amazon users.
4. To investigate the relationship between privacy concern and consumer engagement among UK Amazon users.
[bookmark: _Toc237186195][bookmark: sec_008][bookmark: _Toc240797160][bookmark: _Toc241022351]1.7 Research Questions
1. How do UK Amazon users perceive AI-driven personalisation in Amazon's digital marketing activities?
2. What is the relationship between perceived AI-driven personalisation relevance and consumer engagement among UK Amazon users?
3. What is the relationship between perceived transparency and control and consumer engagement among UK Amazon users?
4. What is the relationship between privacy concern and consumer engagement among UK Amazon users?
[bookmark: _Toc237186196][bookmark: sec_009][bookmark: _Toc240797161][bookmark: _Toc241022352]1.8 Scope of the Study
The study focuses on adults aged 18 years or above who live in the United Kingdom, purchased from Amazon UK during the previous six months and encountered personalised content or AI-assisted shopping features. It examines perceived relevance, perceived transparency and control, privacy concern and consumer engagement through a quantitative cross-sectional survey. The study does not evaluate Amazon's proprietary algorithms, technical accuracy or actual account-level behavioural data. Its conclusions concern self-reported perceptions and associations rather than causal effects or the entire UK population.
[bookmark: _Toc237186197][bookmark: sec_010][bookmark: _Toc240797162][bookmark: _Toc241022353]1.9 Key Definitions
AI-driven personalisation refers to the use of algorithms and artificial intelligence to tailor recommendations, advertisements, search results and shopping assistance using consumer data. Perceived relevance is the extent to which personalised outputs match users' interests and shopping needs. Perceived transparency and control relate to the users' understanding of personalisation practices and how they can control it. Privacy concern refers to anxiety about data collection, monitoring, security and secondary use. Consumer engagement denotes cognitive attention, emotional response and behavioural interaction with Amazon's personalised content (Hollebeek, Glynn and Brodie, 2014).
[bookmark: sec_011][bookmark: _Toc240797163][bookmark: _Toc241022354]1.10 Theoretical Framework Overview
This study is guided by three complementary theoretical perspectives. The Stimulus-Organism-Response model provides the main explanatory structure by proposing that features of the digital environment shape internal consumer appraisals, which then influence behavioural responses (Mehrabian and Russell, 1974; Eroglu et al., 2001). In this study, Amazon's personalised recommendations and AI-assisted features form the stimulus environment, while perceived relevance, transparency and control, and privacy concern represent key appraisals linked with consumer engagement. Privacy calculus adds a benefit-risk perspective by recognising that consumers may value personalised convenience while remaining concerned about data collection and profiling (Dinev and Hart, 2006). Consumer Brand Engagement theory defines the response through cognitive processing, affection and activation (Hollebeek et al., 2014). Chapter 2 develops these perspectives in detail and integrates them into the conceptual framework used to test the four hypotheses.
[bookmark: _Toc237186198][bookmark: sec_012][bookmark: _Toc240797164][bookmark: _Toc241022355]1.11 Dissertation Structure
Chapter 2 critically reviews theories and empirical evidence concerning AI personalisation, relevance, transparency, control, privacy and engagement. Chapter 3 explains and justifies the methodology using the research onion. Data screening, characteristics of the respondents and statistical findings are presented in chapter 4. The results are discussed and explained in the light of theory and the previous research in Chapter 5. Chapter 6 provides answers to the research questions, contributions, recommendations and limitations for further research.
[bookmark: _Toc237186199]
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[bookmark: _Toc237186201][bookmark: sec_015][bookmark: _Toc240797166][bookmark: _Toc241022357]2.1 Introduction
Artificial Intelligence has revolutionized digital personalization from segmentation based on rules to prediction, recommendation and conversational assistance. This is important because now, personalisation influences the attention, assessment and action of the consumer throughout the online customer journey. However, sophistication doesn't always lead to positive reactions. Consumers consider the relevance of the recommendations, understandability and control of data use, and profiling's impact on privacy. Such assessments can create either positive or negative engagement, creating a subjective consumer appraisal of the commercial value of AI, alongside algorithmic accuracy (Davenport et al., 2020; Puntoni et al., 2021; Huang and Rust, 2021; Vlačić et al., 2021).
This chapter presents a critical review of literature in relation to the four research objectives. It first reviews the different understandings of AI personalisation and then looks at the perceived relevance, transparency and control, privacy concern and multidimensional consumer engagement. This discussion is structured in the form of debates and not around individual authors. It makes comparisons of findings, theoretical assumptions, research contexts and methodological designs, differentiating between evidence that is strong and evidence that is not transferable. The chapter then builds an integrated theoretical framework, defines the research gap and states the conceptual framework and hypotheses that will help guide the primary data collection process with adult UK Amazon users.
[bookmark: _Toc237186202][bookmark: sec_016][bookmark: _Toc240797167][bookmark: _Toc241022358]2.2 AI-Driven Personalisation in E-Commerce
AI personalisation is a term used to describe the use of data-heavy computational systems to customise products, communications and interfaces to each user. Early work in recommender systems focused on collaborative filtering of items, where similarity of items led to scalable recommendations without the need to have a comprehensive model of each user (Linden, Smith and York, 2003). Subsequent reports describe Amazon's recommender systems as an emerging organisational competence that is integrated throughout the discovery, search and merchandising processes (Smith and Linden, 2017). These studies elucidate technical efficiency, but are engineering oriented and consider usefulness as a consequence of system behaviour. It doesn't create a sense of relevance, intrusiveness or transparency for the consumer.
Marketing scholarship broadens the analysis by distinguishing functional, cognitive and emotional roles for AI. Both Davenport et al. (2020) and Huang and Rust (2021) concur that AI can cut the price of searching, enhance targeting and make customers more responsive. But the mechanical, thinking and feeling categories proposed by Huang and Rust suggest increasingly greater relational capacities, while Puntoni et al. (2021) warn of vulnerability and loss of agency and identity concerns for consumers when using AI. Similarly, Ameen et al. (2021) demonstrate that there are functional and emotional aspects in AI-enhanced experiences. The combined evidence therefore rejects a purely efficiency-based account: the same system may improve convenience while weakening perceived autonomy.
Recent retail developments reflect this shift from recommendation to interactive support. Rufus and AI Shopping Guides enable consumers to ask questions, compare categories and get synthesised shopping support, which makes personalisation more conversational and visible, rather than the traditional recommendation lists (Amazon, 2024a; Amazon, 2024b; Amazon, 2025). These organisational sources set out the existence and the aims of the tools but do not show consumer results, as they are promotional and don't share negative responses. While the annual report from Amazon also shows the importance of AI, the data from the various firms does not provide insight into specific personalised interactions with the user (Amazon.com, Inc., 2026). Primary consumer evidence is the only evidence that needs to be used to look at perceptions and not corporate intentions.
The link between personalisation and better decisions is generally found in empirical research and is dependent. Tam and Ho (2006) have discovered that the personalised web content can enhance information processing and decision quality. However, Bleier and Eisenbeiss (2015) have shown that the effectiveness of ads is dependent on the personalisation, time and location of the ad. The significance of this qualification is that it takes the personalisation explanation one step further from the personalisation to the contextual fit. In addition to barriers like privacy and effort and loss of control, perceived benefits of technology-enabled retail research include finding products easier to locate, better shopping experience, and more accurate information (Riegger et al., 2021). Therefore, it's too general to ask if AI personalisation ‘works'. The more defensible question is about which consumer evaluations account for engagement in a defined platform context.
The context of the UK reinforces the requirement for platform specific investigation. Internet retail is still important and a high proportion of consumers take part online, which means that they can be exposed to personalisation through the internet (Office for National Statistics, 2026a; Office for National Statistics, 2026c; Ofcom, 2025). Aggregate statistics are about prevalence only and do not provide any indication of the psychological response, nor do they indicate whether AI outputs are useful, fair or intrusive for Amazon users. The literature thus confirms the achievement of Objective 1, and indicates that there is a lack of clarity about exposure and favourable perception. This separation brings about perceived relevance.
[bookmark: _Toc237186203][bookmark: sec_017][bookmark: _Toc240797168][bookmark: _Toc241022359]2.3 Perceived Relevance and Consumer Engagement
Perceived relevance is the consumer's judgement that personalised content corresponds with current interests, preferences or shopping needs. It is conceptually more robust than the technical accuracy, in that a recommendation can be statistically sound and yet be technically inappropriate. There are links between personalisation and better information processing by Tam and Ho (2006), and between content fit and timing and placement by Bleier and Eisenbeiss (2015). Both show positive relevance effects, but the latter study shows that relevance has to be related to context. This is significant for Amazon, which has recommendations on their home pages, search results, emails, ads, and conversational tools instead of being in one consistent place.
A utilitarian explanation is that recommendations that are relevant decrease the search effort and increase the efficiency of decision making. Recommender systems can help to organise large assortments and help focus attention on otherwise overlooked options (Linden, Smith and York, 2003; Nguyen et al., 2024; He, Du and Pu, 2025). However, system-centred studies are made more frequently than perceived value. They show the ability to individualize, not if the customers like it. Fehrenbach and Herrando (2021) demonstrate that the data exchange is based on the perceived value, meaning that the value of the data has to be greater than the cost of the data.
Qualified accounts are given by experiential studies. Ameen et al. (2021) link AI service quality with functional and emotional experience, and Perez-Vega et al. (2021) believe that AI can change the nature of online engagement. Additionally, Maslowska, Malthouse and Hollebeek (2022) suggest that recommender systems could help to achieve long-term engagement on the platforms. But, conceptual framing and cross-sectional perceptions do not make for lasting engagement. Consumers can click on something that is helpful without growing love and longing. However, in the literature, immediate response and purchase intention and general engagement are all too often confused, although these results are explained by different theories.
Relevance can also yield decreasing or even negative returns. The level of behavioural monitoring can be uncovered with highly accurate recommendations, making data collection salient. Both Song, Lim and Oh (2021) and McKee, Dahl and Peltier (2024) demonstrate that privacy conscious consumers react differently to e-commerce personalisation and that digitally experienced consumers are simultaneously attracted and worried about e-commerce personalisation. Another qualification is algorithm aversion, which refers to consumers' resistance to algorithms that varies by task and their perceived appropriateness of automated judgement (Castelo, Bos and Lehmann, 2019). So, the more apparent accurate the measurement is, the more useful it is, but at the same time the more aware of surveillance the user is.
The recent studies are generally positive about the relationship between AI personalisation and loyalty, purchase decision or engagement and the contexts of the studies prevent generalisation. The authors of Moodley and Sookhdeo (2025) and Jayapal (2025) discuss retail purchase decisions in South Africa and loyalty and privacy moderation in online shopping, respectively. Wasilewski, Chawla and Pralat (2025) are on the topic of AI-generated content tools, which might not work as Amazon's recommendations do. While these studies provide further evidence, there are geographical differences, differences in outcome and the advent of new technologies, making it impossible to draw a direct inference about adult Amazon users in the UK. The evidence suggests a positive relationship between relevance and engagement, although the strength of this relationship and its specificity to certain platforms are empirical questions that will be explored in Objective 2.
[bookmark: _Toc237186204][bookmark: sec_018][bookmark: _Toc240797169][bookmark: _Toc241022360]2.4 Transparency, Explainability and User Control
Transparency relates to consumers' understanding of data use and recommendation logic, while control relates to consumers' perceived control over personalisation. These are constructs that are related but not the same. Transparency can raise awareness, but can be without agency, and controls can be there but not discoverable or comprehensible. Awad and Krishnan (2006) demonstrated that transparency in the information influences willingness to be profiled, and Tucker (2014) revealed that privacy controls can affect the responses to personalised advertising. Their results validate governance mechanisms, but both of them are pre-generative AI interfaces and might be an understatement of the complexity of today's data ecosystems.
Explainable AI research in general indicates that explanations can enhance perceived fairness, trust and acceptance. Explainability and causability are related to trust (Shin, 2021), while fairness, accountability and transparency have been examined as algorithmic affordances (Shin and Park, 2019). Scharowski et al. (2023) also find that trust and reliance are affected by human-centred explanations. However, explanation effects are not always positive. Post hoc explanations can influence consumer responses, but they can also reveal weak reasoning or unexpected data use, as Chen, Tian and Jiang (2024) demonstrate. Warranted trust is therefore different from indiscriminate trust (de Brito Duarte et al., 2023). Transparency should consequently be evaluated by whether it supports informed judgement, rather than simply whether it increases acceptance.
Control is a parallel tension. When consumers feel they have choices and are benefiting from the trade-offs, Chellappa and Sin (2005) and Xu et al. (2011) argue that privacy-related trade-offs are more acceptable. The behavioural evidence that controls can have an impact on advertising effectiveness is provided by Tucker (2014). Recent studies suggest that personal control is a factor influencing engagement and usage intention of AI products (Kathuria, Maity and Kwak, 2026). But, there can be a difference between perceived and substantive control. Settings can be disjointed, default settings can be pro-consumer data collection, and consumers might not have time or literacy to control settings. A positive survey answer can, therefore, be indicative of confidence, but not necessarily an influence on personalisation.
Normative expectations are set by regulation in the UK, but not confirmed by user understanding. The rules and protections for profiling aim to ensure that profiling is processed lawfully, fairly and understandably (Information Commissioner's Office, 2025; Information Commissioner's Office, 2026). The Data (Use and Access) Act 2025 also brings about a change in the governance landscape in the UK (Great Britain, 2025). Even if the information is legally available, it is still not a good indicator of transparency if it is lengthy notices and control is spread across settings.
There is also a debate in the literature about whether transparency and control should be considered as two separate predictors. Fairness and explainability research tends to focus on transparency, while privacy-calculus research focuses on control as a means of altering perceived risk and trust (Culnan and Armstrong, 1999; Dinev and Hart, 2006; Chen, Sun and Liu, 2022). When combined, the constructs can mask different effects, while separating them can create measurement instability in a modest sample if the items overlap strongly. In the present study, transparency and control are treated as a governance appraisal because the questionnaire measures both users' understanding of personalisation and their perceived ability to influence it. Reliability analysis is therefore used to assess whether the combined items form a coherent scale. Objective 3 examines this governance appraisal while retaining the positive directional expectation stated later in H2.
[bookmark: _Toc237186205][bookmark: sec_019][bookmark: _Toc240797170][bookmark: _Toc241022361]2.5 Privacy Concern and the Personalisation-Privacy Paradox
Privacy concern is an unease with the collection, interpretation, security and secondary use of personal information. It plays a pivotal role in AI personalisation due to its ability to predict consumer behaviour, which can be seen as a convenience, but also as a form of surveillance.It is important for AI personalisation because recommendations rely on behavioural traces that consumers may find useful as inputs to convenience, but not as evidence of surveillance. The personalisation-privacy paradox is the juxtaposition of good and bad. Awad and Krishnan (2006), Aguirre et al. (2015) and Ameen, Hosany and Paul (2022) all concur that while the benefits of personalisation are not the end of privacy concern. They do, however, have different emphases: transparency, building trust and interaction with smart technology respectively influence whether concern turns into resistance.
The disclosure theory of privacy calculus is a comparison of expected benefits and perceived risks (Dinev and Hart, 2006). This account is appealing because it fits in rational trade-offs, but may overestimate deliberation. Consumers do not always have all the facts about the data flows, its future applications or its security risks. Gouthier et al. (2022) demonstrate that disclosure decisions will be influenced by privacy concerns, information sensitivity and value of personalisation, while Moran (2024) separates the loss of privacy from the loss of choice. The results indicate that ‘cost' is multidimensional and that consumers might respond differently to the data collection and limited autonomy.
Trust can alleviate perceived uncertainty, and the use of trust is theoretically debated. Trust is frequently considered as an antecedent of acceptance and purchase (Pavlou, 2003; Kim, Ferrin and Rao, 2008; Gefen, Karahanna and Straub, 2003). Aguirre et al. (2015) demonstrate that covert information collection can be a negative phenomenon, but that this can be mitigated by building trust. On the other hand, trust can help to reveal information, but not necessarily to eliminate the fairness issue. Culnan and Armstrong (1999) relate procedural fairness to impersonal trust, suggesting that the quality of governance should be more important than the level of trust that is generated or rewarded through the presence of procedures. For the purposes of this study, privacy concern is thus not assumed to go away if platform trust is high, but rather a direct negative appraisal.
There is mixed evidence regarding the behavioural consequences. Alhelaly, Dhillon and Oliveira (2025) link privacy intrusiveness with responses and engagement in online advertising, whereas Chen, Sun and Liu (2022) find trust and reactance to be mechanisms balancing personalisation and concern. Zeng et al. (2021) introduce a dynamic view, in which the self-disclosure and personalisation process takes place in stages. These studies suggest that privacy concern does not necessarily lead to a direct effect, but can also have an avoidance, reactance, trust or selective disclosure effect. However, if several mediators are added, they would be overkill for a small exploratory sample and reduce the statistical power. Even an examination of the direct association is useful, as long as causal statements are avoided.
However, there are universal conclusions that are restricted by generational and contextual findings. McKee, Dahl and Peltier (2024) are interested in Generation Z, and Cloarec, Meyer-Waarden and Munzel (2024) explore a transformative privacy calculus in social media. Their findings might not be applicable to a mixed age sample of the Amazon platform, as familiarity with the platform and its use may be different from shopping and perceived need for the platform and its use is different for social media. This is also evident in the systematic review by Kolotylo-Kulkarni, Xia and Dhillon (2021) which indicates that disclosure research is very diverse in terms of constructs and contexts. Objective 4 thus tackles a real empirical question – does privacy concern continue to have a negative effect on engagement when relevance and governance appraisals are measured together amongst UK Amazon consumers?
[bookmark: _Toc237186206][bookmark: sec_020][bookmark: _Toc240797171][bookmark: _Toc241022362]2.6 Consumer Engagement as a Multidimensional Outcome
Consumer engagement is more far-reaching than purchase intent or click behaviour. Brodie et al. (2011) define engagement as a psychological state that occurs in relationships and contexts that is interactive. Consumer brand engagement is defined by Hollebeek, Glynn and Brodie (2014) as a cognitive process, affection and activation. This multidimensional approach would be appropriate for personalised commerce as a user can look at recommendations, enjoy the experience and behave without buying. It also does not limit platform response to just a single transaction, as this would be in conflict with Amazon's personalised customer path (Lemon and Verhoef, 2016).
There are some conceptual overlaps in the field of engagement research, however. Cognitive processing can be similar to attention or involvement, affection to satisfaction, and activation to usage frequency. The link between engagement and competitive advantage has been established by Kumar and Pansari (2016), which does not necessarily support all the measures at the consumer level. Suraña-Sánchez and Aramendia-Muneta (2024) point out that there is a lack of consensus on the definition of AI and advertising engagement in the literature. Therefore, the high aggregate engagement score does not necessarily indicate different patterns of engagement, including high cognitive attention and low behavioural activation. The present scale is based on the already existing 3D model but is approached with great care with the whole composite.
There's a need to justify the social-media engagement scale transfer to e-commerce. Hollebeek, Glynn and Brodie (2014) have validated their measure in the context of brand-related social media, where the interaction is more voluntary and participation is more public than in a goal-oriented shopping context. While conceptually broader than a cross-sectional survey, Maslowska, Malthouse and Hollebeek (2022) bring engagement nearer to the realm of recommender-system contexts. The questionnaire thus redefines the dimensions to recommendations, positive emotions towards helpful suggestions, and actions like clicking, exploring, saving or browsing. This operationalisation retains the theoretical structure, but matches the content of items with Amazon's personalised features. Engagement is also a relevant response variable as personalisation might affect behaviour prior to purchase. Attention can be drawn to recommendations that are relevant, confidence can be built through transparent practices and privacy concern can detract from exploration. The purchase intention would only reflect one downstream consequence and would be confounded by the price and product need/disposable income. In contrast, engagement is a more general reaction to the personalised environment (Brodie et al., 2011; Lemon and Verhoef, 2016; Perez-Vega et al., 2021). The remaining challenge is to connect these antecedents and outcomes through theories that do explanatory work rather than merely decorate the model.
[bookmark: _Toc237186207][bookmark: sec_021][bookmark: _Toc240797172][bookmark: _Toc241022363]2.7 Theoretical Frameworks
[bookmark: _Toc237186208][bookmark: sec_022][bookmark: _Toc241022364]2.7.1 Stimulus-Organism-Response Model
The Stimulus-Organism-Response model suggests that environmental stimuli affect internal cognitive and/or affective processes, which in turn affect responses (Mehrabian and Russell, 1974). This concept was adapted to online retail research, where the impact of interface cues on shopper states and approach or avoidance behaviour was demonstrated (Eroglu, Machleit and Davis, 2001; Eroglu, Machleit and Davis, 2003). The stimulus environment of the present study consists of recommendations, personalised advertisements, shopping guides and conversational assistance provided by Amazon. The organism level appraisals are perceived relevance, perceived transparency and perceived control, and the response is consumer engagement.
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	[bookmark: figure_2_1]Figure 2.1: Stimulus-Organism-Response Model


[bookmark: Fig_2_1]Source: Adapted from Mehrabian and Russell (1974) and Eroglu, Machleit and Davis (2001).
Figure 2.1 illustrates the sequential nature of the model, but also shows a shortcoming. The input-process-output model suggests that the internal states are stable and the responses are predictable when the stimuli are given. Personalisation is more recursive with AI – engagement leads to more behavioural data, which then changes the next set of recommendations. This feedback loop cannot be modelled with the cross sectional design. However, SOR is also helpful in that it avoids the features of the system being considered as direct causes of engagement. It needs to be analysed in terms of consumer appraisal, which matches the three predictors to the survey measures for the study.
[bookmark: _Toc237186209][bookmark: sec_023][bookmark: _Toc241022365]2.7.2 Privacy Calculus and the Personalisation-Privacy Paradox
In addition to SOR, privacy calculus provides an explanation of how the same personalised stimulus can result in different appraisals. Users can share data to make it more relevant and convenient for them, and at the same time experience a sense of surveillance, misuse or loss of control over the data (Ameen, Hosany and Paul, 2022; Awad and Krishnan, 2006; Dinev and Hart, 2006). The underlying tension can be changed by transparency, control and trust. This framework is particularly relevant as Amazon's personalised services involve ongoing data collection and the willingness of the user to participate could be affected by the perceived benefits of using the service compared to the costs.
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	[bookmark: figure_2_2]Figure 2.2: Privacy Calculus and the Personalisation-Privacy Paradox


[bookmark: Fig_2_2]Source: Adapted from Dinev and Hart (2006), Awad and Krishnan (2006) and Aguirre et al. (2015).
Privacy concern, trust, attention, perceived benefits and disclosure are not mutually independent factors, as illustrated in Figure 2.2. It is analytically valuable due to its complexity but is beyond the scope of the current regression model, which does not examine mediation and/or reciprocal disclosure processes. The framework thus serves as a boundary condition: it provides an explanation for the possibility of positive relevance and negative privacy appraisals occurring together, and the empirical model provides an estimation of the direct and combined links between relevance and privacy appraisals and engagement. This is a simpler test which is suitable for the sample size and should not be confused with a full privacy-calculus model.
[bookmark: _Toc237186210][bookmark: sec_024][bookmark: _Toc241022366]2.7.3 Consumer Brand Engagement Theory
Consumer Brand Engagement theory provides the answer structure. Hollebeek, Glynn and Brodie (2014) place cognitive processing and affection in relation to each other and see them as interrelated elements that contribute to the activation, while Brodie et al. (2011) focus on the contextual and relational nature of engagement. This is a more powerful outcome than a purchase-only as AI personalisation can influence attention, fun and exploration prior to the purchase. The theory, however, was not specifically designed for algorithmic retail contexts and thus the dimensions of this theory need to be adapted to the context, rather than directly transplanted.
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	[bookmark: figure_2_3]Figure 2.3: Consumer Brand Engagement Model


[bookmark: Fig_2_3]Source: Adapted from Hollebeek, Glynn and Brodie (2014).
Figure 2.3 shows that involvement is an antecedent and self-brand connection and usage intent is a consequence. This is not the full causal chain that is reproduced in the current study. Rather, it employs cognitive processing, affection and activation as the definition of the dependent variable. Justified in this selective application because the research questions are not related to identity-based brand relationships. It also helps to minimise the proliferation of constructs, but at the same time, results should be interpreted in the light of the engagement dimensions instead of the Consumer Brand Engagement model as a whole.
[bookmark: _Toc237186211][bookmark: sec_025][bookmark: _Toc241022367]2.7.4 Integrated Theoretical Synthesis
The three frameworks therefore perform distinct but connected roles. SOR is the principal framework linking consumer appraisals to engagement. Privacy calculus explains why the appraisals can conflict, with relevance representing perceived benefit, privacy concern representing perceived risk, and transparency and control representing governance conditions surrounding that trade-off. Consumer Brand Engagement theory defines the cognitive, emotional and behavioural response. Their integration yields one parsimonious proposition: engagement should be stronger when personalisation is perceived as relevant and governable, and weaker when privacy concern is high. This integrated logic directly supports the three predictors, the multidimensional dependent variable and the joint regression model, while recognising that the cross-sectional design cannot capture recursive personalisation or mediation processes.
[bookmark: _Toc237186212][bookmark: sec_026][bookmark: _Toc240797173][bookmark: _Toc241022368]2.8 Research Gaps and Justification for Primary Research
The review identifies a theoretical gap in the integration of value, governance and risk appraisals. Relevance research tends to focus on usefulness and decision efficiency, while privacy research tends to focus on disclosure, trust or reactance (Tam and Ho, 2006; Aguirre et al., 2015; Chen, Sun and Liu, 2022). Engagement scholarship is a measure of cognitive, emotional or behavioural response, but it does not include a consistent model that ties all three antecedent domains together (Hollebeek, Glynn and Brodie, 2014; Suraña-Sánchez and Aramendia-Muneta, 2024). Consequently, the reviewed literature provides limited directly comparable evidence on the unique contribution of relevance, transparency and control, and privacy concern when assessed together against multidimensional engagement.
A contextual gap concerns Amazon UK. While there are technical accounts of Amazon's recommender architecture, and company publications describing Rufus and AI Shopping Guides, neither of these accounts provides any information on users' subjective evaluations (Linden, Smith and York, 2003; Smith and Linden, 2017; Amazon, 2024a; Amazon, 2024b). General e-commerce evidence includes the social media, smart technologies, physical retail and various national markets (Ameen, Hosany and Paul, 2022; Riegger et al., 2021; Cloarec, Meyer-Waarden and Munzel, 2024). Responses could be different based on platform familiarity, Prime membership, frequency of use and expectations for data-governance in the UK, and direct transfer may not be appropriate.
An empirical gap arises from outcome inconsistency. The effectiveness of the advertisement, disclosure, trust, purchase intention, loyalty and platform usage are studied, as described by various studies (Bleier and Eisenbeiss, 2015; Tucker, 2014; Jayapal, 2025; Maslowska, Malthouse and Hollebeek, 2022). These outcomes are related to engagement but are not equivalent to its cognitive, emotional and behavioural dimensions. The reviewed evidence therefore leaves uncertainty about how the three appraisals relate specifically to multidimensional engagement with Amazon's personalised content.
A methodological gap follows from the use of experimental tasks and conceptual models and cross-sectional surveys outside of the focus setting. Experiments are used to make the real platform experience simpler, technical studies are used to emphasize algorithmic metrics. Surveys are based on perceptions and they can't prove causality, and they tend to use convenience samples ( Kolotylo-Kulkarni, Xia and Dhillon, 2021; Suraña-Sánchez and Aramendia-Muneta, 2024). The proposed design maintains these limits, but can also capture data that is purposeful, rather than from a corporate, technical or secondary source, from eligible UK Amazon users that would otherwise not be captured in these other datasets.
Primary research, therefore, is required since the missing evidence is experiential, platform-specific and relational. Public statistics can reveal the size of online retail, and Amazon can report on the deployment of technology, but neither can reveal whether individual users perceive recommendations as relevant, understand and control personalisation, worry about privacy, nor whether they cognitively, emotionally and behaviourally engage with online personalisation (Office for National Statistics, 2026a; Amazon.com, Inc., 2026). To test these perceptions together and to answer the research questions within the scope of this dissertation, survey data must be collected. The study fills a gap but does not aim to be representative of the population or provide causal evidence.
[bookmark: _Toc237186213][bookmark: sec_027][bookmark: _Toc240797174][bookmark: _Toc241022369]2.9 Conceptual Framework and Hypotheses
The conceptual framework is a theoretical synthesis translated into a testable model. Perceived AI-driven personalisation relevance, perceived transparency and control, and privacy concern are the three independent variables. Consumer engagement is the dependent variable and consists of cognitive, emotional and behavioural aspects. Age, gender, Amazon usage frequency and Prime membership were recorded as contextual variables and identified as potential controls. However, because the final sample was modest, they were reported descriptively rather than entered into the primary three-predictor regression model, as explained in Chapter 3.
	[image: ]

	[bookmark: figure_2_4]Figure 2.4: Conceptual Framework of the Study


[bookmark: Fig_2_4]Source: Developed by the researcher from the reviewed literature.
Figure 2.4 shows three paths to engagement that are direct. The positive paths are perceived value and governance and the negative path is perceived risk. Although the theoretical review suggests that trust, reactance and disclosure could be mediators, moderators, or mediators and moderators, these variables are not tested in the model. This parsimony is to make the statistics feasible and to align with the research aims. It also provides a clear foundation for determining the extent to which each perception adds to the understanding beyond the other predictors. Accordingly, the present model contains no moderator or moderation test; H2 is specified as a direct relationship between perceived transparency and control and consumer engagement.
[bookmark: _Toc237186214][bookmark: sec_028][bookmark: _Toc241022370]2.9.1 Perceived Relevance and Consumer Engagement
The relevant recommendations should minimize search effort, capture attention and enhance the shopping experience. Research in the field of information processing (Tam and Ho, 2006; Bleier and Eisenbeiss, 2015; Ameen et al., 2021) confirms this expectation. However, the influence might be diminished by privacy salience and algorithm aversion (Song, Lim and Oh, 2021; Castelo, Bos and Lehmann, 2019). The hypothesis thus makes a prediction of direction, but does not make the assumption of a uniformly large relationship. 
H1: Perceived AI-driven personalisation relevance has a positive and statistically significant relationship with consumer engagement among UK Amazon users.
[bookmark: _Toc237186215][bookmark: sec_029][bookmark: _Toc241022371]2.9.2 Transparency and Control and Consumer Engagement
Personalised content may be more likely to encourage interaction when there is less uncertainty, which can be achieved through understandable explanations and meaningful controls (Awad and Krishnan, 2006; Tucker, 2014; Shin, 2021; Kathuria, Maity and Kwak, 2026). But easy explanations or challenging contexts might not lead to substantive control. The hypothesis doesn't just test the presence of policies, but rather how governance is perceived. 
H2: Perceived transparency and control have a positive and statistically significant relationship with consumer engagement among UK Amazon users.
[bookmark: _Toc237186216][bookmark: sec_030][bookmark: _Toc241022372]2.9.3 Privacy Concern and Consumer Engagement
The privacy concern should be a disincentive to engagement if the personalised content indicates intrusive monitoring, uncertain secondary use, or inadequate security. This is in line with the personalisation-privacy paradox and covert collection, intrusiveness and reactance (Aguirre et al., 2015; Chen, Sun and Liu, 2022; Alhelaly, Dhillon and Oliveira, 2025). A lack of association does not imply a lack of benefit. 
H3: Privacy concern has a negative and statistically significant relationship with consumer engagement among UK Amazon users.
[bookmark: _Toc237186217][bookmark: sec_031][bookmark: _Toc241022373]2.9.4 Joint Predictive Effect
The integrated framework assumes that engagement will be consistent with the evaluation of value, governance and risk and not any one perception. When tested together, the predictors are distinguished, and the meaningfulness of the model's explanation of engagement is assessed. This is crucial since relevance can be paired with privacy concern, whereas transparency and control can have an impact on the acceptability of personalisation (Dinev and Hart, 2006; Aguirre et al., 2015; Cloarec, Meyer-Waarden and Munzel, 2024). 
H4: Perceived AI-driven personalisation relevance, perceived transparency and control, and privacy concern jointly and significantly predict consumer engagement among UK Amazon users.
[bookmark: _Toc237186219][bookmark: sec_033]

[bookmark: _Toc240797175][bookmark: _Toc241022374]CHAPTER 3: RESEARCH METHODOLOGY
[bookmark: _Toc237186220][bookmark: sec_034][bookmark: _Toc240797176][bookmark: _Toc241022375]3.1 Introduction
This chapter provides an explanation and justification for the methodology employed to investigate the relationships between perceived relevance, transparency and control, privacy concern and consumer engagement among adult UK Amazon users. The design is based on the research onion, which guides research design from philosophy and approach through strategy, methodological choice, time horizon, sampling, data collection and analysis (Saunders, Lewis and Thornhill, 2019). These layers are interconnected, as shown in Figure 3.1.
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[bookmark: figure_3_1][bookmark: Fig_3_1]Figure 3.1: The Research Onion
Source: adapted from Saunders, Lewis and Thornhill (2019).
[bookmark: _Toc237186221][bookmark: sec_035][bookmark: _Toc240797177][bookmark: _Toc241022376]3.2 Research Philosophy
The study was based on positivism because it examined quantifiable relationships between predetermined constructs. Positivism is based on the premise that observable patterns can be studied systematically using standardised instruments and statistical analysis, which is appropriate for hypotheses of positive or negative relationships (Bryman and Bell, 2015; Saunders, Lewis and Thornhill, 2019). The perceived relevance, transparency and control, and privacy concern are subjective assessments that can be measured as latent constructs with several items of the questionnaire. Therefore, positivism was applied in a pragmatic way, not as a statement of the objective nature of the experience of consumers.
Interpretivism might offer more explanations of how specific users interpret the recommendations of Amazon. But it would be hard to compare the relative predictive contribution of three antecedents on the basis of the interviews. If the researcher chooses to combine quantitative and qualitative data intentionally, then pragmatism is suitable, but if there is no specific analytical purpose in combining the two methods, then the complexity will occur. (Collis and Hussey, 2014) Positivism is then more closely related to the questions of explanation in the study and the limitations of positivism are accepted by interpreting the perceptions that are obtained from the respondents through cautious interpretation.
[bookmark: _Toc237186222][bookmark: sec_036][bookmark: _Toc240797178][bookmark: _Toc241022377]3.3 Research Approach
A deductive approach was applied. The hypotheses were derived from the Stimulus-Organism-Response framework, the privacy calculus reasoning and the consumer engagement theory, and were tested with primary data. Where constructs and expected direction of relationship are stated in advance of data collection, then deduction is appropriate (Saunders, Lewis and Thornhill, 2019). The method enhances alignment by having the items on the questionnaire, variables and statistical tests all based on the conceptual framework and not chosen after the results are seen.
The inductive approach would be more robust if there were no pre-existing concepts of the phenomenon or if the goal was to develop theory from open accounts. That is not the purpose of the present study. The small cross sectional data set provides little basis for theory revision, though an abductive process might be used to alternate between surprising observations and theoretical revision. The deduction therefore is the most defensible path, though unexpected coefficients were discussed instead of forced into the original expectations.
[bookmark: _Toc237186223][bookmark: sec_037][bookmark: _Toc240797179][bookmark: _Toc241022378]3.4 Research Strategy
An online survey was selected as the research strategy. Surveys allow standardised measurement of responses from geographically dispersed participants and provide an efficient way to collect comparable information within a limited period (Collis and Hussey, 2014; Saunders et al., 2019). The strategy was aligned with the unit of analysis, which was the individual Amazon UK user rather than Amazon as an organisation. A case study could provide organisational depth, but it would not provide the individual-level perceptual data required to test the proposed relationships.
An experiment may offer more causal evidence for recommendation relevance or transparency. It would however need to use controlled stimuli and random assignment and have a large enough sample. It would evaluate the reactions to scenarios designed by the researchers, which would not be participants' actual Amazon UK experiences. In this survey, however, the research was a compromise between causal certainty and contextual relevance that explored reported experiences with existing features of the platform. These findings are therefore reported as associations and predictions not causal effects.
[bookmark: _Toc237186224][bookmark: sec_038][bookmark: _Toc240797180][bookmark: _Toc241022379]3.5 Methodological Choice
The research design was mono-method quantitative. The objectives required estimates of direction, strength, significance, and joint predictive power, which necessitated quantitative measurement. A qualitative design might uncover more subtle aspects of intrusiveness or control, but would not directly test H1-H4. There are potential strengths to a mixed-methods design, but an additional research question, sampling logic, and analytic procedure would be required for combining. Without interviews, interviews would otherwise be 'decorative' instead of methodologically integrated (Bryman and Bell, 2015). The mono-method selection therefore focused on the consistency and quality of the statistical analysis. 
[bookmark: _Toc237186225][bookmark: sec_039][bookmark: _Toc240797181][bookmark: _Toc241022380]3.6 Research Design
The study employed a cross sectional explanatory design. The data were gathered at a single point in time and relationships between the current perceptions and engagement were analysed in that instance (Saunders et al., 2019). This design was practical in terms of a master's thesis and did not involve attrition and the need for repeated access of a longitudinal study. Simultaneous measurement does not, however, provide temporal ordering. Relevant recommendations, for example, can encourage engagement and highly engaged users can also evaluate recommendations more positively. Causal language was therefore avoided. The questionnaire was self-administered online, providing geographic reach, consistent question presentation and privacy when reporting data concerns. Eligibility filters, required responses, concise wording, balanced construct ordering and anonymous participation were used to reduce, but not eliminate, self-selection, inattentive responding and common method variance.
[bookmark: _Toc237186226][bookmark: sec_040][bookmark: _Toc240797182][bookmark: _Toc241022381]3.7 Population and Sampling
[bookmark: _Toc237186227][bookmark: sec_041][bookmark: _Toc241022382]3.7.1 Target Population
The target population comprised adults aged 18 years or above who lived in the United Kingdom, had purchased from Amazon UK during the previous six months, and had encountered at least one personalised or AI-assisted Amazon feature during the same period. Eligible features included personalised recommendations, advertising, home-page content, Rufus and AI Shopping Guides. These criteria ensured that participants could evaluate a recent, context-specific Amazon UK experience. Respondents who did not satisfy the age, residence, purchase or personalisation-exposure criteria were excluded during screening.
[bookmark: _Toc237186228][bookmark: sec_042][bookmark: _Toc241022383]3.7.2 Sampling Technique
Purposive non-probability sampling was used because participation depended on specific eligibility criteria. Recruitment relied on online networks and voluntary self-selection. Interested individuals read the participant information, provided consent and completed eligibility screening before the main questionnaire. Purposive screening was appropriate because recent Amazon UK purchasing and personalisation experience were required and no complete sampling frame of eligible UK Amazon users was available. The method remains susceptible to self-selection and selection bias. Reporting the respondent profile improves transparency, but the sample cannot be treated as statistically representative of all UK Amazon users.
[bookmark: _Toc237186229][bookmark: sec_043][bookmark: _Toc241022384]3.7.3 Sample Size
The original target was 50 complete and eligible responses, based on access, time and ethical constraints and the intention to estimate an exploratory regression with three focal predictors. Eighty questionnaires were ultimately submitted. After eligibility screening and removal of two complete straight-line responses, 72 cases were retained for the primary analysis. The final sample therefore exceeded the original target, but it remained modest for complex modelling. The main regression was deliberately limited to perceived relevance, transparency and control, and privacy concern to reduce overfitting. Demographic and Amazon-use variables were reported descriptively rather than added to the primary model. Rules based on observations per predictor were treated only as preliminary guidance and not as substitutes for statistical power or population representativeness (Hair et al., 2019).
[bookmark: _Toc237186230][bookmark: sec_044][bookmark: _Toc240797183][bookmark: _Toc241022385]3.8 Data Collection Method
[bookmark: _Toc237186231][bookmark: sec_045][bookmark: _Toc241022386]3.8.1 Primary Data Collection
Primary data were necessary as public sources only represent Amazon's systems and market practices and do not include matched measures of perceived relevance, governance evaluation, privacy concern, and multidimensional engagement among UK users. A total of 80 responses were received on the online questionnaire. The survey information included information about the purpose, eligibility and volunteer status. Respondents who did not provide consent or failed the age, UK residence, recent Amazon UK purchase or personalisation-exposure criteria were screened out. However, primary data followed the conceptual model but not Amazon's behavioural records. The measures are thus subjective and represent "perceptions" and/or "engagement" as the respondents subjectively report them and not actual clicks, browsing histories or sales.
[bookmark: _Toc237186232][bookmark: sec_046][bookmark: _Toc241022387]3.8.2 Questionnaire Design
The questionnaire in Appendix C contains eight sections. Consent and eligibility are covered in sections A and B. Demographic and Amazon-use information were gathered in sections C and D. The perceived relevance, transparency and control, privacy concern, and consumer engagement were assessed in Sections E to H. A five-point agreement scale was used as it provides sufficient differentiation and does not impose too much cognitive load (Bryman and Bell, 2015). Items were adapted from existing personalisation, privacy, transparency, and engagement research, not created exclusively for the purposes of this research. Relevance items are related to relevance and usefulness, as evidenced by the fact that the effectiveness of personalisation depends on what is presented and how it is relevant (Tam and Ho, 2006; Bleier and Eisenbeiss, 2015). Transparency, control and privacy items are based on the personalisation-privacy literature, which identifies informational awareness, agency and concern (Awad and Krishnan, 2006; Aguirre et al., 2015; Tucker, 2014). Engagement was measured cognitively, emotionally and behaviourally as it is not enough to measure it as a purchase only (Brodie et al., 2011; Hollebeek, Glynn and Brodie, 2014). Using neutral wording and multiple items lessens reliance on one question, but there is potential for self-report bias. Appendix C identifies the academic source for each construct item set. All construct items are researcher-adapted to the Amazon UK context rather than reproduced verbatim from the cited sources.
[bookmark: _Toc237186233][bookmark: sec_047][bookmark: _Toc241022388]3.8.3 Pilot Testing
A small pretest was planned with approximately five potential adult respondents to check face validity, usability and survey routing. The purpose of this step was to identify unclear terminology, double-barrelled wording, routing problems and excessive length before full distribution. A pilot of this size was not intended to provide a definitive reliability estimate because the number of responses would be too small for stable psychometric conclusions. Pilot responses, where used for procedural checking, were not intended to form part of the final analytical sample.
[bookmark: _Toc237186234][bookmark: sec_048][bookmark: _Toc240797184][bookmark: _Toc241022389]3.9 Measurement of Variables
The operationalisation is summarised in Table 3.1. Each construct item was coded from 1 (Strongly Disagree) to 5 (Strongly Agree). After reliability was checked, composite scores were calculated as the arithmetic mean of the valid items so that each construct remained on the original 1-to-5 metric. Higher scores therefore indicated greater perceived relevance, transparency and control, privacy concern or engagement. Transparency and control were represented by eight governance items and their item-total and inter-item patterns were examined before accepting a single composite. Consumer engagement was analysed primarily as an overall construct, while cognitive, affective and behavioural subscale summaries were reported descriptively where reliability permitted.
[bookmark: table_3_1][bookmark: Tbl_3_1]Table 3.1: Operationalisation of variables.
	Construct
	Role
	Items
	Indicative content
	Scale

	Perceived AI-driven personalisation relevance
	Independent
	PR1 to PR5
	Interest fit, shopping-need match, usefulness, efficiency, preference appropriateness
	1 to 5

	Perceived transparency and control
	Independent
	TC1 to TC8
	Explanation, data-use understanding, settings awareness, agency, preference management
	1 to 5

	Privacy concern
	Independent
	PC1 to PC6
	Collection, unclear use, monitoring, security, secondary use, intrusiveness
	1 to 5

	Consumer engagement
	Dependent
	CE1 to CE12
	Cognitive attention, positive affect, exploration, clicking, saving, browsing
	1 to 5

	Age, gender, use frequency, Prime membership
	Descriptive variables / potential controls
	Q6, Q7, Q11, Q14
	Respondent and Amazon-use characteristics
	Categorical


Source: developed by the researcher from Awad and Krishnan (2006), Bleier and Eisenbeiss (2015), Aguirre et al. (2015), Tucker (2014), and Hollebeek, Glynn and Brodie (2014).
[bookmark: _Toc237186235][bookmark: sec_049][bookmark: _Toc240797185][bookmark: _Toc241022390]3.10 Data Analysis Techniques
Microsoft Excel was used to organise the survey data, document screening decisions, calculate composite scores, produce statistical tables and create the charts reported in Chapter 4. Screening examined eligibility, missing responses, straight-lining and impossible Likert values before the analytical dataset was finalised. Demographic and Amazon-use variables were summarised with frequencies and percentages, while construct responses were summarised with means and standard deviations. Internal consistency was assessed using Cronbach's alpha and item-total correlations. Individual Likert items remained ordinal responses, while reliable multi-item mean composites were treated as approximately continuous scale scores for correlation and regression, subject to distributional and linearity checks (Hair et al., 2019).
Bivariate associations were examined primarily with Pearson correlations, with Spearman correlations used as a sensitivity check because the composite distributions departed from normality. Multiple linear regression then estimated the unique contribution of perceived relevance, transparency and control, and privacy concern to consumer engagement. Coefficient direction, confidence intervals and p-values were used to evaluate H1 to H3, while the overall F-test, R-squared and adjusted R-squared were used to evaluate H4. Statistical significance was assessed at p < 0.05, alongside effect magnitude and uncertainty.
Regression diagnostics examined linearity, residual normality, homoscedasticity, independent errors, influential cases and multicollinearity (Hair et al., 2019). The checks included residual plots, a residual normality test, the Breusch-Pagan test, Ramsey RESET, Cook's distance, tolerance and variance inflation factors. Because heteroscedasticity and influential observations were identified, HC3 robust standard errors and sensitivity models were also examined. Non-significant coefficients were not treated as proof of no relationship; effect magnitude, confidence intervals and statistical uncertainty were considered alongside significance.
[bookmark: _Toc237186236][bookmark: sec_050][bookmark: _Toc240797186][bookmark: _Toc241022391]3.11 Validity and Reliability
[bookmark: _Toc237186237][bookmark: sec_051][bookmark: _Toc241022392]3.11.1 Reliability
Cronbach's alpha was calculated separately for perceived relevance, perceived transparency and control, privacy concern and consumer engagement, with engagement subscales examined where reported. An alpha of 0.70 or above was treated as a general indication of acceptable internal consistency rather than an automatic pass or fail rule because alpha is affected by item number, redundancy and construct breadth (Taber, 2018). Item-total correlations, inter-item relationships, alpha-if-item-deleted statistics and item meaning were considered together. Items were not removed solely to increase alpha; any deletion would also have required theoretical justification.
[bookmark: _Toc237186238][bookmark: sec_052][bookmark: _Toc241022393]3.11.2 Validity
Content validity was supported by adapting items from established literature and maintaining correspondence between item content and the conceptual definitions. Item behaviour, internal consistency and the direction of observed relationships were used as practical checks of construct coherence. A confirmatory factor analysis would provide stronger evidence of measurement validity, but the final sample of 72 observations remained too small for a convincing multi-construct CFA model (Hair et al., 2019). This limitation is acknowledged directly. Criterion validity could not be established because Amazon's account-level behavioural records were not available for comparison with self-reported engagement.
[bookmark: _Toc237186239][bookmark: sec_053][bookmark: _Toc240797187][bookmark: _Toc241022394]3.12 Ethical Considerations
The first survey page provided information about the study and recorded informed consent. Participation was voluntary and respondents could leave before submission without penalty. The questionnaire did not request names, Amazon account details, payment information or other directly identifying information. Results were analysed and reported in aggregate form, with access to the raw survey data restricted to the research process (Pajo, 2018; Polonsky and Waller, 2015).
Data were handled on the basis that only the information required for the research should be retained and that anonymous survey responses should be protected from unauthorised access. Participants could withdraw at any time before submitting the questionnaire. Because direct identifiers were not collected, an individual response could not normally be identified and removed after anonymous submission. This limitation was communicated through the participant information, and recruitment was designed to avoid pressure or coercion.
[bookmark: sec_054][bookmark: _Toc240797188][bookmark: _Toc241022395]3.13 Methodological Limitations
The design has several methodological limitations. Purposive non-probability recruitment and voluntary self-selection limit population generalisability, while the final sample of 72 remains modest for complex multivariable modelling. The cross-sectional design cannot establish whether consumer appraisals precede engagement or develop through repeated engagement with Amazon. All focal variables were collected in the same questionnaire, so common method effects and socially desirable responding cannot be ruled out. The measures capture perceived relevance, governance, privacy concern and self-reported engagement rather than Amazon's proprietary recommendation accuracy or verified behavioural records. The study also did not estimate a confirmatory factor model because the sample was insufficient for reliable multi-construct CFA. 
[bookmark: _Toc237186240]
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[bookmark: sec_056][bookmark: _Toc240797189][bookmark: _Toc241022396]CHAPTER 4: DATA ANALYSIS
[bookmark: sec_057][bookmark: _Toc240797190][bookmark: _Toc241022397]4.1 Introduction
This chapter presents the quantitative analysis of the survey data collected from UK Amazon users. The analysis addresses the four research objectives and hypotheses developed in Chapters 1 and 2. It first explains how the dataset was screened and prepared, then presents the respondent profile, descriptive statistics and reliability results. Pearson correlation is used to examine the bivariate relationships between perceived relevance, transparency and control, privacy concern and consumer engagement. Multiple linear regression is then used to assess the unique contribution of the three predictors and their combined ability to explain consumer engagement.
[bookmark: sec_058][bookmark: _Toc240797191][bookmark: _Toc241022398]4.2 Data Preparation and Screening
A total of 80 questionnaires were submitted. 6 cases were excluded during eligibility checks, meaning that the eligibility criteria were not met for at least one of the conditions, but all respondents recorded consent. Participants had to be recent Amazon UK buyers, UK residents and adults, and have been exposed to AI-generated or personalised Amazon content. There were then 74 cases that remained. Complete straight-lining was observed in 2.5% of the submitted cases (two cases) for the 31 construct items. The two responses were not used in the primary analysis as they failed to differentiate on the constructs measured.
A total of 72 responses were contained in the final analytical sample, which was 90.0 per cent of all submitted responses. There were no additional cases that were removed due to missing constructs or impossible Likert values. The same 72 cases were used for the descriptive, reliability, correlation and primary regression analyses. This uniformity of case base minimises differences between test and test due to varying sample sizes. A second sensitivity model was also included in the screening process and this included the two straight-line cases, to allow the stability of the main regression results to be examined later in the chapter.

[bookmark: Tbl_4_1]Table 4.1: Data Screening and Final Analytical Sample
	Screening Stage
	Count
	Percent of Submitted
	Decision

	Submitted responses
	80
	100.0%
	Initial dataset

	Ineligible cases
	6
	7.5%
	Excluded

	Eligible cases
	74
	92.5%
	Retained for quality checks

	Straight-line cases
	2
	2.5%
	Excluded from primary analysis

	Final analytical cases
	72
	90.0%
	Used for primary analysis


Source: Author's analysis of survey data (2026).
[bookmark: sec_059][bookmark: _Toc240797192][bookmark: _Toc241022399]4.3 Demographic and Amazon-Use Profile
The sample was more concentrated in the younger adult age group. The largest proportion of respondents were between the ages of 25 and 34 years (68.1 per cent), followed by 15.3 per cent of the sample between the ages of 35 and 44. A total of 5.6 per cent were 18 to 24 years old, and all other age groups accounted for less than 10 per cent. The percentage of male respondents was 66.7 while female respondents were 26.4 per cent. The remaining respondents selected non-binary, self-description or preferred not to state their gender.
Students were the largest employment-status group, representing 44.4 per cent of the sample. Full-time employees represented 19.4 per cent and part-time employees 18.1 per cent. The majority of respondents were living in England (83.3 per cent) and 68.1 per cent were very or highly confident about their digital skills. Use of Amazon was frequent and not occasional. Most visits occurred once a month (29.2 per cent), once a week (23.6 per cent) and two or three times a month (19.4 per cent). Almost half of respondents purchased from Amazon once a month (45.8 per cent). 38.9 per cent were Prime members, 11.1 per cent were not sure and half were not Prime.
There was some variation in exposure to personalisation. The feature that was most commonly reported (54.2 per cent) was the recommendations based on purchases made in the past, followed by the personalised advertisements (38.9 per cent). 31.9 per cent of them said they were told about recommendations based on their browsing history and 31.9 per cent said they were told about “frequently bought together” recommendations. These percentages are not mutually exclusive as participants were able to choose multiple features.
[bookmark: Tbl_4_2]Table 4.2: Selected Respondent Demographic and Amazon-Use Characteristics
	Variable
	Category
	Frequency
	Percent

	Age group
	18 to 24 years
	4
	5.6%

	
	25 to 34 years
	49
	68.1%

	
	35 to 44 years
	11
	15.3%

	
	45 to 54 years
	6
	8.3%

	
	55 to 64 years
	1
	1.4%

	
	65 years or above
	1
	1.4%

	Gender
	Male
	48
	66.7%

	
	Female
	19
	26.4%

	
	Other / prefer not to say
	5
	6.9%

	Amazon visit frequency
	Less than once a month
	6
	8.3%

	
	Once a month
	21
	29.2%

	
	Two or three times a month
	14
	19.4%

	
	Once a week
	17
	23.6%

	
	Several times a week
	9
	12.5%

	
	Daily or almost daily
	5
	6.9%

	Prime membership
	Yes
	28
	38.9%

	
	No
	36
	50.0%

	
	Not sure
	8
	11.1%


Source: Author's analysis of survey data (2026).
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[bookmark: Fig_4_1]Figure 4.1: Age Distribution of Respondents
Source: Author's analysis of survey data (2026).
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[bookmark: Fig_4_2]Figure 4.2: Amazon UK Visit Frequency
Source: Author's analysis of survey data (2026).
[bookmark: sec_060][bookmark: _Toc240797193][bookmark: _Toc241022400]4.4 Analytical Approach
The analysis was conducted in a staged approach. First, the four primary constructs were summarised using means, standard deviations and distributional statistics. Internal consistency was then determined by Cronbach's alpha and item-total correlation. The planned primary bivariate test was Pearson correlation, as the construct distributions were not totally normal, Spearman correlation was also included as a sensitivity test. Lastly, perceived relevance, transparency and control, and privacy concern were regressed on consumer engagement via Enter method. The assumption of linearity, normality of residuals, homoscedasticity, independent errors, influential cases and multicollinearity were tested using regression diagnostics, which are recommended for multiple regression analysis (Hair et al., 2019).
[bookmark: sec_061][bookmark: _Toc240797194][bookmark: _Toc241022401]4.5 Descriptive Statistics
The construct means were high on the original five-point scale. Consumer engagement produced the highest overall mean at 4.256 (SD = 0.586), followed by transparency and control at 4.128 (SD = 0.630), privacy concern at 4.097 (SD = 0.683), and perceived relevance at 4.069 (SD = 0.655). The relatively small standard deviations suggest that scores were concentrated towards the top of the scale, though the lowest scores show that bottom scores were also represented in the data. This pattern was also evident on the engagement subscales. The mean scores for affective engagement, behavioural engagement and cognitive engagement were 4.295 (SD = 0.743), 4.260 (SD = 0.633) and 4.212 (SD = 0.602), respectively. The results suggest that the overall level of attention, positive emotions and behavioural interaction with Amazon's personalised content were relatively high.
The distributions of the constructs were skewed to the left, with a value of -0.970 for perceived relevance and -1.763 for privacy concern. All four major constructs were significant on Shapiro-Wilk tests, suggesting deviations from normality. The Pearson analysis was planned and not deleted as the measures were multi-item composite scores and regression diagnostics were considered separately. Spearman correlation coefficients for main bivariate patterns were also analyzed to assess the extent to which the main patterns relied on the normality assumption.
[bookmark: Tbl_4_3]Table 4.3: Descriptive Statistics for the Main Study Constructs
	Construct
	N
	Mean
	SD
	Median
	Minimum
	Maximum

	Perceived Relevance
	72
	4.069
	0.655
	4.200
	1.600
	5.000

	Transparency & Control
	72
	4.128
	0.630
	4.250
	1.500
	5.000

	Privacy Concern
	72
	4.097
	0.683
	4.333
	1.500
	5.000

	Consumer Engagement
	72
	4.256
	0.586
	4.417
	1.833
	5.000

	CE - Cognitive
	72
	4.212
	0.602
	4.250
	2.000
	5.000

	CE - Affective
	72
	4.295
	0.743
	4.500
	1.750
	5.000

	CE - Behavioural
	72
	4.260
	0.633
	4.250
	1.750
	5.000


Source: Author's analysis of survey data (2026).
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[bookmark: Fig_4_3]Figure 4.3: Mean Construct Scores
Source: Author's analysis of survey data (2026).
[bookmark: sec_062][bookmark: _Toc240797195][bookmark: _Toc241022402]4.6 Reliability Analysis
The four major scales fulfilled the criterion of general internal consistency at 0.70, as outlined in Chapter 3. The Cronbach's α for perceived relevance was .720 (5 items). The alpha values for Transparency and control were 0.838 for eight items, and privacy concern was 0.841 for six items. The highest reliability was found in consumer engagement (alpha= 0.899 for 12 items). The values represent good to good-fair internal consistency, and should be used in conjunction with the number or content of items and not as a pass or fail criterion (Taber, 2018).
Retention of the primary scales was also supported by item-total correlations. The perceived relevance, transparency and control, privacy concern and consumer engagement item-total correlations were all at least 0.417, 0.477, 0.454 and 0.478 respectively. No item, then, was found to be showing a low correlation with the total construct as compared to the other items. There were no very strong theoretical or statistical justifications to exclude items from the main measures in the alpha-if-item-deleted results.
The three engagement dimensions were also found to be sufficiently reliable to be used for descriptive reporting. Cognitive engagement yielded an alpha value of 0.718, affective engagement 0.852 and behavioural engagement 0.734. The overall engagement composite was chosen as the dependent variable as this composite showed the highest internal consistency, and was consistent with the multidimensional operationalisation outlined in the methodology.
[bookmark: Tbl_4_4]Table 4.4: Reliability Analysis of Study Constructs
	Construct
	Items
	Cronbach's Alpha
	Minimum Item-Total r
	Maximum Item-Total r

	Perceived Relevance
	5
	0.720
	0.417
	0.587

	Transparency & Control
	8
	0.838
	0.477
	0.668

	Privacy Concern
	6
	0.841
	0.454
	0.731

	Consumer Engagement
	12
	0.899
	0.478
	0.757

	CE - Cognitive
	4
	0.718
	0.401
	0.553

	CE - Affective
	4
	0.852
	0.616
	0.749

	CE - Behavioural
	4
	0.734
	0.446
	0.619


Note: No item was removed solely to increase Cronbach's alpha.
Source: Author's analysis of survey data (2026).
[bookmark: sec_063][bookmark: _Toc240797196][bookmark: _Toc241022403]4.7 Correlation Analysis
Pearson correlations showed that all three predictors were positively and statistically significantly associated with consumer engagement. Perceived relevance had a moderate positive relationship with engagement, r = 0.543, p < .001. Transparency and control had a stronger positive relationship, r = 0.722, p < .001. Privacy concern produced the strongest bivariate relationship with engagement, r = 0.789, p < .001. The positive direction of privacy concern was opposite to the negative relationship predicted in H3.
The predictors were also positively related to one another. Perceived relevance correlated with transparency and control at r = 0.621 and with privacy concern at r = 0.540. Transparency and control correlated with privacy concern at r = 0.683. All three relationships were significant at p < .001. These intercorrelations show that respondents who gave higher scores on one appraisal often gave higher scores on other appraisals as well. They also make regression important because a bivariate correlation does not show whether a predictor contributes unique information after the shared variance among predictors is controlled.
The Spearman sensitivity analysis produced the same direction and ordering of the relationships with engagement. Spearman's rho was 0.467 for perceived relevance, 0.627 for transparency and control, and 0.706 for privacy concern. The coefficients were somewhat smaller than the Pearson values but remained clearly positive. The consistency of the two correlation methods indicates that the overall bivariate pattern was not created solely by the non-normal distributions.
At the correlation stage, H1 and H2 were consistent with the predicted positive relationships. H3 was not consistent with its predicted negative direction because privacy concern was positively associated with consumer engagement. However, final hypothesis decisions were based on the regression model because the hypotheses were designed to assess the predictors while accounting for the other constructs. Pearson correlation therefore provides the initial relationship pattern, while regression gives the main test of unique predictive contribution.
[bookmark: Tbl_4_5]Table 4.5: Pearson Correlation Matrix
	Variable
	1
	2
	3
	4

	1. Perceived Relevance
	1.000
	
	
	

	2. Transparency & Control
	0.621***
	1.000
	
	

	3. Privacy Concern
	0.540***
	0.683***
	1.000
	

	4. Consumer Engagement
	0.543***
	0.722***
	0.789***
	1.000


Note: N = 72. *** p < .001 (two-tailed).
Source: Author's analysis of survey data (2026).
[bookmark: sec_064][bookmark: _Toc240797197][bookmark: _Toc241022404]4.8 Multiple Regression Analysis
The multiple regression model tested whether perceived relevance, transparency and control, and privacy concern jointly predicted consumer engagement. All three predictors were entered simultaneously. The model was statistically significant, F(3, 68) = 49.697, p < .001, with R = 0.829, R² = 0.687 and adjusted R² = 0.673. The standard error of the estimate was 0.335. The model therefore accounted for 68.7 per cent of the observed variance in consumer engagement. This is an estimated model-based measure of explained variance and is not a statement of causality between the predictors and reported engagement levels.
[bookmark: Tbl_4_6]Table 4.6: Regression Results - Variables Entered/Removed
	Model
	Variables Entered
	Variables Removed
	Method

	1
	Perceived Relevance, Transparency & Control, Privacy Concern
	None
	Enter


a. Dependent Variable: Consumer Engagement (CE). b. All requested variables entered.
[bookmark: Tbl_4_7]Table 4.7: Regression Model Summary
	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate
	Durbin-Watson

	1
	0.829
	0.687
	0.673
	0.335
	2.308


a. Predictors: (Constant), Perceived Relevance, Transparency & Control, Privacy Concern.
[bookmark: Tbl_4_8]Table 4.8: ANOVA Results for the Regression Model
	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	Regression
	16.772
	3
	5.591
	49.697
	< .001

	Residual
	7.650
	68
	0.112
	
	

	Total
	24.421
	71
	
	
	


a. Dependent Variable: Consumer Engagement (CE). b. Predictors: (Constant), Perceived Relevance, Transparency & Control, Privacy Concern.
Source: Author's analysis of survey data (2026).
The coefficient results showed clear differences in the unique contribution of the predictors. Perceived relevance had a small positive unstandardised coefficient, B = 0.045, SE = 0.079, beta = 0.051, t = 0.572, p = .569. Its 95 per cent confidence interval ranged from -0.113 to 0.203. The coefficient was therefore not statistically significant after transparency and control and privacy concern were included in the same model. H1 was not supported by the primary regression, even though perceived relevance had shown a significant positive bivariate correlation with engagement.
Transparency and control remained a statistically significant positive predictor, B = 0.298, SE = 0.095, beta = 0.320, t = 3.140, p = .003. Its 95 per cent confidence interval ranged from 0.108 to 0.487. Holding the other two predictors constant, a one-point increase in the transparency and control composite was associated with an estimated 0.298-point increase in consumer engagement. This result supported H2.
Privacy concern had the largest standardised coefficient in the model. Its unstandardised coefficient was positive, B = 0.466, SE = 0.081, beta = 0.543, t = 5.722, p < .001, with a 95 per cent confidence interval from 0.304 to 0.629. A one-point increase in privacy concern was therefore associated with an estimated 0.466-point increase in consumer engagement after the other predictors were held constant. The effect was statistically significant but in the opposite direction to H3. H3 was therefore rejected rather than supported.
[bookmark: Tbl_4_9]Table 4.9: Multiple Regression Coefficients Predicting Consumer Engagement
	Model
	Predictor
	B
	Std. Error
	Beta
	t
	Sig.
	Tolerance
	VIF

	1
	(Constant)
	0.934
	0.292
	
	3.198
	0.002
	
	

	1
	Perceived Relevance
	0.045
	0.079
	0.051
	0.572
	0.569
	0.589
	1.697

	1
	Transparency & Control
	0.298
	0.095
	0.320
	3.140
	0.003
	0.444
	2.252

	1
	Privacy Concern
	0.466
	0.081
	0.543
	5.722
	< .001
	0.511
	1.955


a. Dependent Variable: Consumer Engagement (CE).
Source: Author's analysis of survey data (2026).
The fitted regression equation is presented below using the unstandardised coefficients. CE represents consumer engagement, PR perceived relevance, TC transparency and control, and PC privacy concern. The equation predicts the engagement composite on its original scale.
The fitted regression equation was:
	CE = 0.934 + 0.045(PR) + 0.298(TC) + 0.466(PC)


Source: Author's analysis of survey data (2026).
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[bookmark: Fig_4_4]Figure 4.4: Standardised Regression Beta Coefficients
Source: Author's analysis of survey data (2026).
Regression diagnostics were examined before drawing the final hypothesis conclusions. The Ramsey RESET test was not significant, F = 1.042, p = .311, giving no evidence of major functional-form misspecification. The Durbin-Watson statistic was 2.308, which was close to two and did not indicate problematic residual dependence. Multicollinearity was also within acceptable levels. VIF values ranged from 1.697 to 2.252 and tolerance values ranged from 0.444 to 0.589. These results did not suggest that the predictors were too highly collinear for the regression model (Hair et al., 2019).
Two diagnostic concerns were identified. The Shapiro-Wilk test of residuals was significant, W = 0.948, p = .005, and the Breusch-Pagan test indicated heteroscedasticity, F = 9.256, p < .001. Five cases also exceeded the 4/N Cook's distance screening threshold, and two cases had absolute studentised residuals above three. For this reason, HC3 robust standard errors and sensitivity models were examined.
The robust results did not change the substantive conclusions. Perceived relevance remained non-significant with HC3 p = .545. Transparency and control remained positive and significant with HC3 p = .037, while privacy concern remained positive and significant with HC3 p = .006. A sensitivity model that included the two straight-line cases also produced the same decisions for the three predictors. Excluding cases above the Cook's distance threshold similarly left transparency and control and privacy concern significant, while perceived relevance remained non-significant. The overall evidence therefore supports the stability of the principal regression decisions despite the identified residual issues.
[bookmark: Tbl_4_10]Table 4.10: Regression Diagnostics and Robustness Checks
	Check
	Statistic / Result
	p-value
	Assessment

	Linearity
	Ramsey RESET F = 1.042
	0.311
	No evidence of major misspecification

	Residual normality
	Shapiro-Wilk W = 0.948
	0.005
	Deviation detected

	Homoscedasticity
	Breusch-Pagan F = 9.256
	< .001
	Heteroscedasticity detected

	Independent errors
	Durbin-Watson = 2.308
	-
	Close to 2

	Influence
	Max Cook's distance = 0.530
	-
	5 cases above 4/N threshold

	Residual outliers
	Max |studentised residual| = 3.729
	-
	2 cases above |3|

	HC3 robust: Perceived Relevance
	p = 0.545
	0.545
	Not significant

	HC3 robust: Transparency & Control
	p = 0.037
	0.037
	Significant positive

	HC3 robust: Privacy Concern
	p = 0.006
	0.006
	Significant positive


Source: Author's analysis of survey data (2026).
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[bookmark: Fig_4_5]Figure 4.5: Residuals versus Predicted Consumer Engagement
Source: Author's analysis of survey data (2026).
[bookmark: sec_065][bookmark: _Toc240797198][bookmark: _Toc241022405]4.9 Hypothesis Testing
The statistical evidence produced different outcomes across the four hypotheses. H1 predicted a positive and statistically significant relationship between perceived relevance and consumer engagement. Although the bivariate correlation was positive and significant, the regression coefficient was not significant after the other predictors were controlled. H1 was therefore not supported.
H2 predicted a positive and statistically significant relationship between transparency and control and consumer engagement. The regression coefficient was positive and significant under both conventional and HC3 robust inference. H2 was supported.
H3 predicted a negative and statistically significant relationship between privacy concern and consumer engagement. The observed coefficient was statistically significant but positive. Because the direction was opposite to the stated hypothesis, H3 was rejected.
H4 predicted that the three predictors would jointly and significantly predict consumer engagement. The overall regression model was significant at p < .001 and explained 68.7 per cent of the observed variance. H4 was therefore supported. These decisions are summarised in Table 4.11 and form the statistical basis for the theoretical discussion in the following chapter.
[bookmark: Tbl_4_11]Table 4.11: Summary of Hypothesis Testing
	Hypothesis
	Expected Relationship
	Primary Result
	Decision

	H1
	Perceived relevance -> engagement (+)
	B = 0.045, p = .569
	Not supported

	H2
	Transparency & control -> engagement (+)
	B = 0.298, p = .003
	Supported

	H3
	Privacy concern -> engagement (-)
	B = 0.466, p < .001, positive direction
	Rejected: opposite direction

	H4
	Three predictors jointly predict engagement
	F(3, 68) = 49.697, p < .001; R² = .687
	Supported


Source: Author's analysis of survey data (2026).
[bookmark: sec_066][bookmark: _Toc240797199][bookmark: _Toc241022406]4.10 Analytical Limitations
Several analytical limitations should be recognised when reading the results. The final sample contained 72 cases and was obtained through non-probability recruitment, so the estimates should not be treated as population parameters for all UK Amazon users. The cross-sectional design also measures perceptions and engagement at one point in time and cannot establish temporal order or causality (Saunders et al., 2019). In addition, the construct scores were negatively skewed and the regression showed heteroscedasticity and several influential observations. Robust and sensitivity checks reduced concern that these issues changed the main statistical decisions, but they do not remove the underlying limitations. The findings should therefore be treated as evidence of relationships within the collected sample.
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[bookmark: sec_069][bookmark: _Toc240797201][bookmark: _Toc241022408]5.1 Introduction
This chapter interprets the findings reported in Chapter 4 and relates them to the research problem, research questions, hypotheses, literature and theoretical framework. The study examined how perceived relevance, transparency and control, and privacy concern are associated with consumer engagement with Amazon's AI-driven personalisation among adult UK users. The research problem was that personalised systems may create convenience and engagement while also increasing awareness of data collection, profiling and loss of control.
[bookmark: sec_070][bookmark: _Toc240797202][bookmark: _Toc241022409]5.2 Overall Perceptions of AI-Driven Personalisation
Research Question 1 examined the perception of AI-driven personalisation of users of the Amazon platform in the UK. Mean scores were more than 4.0 on perceived relevance, transparency and control, privacy concern and consumer engagement. There was also a high level of engagement on cognitive, affective and behavioural levels. The audience was therefore engaged with personalised content, with a predominantly favourable attitude, and a desire to engage with it. 
This pattern is consistent with research showing that AI-supported personalisation can reduce search effort, improve information processing and create useful customer experiences (Tam and Ho, 2006; Ameen et al., 2021). It also supports the view that recommender systems can encourage attention, exploration and repeated platform interaction beyond an immediate purchase (Maslowska et al., 2022). However, the high privacy-concern score shows that favourable engagement did not mean respondents were unconcerned about data practices. This reflects the broader personalisation-privacy tension, where consumers can value personalised services while remaining sensitive to profiling and data use (Aguirre et al., 2015; Ameen et al., 2022).
The engagement findings also support its multidimensional treatment in this dissertation. Hollebeek et al. (2014) describe engagement through cognitive processing, affection and activation. The strong reliability of the overall scale and high means across these dimensions suggest that this framework was appropriate for the Amazon context. However, the high scores and negative skew indicate that favourable responses were concentrated near the upper end of the scale, which may have reduced variation between highly positive respondents.
[bookmark: sec_071][bookmark: _Toc240797203][bookmark: _Toc241022410]5.3 Perceived Relevance and Consumer Engagement
Research Question 2 examined the relationship between perceived relevance and consumer engagement. H1 predicted a positive and statistically significant relationship. Pearson correlation supported the expected bivariate pattern, but the regression coefficient became small and non-significant after transparency and control and privacy concern were included. H1 was therefore not supported in the multivariable model.
This result partly reflects earlier research. Tam and Ho (2006) found that web personalisation can improve information processing and decision outcomes, while Bleier and Eisenbeiss (2015) showed that effectiveness depends on contextual fit. Ameen et al. (2021) also connect AI-enabled experiences with functional and emotional outcomes. These findings are consistent with the positive correlation observed in this study.
The contrast between the significant correlation and the non-significant regression coefficient is analytically important. Part of the engagement relationship with perceived relevance was shared with transparency and control (r = 0.621) and with privacy concern (r = 0.540). The individual relevance coefficient was reduced to beta = 0.051 when this common variance was eliminated; this was not significant. Reported VIF values were between 1.697 and 2.252, which is not severe. Rather, it proposes that the evaluation of relevance to recommendations is a part of a broader experience, such as governance and awareness of data use. The non-significant coefficient is therefore not evidence of an independent relationship between relevance and engagement. It indicates that perceived relevance did not account for statistically significant variance beyond the other predictors in this sample. Precision is further limited by the slight size of the samples because of the high construct means and limited variance close to the top of the scale and needs to be replicated with larger, more diverse samples before any definitive statements about the lack of relevance can be made.
[bookmark: sec_072][bookmark: _Toc240797204][bookmark: _Toc241022411]5.4 Transparency and Control and Consumer Engagement
The engagement and transparency were investigated in Research Question 3. H2 was supported. There was a strong positive correlation between transparency and control and consumer engagement, and this predictor remained significant in the regression model. The relationship was also found to be significant for HC3 with robust SE and this boosts the confidence that the direction of the relationship was not dependent on the original heteroscedastic residuals. 
The findings align with research indicating that personalized systems will be better at responding to meaningful information and user control. Awad and Krishnan (2006) relate transparency to acceptance of profiling, whereas Tucker (2014) demonstrates that privacy controls can impact behavior in relation to personalised advertising. In addition, Shin (2021) claims that explainability can impact trust and acceptance of AI systems. The combination of these studies indicates that final recommendations are assessed in terms of usefulness and more. They also react to the understandability of personalisation and thoughts of having meaning control over it. 
This finding is in line with Stimulus-Organism-Response perspective. SOR model suggests that the internal cognitive and affective response is affected by environmental stimuli and the internal response in turn impacts response patterns (Mehrabian and Russell, 1974; Eroglu et al., 2001). Amazon's personalised features are stimulus environment, transparency and control are part of the user's appraisal. They are significantly associated with their perception of engagement, highlighting the role of governance in user reactions to the use of AI in retail experiences.
[bookmark: sec_073][bookmark: _Toc240797205][bookmark: _Toc241022412]5.5 Privacy Concern and Consumer Engagement
Research Question 4 explored privacy concern and engagement. H3 was expected to show the negative relationship; however, the results were in the opposite direction. The bivariate relationship with engagement was highest and the standardised regression coefficient greatest for privacy concern. This positive effect stayed significant under HC3 robust inference. This means that H3 was rejected because the direction did not coincide with the hypothesis. 
The positive privacy result requires more careful interpretation than a simple reversal of H3. It generally aligns with the personalisation-privacy paradox as privacy calculus theory does not require that one side of the equation cancel the other (Dinev and Hart, 2006). The literature also reveals that consumers have been found to be willing to pay for personalised services, but at the same time, they are worried about privacy issues related to collecting and profiling information (Aguirre et al., 2015; Ameen et al., 2022; Cloarec et al., 2024). Importantly, the privacy scale used here was for concern about collection, monitoring, security, secondary use and intrusiveness. It didn't look at privacy-appropriate actions or retraction from Amazon. High engagement can therefore be co-located conceptually with high concern with privacy as not implying high engagement with high concern.
A possible explanation is an exposure or involvement effect. If users are more involved in the Amazon service, then they will experience more personalized recommendations, ads, and AI features, making their use of behavioral data more visible. Thus, a higher level of platform engagement may increase engagement and privacy concern. The cross-sectional design does not allow us to conclude that privacy concern leads to engagement or that engagement leads to privacy concern, and also does not allow us to conclude that use of the platform is the cause of both privacy concern and engagement. The possibility of reverse causality and reciprocal influences is thus reasonable, an alternative to the causal interpretation suggested by the raw positive coefficient.
The second interpretation is that concern does not necessarily equate to avoidance if perceived convenience, usefulness or trust is high. According to Chen et al. (2022) there are two elements that influence the effect of personalisation, namely trust and reactance, and according to Aguirre et al. (2015) reactions to information collection are dependent on the conditions surrounding trust and disclosure. In the present model they have not been directly measured, thus they cannot be confirmed here. Explanations using methods must also be left open. All constructs were measured in the same way using self-report questionnaires (with scores clustered at the top end of the scale) and the sample was relatively small and younger. Such association may thus have been affected by common response tendencies, limited range, or sample composition. The safest generalisation is that privacy concern did not act as a disengagement factor in this sample; instead, it was positively associated with engagement.
[bookmark: _Toc240797206][bookmark: _Toc241022413]5.6 Joint Predictive Effect and Theoretical Implications
H4 hypothesised that the three appraisals would collectively predict consumer engagement and this was confirmed. The model accounted for the variance of 68.7 per cent within the sample, reflecting a high association between the combined perceptions and engagement. The size of R², however, should be taken with a pinch of salt. Only 72 cases were involved and the distribution of the predictors and outcome were both measured at the same time with the same questionnaire, with the responses being skewed towards desirable answers. The explained variance thus refers to this dataset and not to any generalisations about the proportion of engagement that would be captured by the three perceptions in the general population.
The results of the study are partially supportive of the integrated theoretical framework. SOR is useful because it was found that user's appraisals of the personalised environment were related to cognitive, emotional and behavioural engagement (Mehrabian and Russell, 1974; Eroglu et al., 2001). Consumer Brand Engagement theory is also applicable to the definition of a multidimensional outcome (Hollebeek et al., 2014). The positive privacy coefficient does not, however, directly verify privacy calculus. This is better captured in terms of being consistent with the central tenet of this study, which posited that the perceptions of benefits and risks could coexist, and the hypothesized negative direct effect of privacy concern was not seen. This separation keeps the unexpected phenomenon from being imposed upon the initial theory.
Results are thus not an alternative to the conceptual model, but a refinement of it. The positive association of perceived relevance was evident at the bivariate level, but its unique contribution was not statistically significant when measured alongside governance and privacy concern. Transparency and control were associated in a positive manner but with independence, while the privacy concern was associated positively but unexpectedly, in a way that needs replication and further explanation. These results indicate that AI personalisation is not a matter of just recommending accurately or being contextually relevant. Concurrently, a single cross-sectional sample is not enough to reconceptualize the way in which privacy is understood in the relationship. Larger samples and designs which allow the separation of exposure, trust, reactance and behavioural privacy responses would be required to obtain a stronger test.
[bookmark: _Toc240797207][bookmark: _Toc241022414]5.7 Contribution to the Research Gap
Conceptual, empirical and contextual gaps were identified in the literature. Most previous studies focus on the relevance, privacy, transparency, trust, and purchase intention or loyalty as separate constructs, and fewer studies test these appraisals as part of a multidimensional engagement measure. This study adds to the literature in the study of relevance, transparency and control and privacy concern at the same time with Amazon users in the UK.
The results demonstrate that these perceptions are not distinct from each other. They had large bivariate relationships, but unique regression effects. Most important, privacy concern was positively correlated with engagement instead of having the hypothesized negative relationship. This is a platform-specific result, and is a strong reminder that conclusions drawn from social media, advertising or general retail environments should not necessarily be applied to Amazon UK. The study thus provides evidence of a degree of overlap of assessments of value, governance, and privacy when engaging with AI-driven personalisation.
[bookmark: _Toc240797208][bookmark: _Toc241022415]5.8 Limitations of the Discussion
Interpretation must be in line with design and the profile of the respondent. The final sample comprised 72 non-probabilistic respondents of whom 68.1 per cent were aged 25 to 34, 44.4 per cent were students and 83.3 per cent of respondents were from England. Furthermore, 68.1 per cent felt very confident or confident in their digital abilities. Because of these sample characteristics, the findings may more strongly reflect the experiences of relatively younger and more digitally confident Amazon users than those of older or less digitally confident users. The findings therefore reflect this UK Amazon sample and should not be generalised to all UK Amazon users. Self-reported engagement can also be different from what is observed on the platforms, and because of the cross-sectional design, it is not possible to conclude about a causal direction of the relationships, particularly the positive relationship between privacy and engagement.
The distribution of the construct was skewed to the left and the regression had heteroscedasticity and influential observations. The main decisions were similar in both the robust and sensitivity checks, providing greater consistency of the findings but not negating these limitations. Therefore, conclusions should be made with reference to relationships within the sample collected and not with reference to general effects.


[bookmark: _Toc240797209][bookmark: _Toc241022416]CHAPTER 6: CONCLUSION
[bookmark: _Toc240797210][bookmark: _Toc241022417]6.1 Introduction
In this concluding chapter, the main findings of the dissertation are summarised and connected with the research aim, research questions and hypotheses. The research aim was to examine how perceived relevance, perceived transparency and control, and privacy concern predicted consumer engagement with Amazon's AI-driven personalisation among adult UK Amazon users. The chapter provides a summary of the results of the research questions, elaborates on the contribution to theory and practice, recognizes the limitations, and outlines priorities for future research.
[bookmark: _Toc240797211][bookmark: _Toc241022418]6.2 Summary of Key Findings and Answers to the Research Questions
Research Question 1 examined the perceptions of UK Amazon users regarding the use of AI for personalisation in Amazon's online marketing initiatives. Overall high scores were found for perceived relevance, transparency and control, privacy concern and consumer engagement. Respondents thus seemed to appreciate the personalization aspects and were very cognizant of privacy concerns. This combination outlines that positive interaction and care can fit together. It aligns with the personalisation-privacy literature, which states that consumers can enjoy both benefits and detriments, and not only the positive or negative consequence (Dinev and Hart, 2006; Aguirre et al., 2015).
The relationship between perceived relevance and consumer engagement was explored in Research Question 2. There were positive bivariate relationships between perceived relevance and engagement, though the regression coefficient was small and not statistically significant when transparency and control and privacy concern were added into the equation. H1 was therefore not supported in the final model. But, this does not mean that relevance was of no importance. Rather it was parallel to other consumer appraisals. Personalisation has been found to enhance information processing in prior studies with useful and contextually relevant content (Tam and Ho, 2006; Bleier and Eisenbeiss, 2015). Based on the current results, it is proposed that the relevance factor alone does not account for engagement, when taken in conjunction with governance and privacy perception.
In this regard, it was decided to analyze the connection between transparency and control with consumer engagement in Research Question 3. The relationship was statistically significant and positive which is consistent with H2. Participants that perceived a greater understanding of personalisation and perceived control also expressed higher engagement. Consistent with previous findings that transparency and privacy controls have the potential to affect reactions to personalised communication (Tucker, 2014). It is also in line with explainability research which indicates that comprehensible information can influence trust and acceptance of an AI system (Shin, 2021).
Research Question 4 was on Privacy Concern and Consumer Engagement. Contrary to H3, there was a positive relationship between privacy concern and engagement, so H3 was rejected. It is not a statement that privacy concerns lead to engagement. A tentative conclusion would be that users who are highly engaged are likely to be more aware of personalization and thus more aware of data collection and profiling. The finding continues the tradition of the privacy-calculus approach by demonstrating that privacy concern can coexist with active involvement (Dinev and Hart, 2006; Ameen et al., 2022). The three predictors jointly produced a significant model that explained 68.7 per cent of the variance, supporting H4.
[bookmark: _Toc240797212][bookmark: _Toc241022419]6.3 Contribution to Knowledge and Theory
The study adds to the literature by testing perceived relevance, transparency and control, and privacy concern concurrently in one Amazon UK model. The previous studies tend to explore the issues individually or rely on measures like purchase intention, trust or advertising effectiveness. This study, however, examined multidimensional consumer engagement and recorded cognitive, emotional and behavioral responses. This aligns with the overall engagement theory of Hollebeek et al. (2014) in an AI based ecommerce environment.
The results also support the integrated theoretical framework to some extent. The Stimulus-Organism-Response model was also found to be applicable because the evaluations of the personalised features by consumers was strongly related to their engagement responses (Mehrabian and Russell, 1974; Eroglu et al., 2001). But the findings indicate that these appraisals are not independent nor consistently directionally strong. Privacy concern did not operate as the hypothesised negative barrier in this sample. The study thus provides platform-specific evidence that value, governance and risk might co-exist, bridging the gaps in the literature review which have been identified as conceptual, empirical and contextual.
[bookmark: _Toc240797213][bookmark: _Toc241022420]6.4 Practical Recommendations
The results indicate some key priorities for Amazon and online retailers who leverage AI for personalisation. The first step is for organisations to make transparency and user control a key aspect of the customer experience, not just a regulatory obligation. Information about the reason for the recommendation of content; the information used to make the recommendation; and the means for changing preferences, should be readily accessible and comprehensible. However, controls need to be visible so that the consumer can understand the impact of changing the control.
Second, the relevance of the recommendations must be retained in the process, but not only the click or the accuracy of the prediction should be used to measure the performance. Users should have easy options to correct unwanted recommendations/reducing personalisation, and to modify interests/reduce irrelevant recommendations. Third, privacy-engagement relationship should not be interpreted as harmless privacy concerns. Retailers should strive to reduce the amount of data used as they are not needed and should clearly inform consumers of practices and offer meaningful options. The actions align with evidence that personalisation is best supported when value is coupled with an appropriate governance system and user confidence (Aguirre et al., 2015; Tucker, 2014).
[bookmark: sec_083][bookmark: _Toc240797214][bookmark: _Toc241022421]6.5 Limitations of the Study
The interpretation of the conclusions should be taken within the methodological limits of the study. The final analytical sample comprised 72 respondents selected by non-probability sampling methods, mainly younger adults and students, and respondents living in England. In particular, 68.1 per cent were in the age group of 25 to 34 and 44.4 per cent were students. The results are therefore not representative of all UK Amazon users, especially older users or those who have different digital confidence and platform usage. The data was also self-reported, which means reported engagement doesn't necessarily equate with actual browsing, click, save or purchase behaviour.
The cross-sectional design does not allow for any conclusions about the direction of effects, especially for the surprising result of privacy. Other issues of heteroscedasticity and influential observations were also noted, with the HC3 robust and sensitivity checks yielding identical primary hypothesis conclusions. Finally, transparency and control were jointly analysed. This was consistent in the present sample, but other dimensions could yield more in-depth results in a larger study.
[bookmark: _Toc240797215][bookmark: _Toc241022422]6.6 Recommendations for Future Research
Future studies are recommended to validate the model with larger and more diverse samples in the UK at various Amazon user levels and various age groups and geographical areas. Where possible, probability or stratified sampling could be used for recruitment to boost representativeness. Studies could be conducted longitudinally to investigate if exposure to personalisation affects engagement or changes in privacy concerns later on, and experiments could involve manipulating the relevance of recommendations, explanatory quality of recommendations, or the user's control over personalisation to further strengthen causal inference.
However, survey data could also be integrated with behavioural data like clicks, browsing depth, saved items or controlled shopping tasks in future studies. Transparency and control should be analyzed in two distinct and separable ways, and larger samples might be used to look at other mechanisms beyond the scope of this dissertation, such as trust, reactance and perceived intrusiveness. Comparative analyses on other online marketplaces might show if the positive association between privacy and engagement is unique to Amazon or if it's more of a trend in AI-driven retail sites.
[bookmark: _Toc240797216][bookmark: _Toc241022423]6.7 Final Conclusion
Overall, this dissertation indicates that consumer engagement with AI-based personalisation was not associated solely with the relevance of recommendations. Sample UK Amazon users were highly engaged, and also reported high levels of privacy concern. Transparency and control remained a significant positive predictor; relevance became non-significant when the appraisals were considered together, while privacy concern showed an unexpected significant positive association. This unanticipated positive privacy link underscores the need to think beyond the convenience vs. concern dichotomy when considering consumer reactions to AI. In this small sample, largely comprised of younger adults, the results indicate that value, governance and privacy need to be taken into account together in assessing personalisation. 
[bookmark: _Toc237186241][bookmark: sec_086]

[bookmark: _Toc240797217][bookmark: _Toc241022424]REFERENCE LIST
Aguirre, E., Mahr, D., Grewal, D., de Ruyter, K. and Wetzels, M. (2015) ‘Unraveling the personalization paradox: The effect of information collection and trust-building strategies on online advertisement effectiveness’, Journal of Retailing, 91(1), pp. 34–49. Available at: https://doi.org/10.1016/j.jretai.2014.09.005 (Accessed: 27 June 2026).
Alhelaly, Y., Dhillon, G. and Oliveira, T. (2025) ‘The impact of privacy intrusiveness on individuals’ responses and engagement toward personalization in online interactive advertising’, Journal of Interactive Advertising, 25(1), pp. 38–60. Available at: https://doi.org/10.1080/15252019.2024.2440318 (Accessed: 21 July 2026).
Amazon (2024a) ‘Amazon announces the launch of Rufus, a new generative AI-powered conversational shopping assistant, in beta across Europe’. Available at: https://www.aboutamazon.eu/news/retail/amazon-announces-the-launch-of-rufus-a-new-generative-ai-powered-conversational-shopping-assistant-in-beta-across-europe (Accessed: 16 July 2026).
Amazon (2024b) ‘Amazon’s new AI Shopping Guides make it easier to research product types and buy smarter. Here’s how’. Available at: https://www.aboutamazon.com/news/retail/amazon-ai-shopping-guides-product-research-recommendations (Accessed: 17 July 2026).
Amazon (2025) ‘How to use Amazon’s AI tools to find the best deals and products for you’. Available at: https://www.aboutamazon.co.uk/news/retail/amazon-ai-shopping-tools (Accessed: 18 July 2026).
Amazon.com, Inc. (2026) 2025 Annual Report: Form 10-K. Seattle, WA: Amazon.com, Inc. Available at: https://ir.aboutamazon.com/sec-filings/sec-filings-details/default.aspx?FilingId=19122496 (Accessed: 15 July 2026).
Ameen, N., Hosany, S. and Paul, J. (2022) ‘The personalisation-privacy paradox: Consumer interaction with smart technologies and shopping mall loyalty’, Computers in Human Behavior, 126, article 106976. Available at: https://doi.org/10.1016/j.chb.2021.106976 (Accessed: 16 July 2026).
Ameen, N., Tarhini, A., Reppel, A. and Anand, A. (2021) ‘Customer experiences in the age of artificial intelligence’, Computers in Human Behavior, 114, article 106548. Available at: https://doi.org/10.1016/j.chb.2020.106548 (Accessed: 15 July 2026).
Awad, N.F. and Krishnan, M.S. (2006) ‘The personalization privacy paradox: An empirical evaluation of information transparency and the willingness to be profiled online for personalization’, MIS Quarterly, 30(1), pp. 13–28. Available at: https://doi.org/10.2307/25148715 (Accessed: 27 June 2026).
Bleier, A. and Eisenbeiss, M. (2015) ‘Personalized online advertising effectiveness: The interplay of what, when, and where’, Marketing Science, 34(5), pp. 669–688. Available at: https://doi.org/10.1287/mksc.2015.0930 (Accessed: 28 June 2026).
Brodie, R.J., Hollebeek, L.D., Jurić, B. and Ilić, A. (2011) ‘Customer engagement: Conceptual domain, fundamental propositions, and implications for research’, Journal of Service Research, 14(3), pp. 252–271. Available at: https://doi.org/10.1177/1094670511411703 (Accessed: 17 July 2026).
Bryman, A. and Bell, E. (2015) Business Research Methods. Oxford: Oxford University Press. Available at: https://global.oup.com/ukhe/product/business-research-methods-9780199668649 (Accessed: 20 June 2026).
Castelo, N., Bos, M.W. and Lehmann, D.R. (2019) ‘Task-dependent algorithm aversion’, Journal of Marketing Research, 56(5), pp. 809–825. Available at: https://doi.org/10.1177/0022243719851788 (Accessed: 19 July 2026).
Chellappa, R.K. and Sin, R.G. (2005) ‘Personalization versus privacy: An empirical examination of the online consumer’s dilemma’, Information Technology and Management, 6(2–3), pp. 181–202. Available at: https://doi.org/10.1007/s10799-005-5879-y (Accessed: 30 June 2026).
Chen, C., Tian, A.D. and Jiang, R. (2024) ‘When post hoc explanation knocks: Consumer responses to explainable AI recommendations’, Journal of Interactive Marketing, 59(3), pp. 234–250. Available at: https://doi.org/10.1177/10949968231200221 (Accessed: 20 July 2026).
Chen, X., Sun, J. and Liu, H. (2022) ‘Balancing web personalization and consumer privacy concerns: Mechanisms of consumer trust and reactance’, Journal of Consumer Behaviour, 21(3), pp. 572–582. Available at: https://doi.org/10.1002/cb.1947 (Accessed: 19 July 2026).
Cloarec, J., Meyer-Waarden, L. and Munzel, A. (2024) ‘Transformative privacy calculus: Conceptualizing the personalization-privacy paradox on social media’, Psychology & Marketing, 41, pp. 1574–1596. Available at: https://doi.org/10.1002/mar.21998 (Accessed: 17 July 2026).
Collis, J. and Hussey, R. (2014) Business Research: A Practical Guide for Undergraduate and Postgraduate Students. Basingstoke: Palgrave Macmillan. Available at: https://www.macmillanihe.com/page/detail/Business-Research/?K=9781137032589 (Accessed: 20 June 2026).
Culnan, M.J. and Armstrong, P.K. (1999) ‘Information privacy concerns, procedural fairness, and impersonal trust: An empirical investigation’, Organization Science, 10(1), pp. 104–115. Available at: https://doi.org/10.1287/orsc.10.1.104 (Accessed: 20 July 2026).
Davenport, T., Guha, A., Grewal, D. and Bressgott, T. (2020) ‘How artificial intelligence will change the future of marketing’, Journal of the Academy of Marketing Science, 48(1), pp. 24–42. Available at: https://doi.org/10.1007/s11747-019-00696-0 (Accessed: 18 July 2026).
de Brito Duarte, R., Correia, F., Arriaga, P. and Paiva, A. (2023) ‘AI trust: Can explainable AI enhance warranted trust?’, Human Behavior and Emerging Technologies, 2023, article 4637678. Available at: https://doi.org/10.1155/2023/4637678 (Accessed: 17 July 2026).
Dinev, T. and Hart, P. (2006) ‘An extended privacy calculus model for e-commerce transactions’, Information Systems Research, 17(1), pp. 61–80. Available at: https://doi.org/10.1287/isre.1060.0080 (Accessed: 19 July 2026).
Eroglu, S.A., Machleit, K.A. and Davis, L.M. (2001) ‘Atmospheric qualities of online retailing: A conceptual model and implications’, Journal of Business Research, 54(2), pp. 177–184. Available at: https://doi.org/10.1016/S0148-2963(99)00087-9 (Accessed: 15 July 2026).
Eroglu, S.A., Machleit, K.A. and Davis, L.M. (2003) ‘Empirical testing of a model of online store atmospherics and shopper responses’, Psychology & Marketing, 20(2), pp. 139–150. Available at: https://doi.org/10.1002/mar.10064 (Accessed: 16 July 2026).
Fehrenbach, D. and Herrando, C. (2021) ‘The effect of customer-perceived value when paying for a product with personal data: A real-life experimental study’, Journal of Business Research, 137, pp. 222–232. Available at: https://doi.org/10.1016/j.jbusres.2021.08.029 (Accessed: 19 July 2026).
Gefen, D., Karahanna, E. and Straub, D.W. (2003) ‘Trust and TAM in online shopping: An integrated model’, MIS Quarterly, 27(1), pp. 51–90. Available at: https://doi.org/10.2307/30036519 (Accessed: 28 June 2026).
Gouthier, M.H.J., Nennstiel, C., Kern, N. and Wendel, L. (2022) ‘The more the better? Data disclosure between the conflicting priorities of privacy concerns, information sensitivity and personalization in e-commerce’, Journal of Business Research, 148, pp. 174–189. Available at: https://doi.org/10.1016/j.jbusres.2022.04.034 (Accessed: 15 July 2026).
Great Britain (2025) Data (Use and Access) Act 2025, c. 18. London: The Stationery Office. Available at: https://www.legislation.gov.uk/ukpga/2025/18 (Accessed: 20 July 2026).
Hair, J.F., Black, W.C., Babin, B.J. and Anderson, R.E. (2019) Multivariate Data Analysis. 8th edn. Andover: Cengage. Available at: https://books.google.com/books/about/Multivariate_Data_Analysis.html?id=0R9ZswEACAAJ (Accessed: 29 June 2026).
He, Y., Du, Y. and Pu, X. (2025) ‘Personalized recommendation system of e-commerce in the digital economy era: Enhancing social connections with graph attention networks’, Applied Artificial Intelligence, 39(1), article 2487417. Available at: https://doi.org/10.1080/08839514.2025.2487417 (Accessed: 21 July 2026).
Hollebeek, L.D., Glynn, M.S. and Brodie, R.J. (2014) ‘Consumer brand engagement in social media: Conceptualization, scale development and validation’, Journal of Interactive Marketing, 28(2), pp. 149–165. Available at: https://doi.org/10.1016/j.intmar.2013.12.002 (Accessed: 18 July 2026).
Huang, M.H. and Rust, R.T. (2021) ‘A strategic framework for artificial intelligence in marketing’, Journal of the Academy of Marketing Science, 49, pp. 30–50. Available at: https://doi.org/10.1007/s11747-020-00749-9 (Accessed: 20 July 2026).
Information Commissioner’s Office (2025) ‘Principle (a): Lawfulness, fairness and transparency’. Available at: https://ico.org.uk/for-organisations/uk-gdpr-guidance-and-resources/data-protection-principles/a-guide-to-the-data-protection-principles/lawfulness-fairness-and-transparency/ (Accessed: 18 July 2026).
Information Commissioner’s Office (2026) ‘ICO consultation on the draft guidance about automated decision-making, including profiling’. Available at: https://ico.org.uk/about-the-ico/ico-and-stakeholder-consultations/2026/03/ico-consultation-on-the-draft-guidance-about-automated-decision-making-including-profiling/ (Accessed: 19 July 2026).
Jayapal, J. (2025) ‘Unveiling the impact of AI-driven personalization on customer loyalty in online shopping: The moderating effects of privacy concerns’, Journal of Promotion Management, 31(5), pp. 865–894. Available at: https://doi.org/10.1080/10496491.2025.2525099 (Accessed: 21 July 2026).
Kathuria, V., Maity, M. and Kwak, H. (2026) ‘Driving consumer engagement and usage intention in AI-driven products: The role of personal control’, Journal of Consumer Behaviour, 25(3), pp. 1521–1537. Available at: https://doi.org/10.1002/cb.70132 (Accessed: 20 July 2026).
Kim, D.J., Ferrin, D.L. and Rao, H.R. (2008) ‘A trust-based consumer decision-making model in electronic commerce: The role of trust, perceived risk, and their antecedents’, Decision Support Systems, 44(2), pp. 544–564. Available at: https://doi.org/10.1016/j.dss.2007.07.001 (Accessed: 27 June 2026).
Kolotylo-Kulkarni, M., Xia, W. and Dhillon, G. (2021) ‘Information disclosure in e-commerce: A systematic review and agenda for future research’, Journal of Business Research, 126, pp. 221–238. Available at: https://doi.org/10.1016/j.jbusres.2020.12.006 (Accessed: 15 July 2026).
Kumar, V. and Pansari, A. (2016) ‘Competitive advantage through engagement’, Journal of Marketing Research, 53(4), pp. 497–514. Available at: https://doi.org/10.1509/jmr.15.0044 (Accessed: 28 June 2026).
Lemon, K.N. and Verhoef, P.C. (2016) ‘Understanding customer experience throughout the customer journey’, Journal of Marketing, 80(6), pp. 69–96. Available at: https://doi.org/10.1509/jm.15.0420 (Accessed: 29 June 2026).
Linden, G., Smith, B. and York, J. (2003) ‘Amazon.com recommendations: Item-to-item collaborative filtering’, IEEE Internet Computing, 7(1), pp. 76–80. Available at: https://doi.org/10.1109/MIC.2003.1167344 (Accessed: 19 July 2026).
Maslowska, E., Malthouse, E.C. and Hollebeek, L.D. (2022) ‘The role of recommender systems in fostering consumers’ long-term platform engagement’, Journal of Service Management, 33(4/5), pp. 721–732. Available at: https://doi.org/10.1108/JOSM-12-2021-0487 (Accessed: 18 July 2026).
McKee, K.M., Dahl, A.J. and Peltier, J.W. (2024) ‘Gen Z’s personalization paradoxes: A privacy calculus examination of digital personalization and brand behaviors’, Journal of Consumer Behaviour, 23(2), pp. 405–422. Available at: https://doi.org/10.1002/cb.2199 (Accessed: 17 July 2026).
Mehrabian, A. and Russell, J.A. (1974) An Approach to Environmental Psychology. Cambridge, MA: MIT Press. Available at: https://mitpress.mit.edu/9780262130905/an-approach-to-environmental-psychology/ (Accessed: 21 July 2026).
Moodley, K. and Sookhdeo, L. (2025) ‘The role of artificial intelligence personalisation in e-commerce: Customer purchase decisions in the retail sector’, South African Journal of Information Management, 27(1), article a1926. Available at: https://doi.org/10.4102/sajim.v27i1.1926 (Accessed: 18 July 2026).
Moran, N. (2024) ‘Losing privacy versus losing choice: How consumers react to different costs of personalization’, Journal of Consumer Affairs, 58(2), pp. 587–605. Available at: https://doi.org/10.1111/joca.12584 (Accessed: 19 July 2026).
Nguyen, D.-N., Nguyen, V.-H., Trinh, T., Ho, T. and Le, H.-S. (2024) ‘A personalized product recommendation model in e-commerce based on retrieval strategy’, Journal of Open Innovation: Technology, Market, and Complexity, 10(2), article 100303. Available at: https://doi.org/10.1016/j.joitmc.2024.100303 (Accessed: 16 July 2026).
Ofcom (2025) Online Nation 2025 report. London: Office of Communications. Available at: https://www.ofcom.org.uk/media-use-and-attitudes/online-habits/online-nation (Accessed: 17 July 2026).
Office for National Statistics (2026a) ‘Internet sales as a percentage of total retail sales (ratio) (%)’. Available at: https://www.ons.gov.uk/businessindustryandtrade/retailindustry/timeseries/j4mc/drsi (Accessed: 21 July 2026).
Office for National Statistics (2026b) ‘Retail sales, Great Britain: May 2026’. Available at: https://www.ons.gov.uk/businessindustryandtrade/retailindustry/bulletins/retailsales/may2026 (Accessed: 15 July 2026).
Office for National Statistics (2026c) ‘Retail Sales Index internet sales’. Available at: https://www.ons.gov.uk/businessindustryandtrade/retailindustry/datasets/retailsalesindexinternetsales/current (Accessed: 16 July 2026).
Pajo, B. (2018) Introduction to Research Methods: A Hands-on Approach. Los Angeles: SAGE. Available at: https://uk.sagepub.com/en-gb/eur/introduction-to-research-methods/book253028 (Accessed: 20 June 2026).
Pavlou, P.A. (2003) ‘Consumer acceptance of electronic commerce: Integrating trust and risk with the Technology Acceptance Model’, International Journal of Electronic Commerce, 7(3), pp. 101–134. Available at: https://doi.org/10.1080/10864415.2003.11044275 (Accessed: 27 June 2026).
Perez-Vega, R., Kaartemo, V., Lages, C.R., Borghei Razavi, N. and Männistö, J. (2021) ‘Reshaping the contexts of online customer engagement behavior via artificial intelligence: A conceptual framework’, Journal of Business Research, 129, pp. 902–910. Available at: https://doi.org/10.1016/j.jbusres.2020.11.002 (Accessed: 20 July 2026).
Polonsky, M.J. and Waller, D.S. (2015) Designing and Managing a Research Project: A Business Student's Guide. London: SAGE. Available at: https://uk.sagepub.com/en-gb/eur/designing-and-managing-a-research-project/book243033 (Accessed: 20 June 2026).
Puntoni, S., Reczek, R.W., Giesler, M. and Botti, S. (2021) ‘Consumers and artificial intelligence: An experiential perspective’, Journal of Marketing, 85(1), pp. 131–151. Available at: https://doi.org/10.1177/0022242920953847 (Accessed: 21 July 2026).
Riegger, A.S., Klein, J.F., Merfeld, K. and Henkel, S. (2021) ‘Technology-enabled personalization in retail stores: Understanding drivers and barriers’, Journal of Business Research, 123, pp. 140–155. Available at: https://doi.org/10.1016/j.jbusres.2020.09.039 (Accessed: 15 July 2026).
Saunders, M.N.K., Lewis, P. and Thornhill, A. (2019) Research Methods for Business Students. 8th edn. Harlow: Pearson Education. Available at: https://www.pearson.com/en-us/subject-catalog/p/research-methods-for-business-students/P200000005358/9781292208787 (Accessed: 20 June 2026).
Scharowski, N., Perrig, S.A.C., Svab, M., Opwis, K. and Brühlmann, F. (2023) ‘Exploring the effects of human-centered AI explanations on trust and reliance’, Frontiers in Computer Science, 5, article 1151150. Available at: https://doi.org/10.3389/fcomp.2023.1151150 (Accessed: 16 July 2026).
Shin, D. (2021) ‘The effects of explainability and causability on perception, trust, and acceptance: Implications for explainable AI’, International Journal of Human-Computer Studies, 146, article 102551. Available at: https://doi.org/10.1016/j.ijhcs.2020.102551 (Accessed: 17 July 2026).
Shin, D. and Park, Y.J. (2019) ‘Role of fairness, accountability, and transparency in algorithmic affordance’, Computers in Human Behavior, 98, pp. 277–284. Available at: https://doi.org/10.1016/j.chb.2019.04.019 (Accessed: 16 July 2026).
Smith, B. and Linden, G. (2017) ‘Two decades of recommender systems at Amazon.com’, IEEE Internet Computing, 21(3), pp. 12–18. Available at: https://doi.org/10.1109/MIC.2017.72 (Accessed: 20 July 2026).
Song, Y.W., Lim, H.S. and Oh, J. (2021) ‘“We think you may like this”: An investigation of electronic commerce personalization for privacy-conscious consumers’, Psychology & Marketing, 38(10), pp. 1723–1740. Available at: https://doi.org/10.1002/mar.21501 (Accessed: 21 July 2026).
Suraña-Sánchez, C. and Aramendia-Muneta, M.E. (2024) ‘Impact of artificial intelligence on customer engagement and advertising engagement: A review and future research agenda’, International Journal of Consumer Studies, 48(2), article e13027. Available at: https://doi.org/10.1111/ijcs.13027 (Accessed: 16 July 2026).
Taber, K.S. (2018) ‘The use of Cronbach's alpha when developing and reporting research instruments in science education’, Research in Science Education, 48, pp. 1273–1296. Available at: https://doi.org/10.1007/s11165-016-9602-2 (Accessed: 1 July 2026).
Tam, K.Y. and Ho, S.Y. (2006) ‘Understanding the impact of web personalization on user information processing and decision outcomes’, MIS Quarterly, 30(4), pp. 865–890. Available at: https://doi.org/10.2307/25148757 (Accessed: 2 July 2026).
Tucker, C.E. (2014) ‘Social networks, personalized advertising, and privacy controls’, Journal of Marketing Research, 51(5), pp. 546–562. Available at: https://doi.org/10.1509/jmr.10.0355 (Accessed: 3 July 2026).
Turki, H. (2025) ‘AI-powered personalization in e-commerce: Governance, consumer behavior, and exploratory insights from big data analytics’, Technology in Society, 83, article 103033. Available at: https://doi.org/10.1016/j.techsoc.2025.103033 (Accessed: 17 July 2026).
Vlačić, B., Corbo, L., Costa e Silva, S. and Dabić, M. (2021) ‘The evolving role of artificial intelligence in marketing: A review and research agenda’, Journal of Business Research, 128, pp. 187–203. Available at: https://doi.org/10.1016/j.jbusres.2021.01.055 (Accessed: 18 July 2026).
Wasilewski, A., Chawla, Y. and Pralat, E. (2025) ‘Enhanced e-commerce personalization through AI-powered content generation tools’, IEEE Access, 13, pp. 48083–48095. Available at: https://doi.org/10.1109/ACCESS.2025.3550956 (Accessed: 19 July 2026).
Xu, H., Luo, X., Carroll, J.M. and Rosson, M.B. (2011) ‘The personalization privacy paradox: An exploratory study of decision-making process for location-aware marketing’, Decision Support Systems, 51(1), pp. 42–52. Available at: https://doi.org/10.1016/j.dss.2010.11.017 (Accessed: 2 July 2026).
Xu, Z., Zeng, H., Tan, J., Fu, Z., Zhang, Y. and Ai, Q. (2024) ‘A reusable model-agnostic framework for faithfully explainable recommendation and system scrutability’, ACM Transactions on Information Systems, 42(1), article 29, pp. 1–29. Available at: https://doi.org/10.1145/3605357 (Accessed: 20 July 2026).
Zeng, F., Ye, Q., Li, J. and Yang, Z. (2021) ‘Does self-disclosure matter? A dynamic two-stage perspective for the personalization-privacy paradox’, Journal of Business Research, 124, pp. 667–675. Available at: https://doi.org/10.1016/j.jbusres.2020.02.006 (Accessed: 20 July 2026).


[bookmark: _Toc237186242][bookmark: sec_087][bookmark: _Toc240797218][bookmark: _Toc241022425]APPENDICES
[bookmark: App_A][bookmark: _Toc240797219][bookmark: _Toc241022426]Appendix A: Ethics Approval Form


[bookmark: App_B][bookmark: _Toc240797220][bookmark: _Toc241022427]Appendix B: Participants Consent Form
[bookmark: _Toc237186243][bookmark: sec_088][image: A close-up of black text

Description automatically generated with low confidence]Participation Consent Form University of Wales Trinity Saint David (c
           



			
	
	Participant Identification Number:
	2434287

	PARTICIPATION CONSENT FORM
(for researcher to fill)

	Project Title: The Influence of Perceived AI-Driven Personalisation on Consumer Engagement among UK Amazon Users

	Name of Researcher: Md Rony Sheak
	Name of Supervisor: Dr Jia Miao

	Email of Researcher: 2434287@student.uwtsd.ac.uk

	Aim of Research: The aim of this study is to examine how perceived relevance, perceived transparency and control, and privacy concern predict consumer engagement with Amazon's AI-driven personalisation among adult UK Amazon users.



	(for participant to fill)
	YES
	NO

	1
	I confirm that I have read and understood the information sheet dated ____29.08.2026_____ for the above study. 
	
	

	2
	I understand there are no material benefits for participating.
	
	

	2
	I have had the opportunity to consider the information, ask questions and have had these answered satisfactorily.
	
	

	3
	I understand that my participation is voluntary and that I am free to withdraw at any time, without giving any reason.
	
	

	4
	I understand that any information given by me may be used in future reports, articles or presentations by the researcher.
	
	

	5
	I consent for my name and title to be used within this study.
	
	

	
	Where applicable, I understand that my details will not be anonymous.
	
	

	6
	I agree to be recorded (audio and/or audio-visual video).
	
	

	7
	I agree to take part in the above study.
	
	

	Researcher’s Name (Print)
	Md Rony Sheak
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	Participant’s Name (Print)

	Md Faysal Rahman
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	[image: ]
	Date
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	You may decline to participate in this study. You may end your participation in this study at any time. All data generated from this or any interview will remain confidential. For more information, please view the university’s Research and Data Management Policy.

When completed please email a copy to the below address to be kept on the file of the researcher and retain a copy for yourself.
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	Participant,
My name is Md Rony Sheak. I am a student of UWTSD. I am collecting data for a research dissertation on "The Influence of Perceived AI-Driven Personalisation on Consumer Engagement among UK Amazon Users". For this, I am conducting an online survey.

If you agree to take part, you will be asked to complete the following questionnaire. There aren't any right or wrong answers - we just want to hear about your opinions. It will take approximately 7–10 minutes. If you don't want to take part, you do not have to give a reason and no pressure will be put on you to try and change your mind. You can withdraw at any time before submitting the questionnaire.

All the information you give us will be confidential and used for this study only, though with your agreement, anonymised, overall study findings may be disseminated through publication or at conference. The information will be used in a way that will not allow you to be identified individually.

The data will be collected and stored in accordance with applicable UK data protection legislation. All raw data will be stored in a password protected location and disposed of in a secure manner. The University Data Protection Policy and Student Privacy Notice set out the rules for adherence to the requirements of data protection laws.

By completing this questionnaire, you are confirming that you understand the reason for this research and know who the contact person is and understand the conditions above. Thank you for your time.

Participation is voluntary and anonymous. Responses are used solely for academic research and will not be shared with any third party. You may withdraw at any time before submitting the questionnaire without consequence. By completing the questionnaire, you confirm informed consent to participate. Completion takes approximately 7–10 minutes.

Regards
Md Rony Sheak



SECTION A: INFORMED CONSENT
Please select one option. Respondents selecting “I do not agree” should be directed to the end of the questionnaire.
	Code
	Statement
	Please tick one

	Q1
	Consent to Participate
	☐  I have read the participant information and voluntarily agree to participate.
☐  I do not agree to participate.



SECTION B: ELIGIBILITY SCREENING
Please answer the following questions. Respondents answering “No” to Questions Q2, Q3, or Q4 should be directed to the end of the questionnaire.
	Code
	Question
	Yes
	No

	Q2
	Are you 18 years of age or above?
	☐
	☐

	Q3
	Do you currently live in the United Kingdom?
	☐
	☐

	Q4
	Have you purchased a product from Amazon UK during the past six months?
	☐
	☐



	Code
	Question
	Yes
	No
	Not Sure

	Q5
	During the past six months, have you encountered any personalised recommendations, advertisements, or AI-assisted shopping content on Amazon UK?
Examples include recommendations based on browsing or purchase history, personalised advertisements, or AI-assisted shopping features.
	☐
	☐
	☐



Survey instruction: Respondents answering 'No' or 'Not sure' to Q5 should be directed to the end of the questionnaire, because recent exposure to at least one personalised Amazon UK feature is an eligibility requirement.
SECTION C: DEMOGRAPHIC INFORMATION
Please select the option that best describes you.
	Code
	Question
	Response Options (Please tick one)

	Q6
	What is your age group?
	☐  18 to 24 years
☐  25 to 34 years
☐  35 to 44 years
☐  45 to 54 years
☐  55 to 64 years
☐  65 years or above
☐  Prefer not to say

	Q7
	What is your gender?
	☐  Female
☐  Male
☐  Non-binary
☐  Prefer to self-describe
☐  Prefer not to say

	Q8
	What is your current employment status?
	☐  Employed full-time
☐  Employed part-time
☐  Self-employed
☐  Student
☐  Unemployed and seeking work
☐  Not currently working
☐  Retired
☐  Other
☐  Prefer not to say

	Q9
	In which UK nation do you currently live?
	☐  England
☐  Scotland
☐  Wales
☐  Northern Ireland
☐  Prefer not to say

	Q10
	How would you describe your level of confidence when using digital technologies?
	☐  Very low
☐  Low
☐  Moderate
☐  High
☐  Very high



SECTION D: AMAZON UK USAGE
Please select the option that best describes your Amazon UK usage.

	Code
	Question
	Response Options (Please tick one)

	Q11
	How frequently do you visit Amazon UK?
	☐  Less than once a month
☐  Once a month
☐  Two or three times a month
☐  Once a week
☐  Several times a week
☐  Daily or almost daily

	Q12
	How frequently do you purchase products from Amazon UK?
	☐  Less than once every six months
☐  Once every three to six months
☐  Once a month
☐  Two or three times a month
☐  Once a week
☐  More than once a week

	Q13
	How long have you used Amazon UK?
	☐  Less than one year
☐  One to two years
☐  Three to five years
☐  Six to ten years
☐  More than ten years

	Q14
	Are you currently an Amazon Prime member?
	☐  Yes
☐  No
☐  Not sure



	Code
	Question
	Select all that apply

	Q15
	Which personalised Amazon features have you encountered during the past six months?
	☐  Products recommended based on browsing history
☐  Products recommended based on previous purchases
☐  Personalised advertisements
☐  “Customers who viewed this item also viewed” suggestions
☐  “Frequently bought together” suggestions
☐  Personalised home-page content
☐  Personalised emails or notifications
☐  Rufus or another AI-assisted shopping tool
☐  AI Shopping Guides
☐  Other personalised features
☐  Not sure


SECTION E: PERCEIVED AI-DRIVEN PERSONALISATION RELEVANCE
Please indicate the extent to which you agree or disagree with each statement. Source and adaptation: PR1-PR5 are adapted, not reproduced verbatim, from Tam and Ho (2006) and Bleier and Eisenbeiss (2015).
	Response Scale
1 = Strongly Disagree     2 = Disagree     3 = Neither Agree nor Disagree     4 = Agree     5 = Strongly Agree



	Code
	Statement
	1 Strongly Disagree
	2 Disagree
	3 Neither
	4 Agree
	5 Strongly Agree

	PR1
	The personalised recommendations I receive from Amazon UK are relevant to my interests.
	☐
	☐
	☐
	☐
	☐

	PR2
	Amazon UK usually recommends products that match my shopping needs.
	☐
	☐
	☐
	☐
	☐

	PR3
	The personalised content shown to me on Amazon UK is useful.
	☐
	☐
	☐
	☐
	☐

	PR4
	Amazon UK’s personalised recommendations help me find suitable products more efficiently.
	☐
	☐
	☐
	☐
	☐

	PR5
	The products recommended to me by Amazon UK are generally appropriate for my preferences.
	☐
	☐
	☐
	☐
	☐



SECTION F: PERCEIVED TRANSPARENCY AND CONTROL
Please indicate the extent to which you agree or disagree with each statement. Source and adaptation: TC1-TC8 are adapted, not reproduced verbatim, from Awad and Krishnan (2006) and Tucker (2014).
	Response Scale
1 = Strongly Disagree     2 = Disagree     3 = Neither Agree nor Disagree     4 = Agree     5 = Strongly Agree



	Code
	Statement
	1 Strongly Disagree
	2 Disagree
	3 Neither
	4 Agree
	5 Strongly Agree

	TC1
	Amazon UK provides sufficient information about why particular products or content are recommended to me.
	☐
	☐
	☐
	☐
	☐

	TC2
	Amazon UK makes it clear that my activities and preferences may be used to personalise my shopping experience.
	☐
	☐
	☐
	☐
	☐

	TC3
	Amazon UK clearly communicates how personal information may be used for personalisation.
	☐
	☐
	☐
	☐
	☐

	TC4
	I know where to find Amazon UK’s privacy and personalisation settings.
	☐
	☐
	☐
	☐
	☐

	TC5
	I feel that I have some control over the personalised content shown to me on Amazon UK.
	☐
	☐
	☐
	☐
	☐

	TC6
	Amazon UK allows me to adjust or manage my personalisation preferences.
	☐
	☐
	☐
	☐
	☐

	TC7
	I believe I can limit the use of my information for personalised advertising or recommendations.
	☐
	☐
	☐
	☐
	☐

	TC8
	Overall, Amazon UK's personalisation practices are clear and understandable to me.
	☐
	☐
	☐
	☐
	☐


SECTION G: PRIVACY CONCERN
Please indicate the extent to which you agree or disagree with each statement. Source and adaptation: PC1-PC6 are adapted, not reproduced verbatim, from Aguirre et al. (2015) and Gouthier et al. (2022).
	Response Scale
1 = Strongly Disagree     2 = Disagree     3 = Neither Agree nor Disagree     4 = Agree     5 = Strongly Agree



	Code
	Statement
	1 Strongly Disagree
	2 Disagree
	3 Neither
	4 Agree
	5 Strongly Agree

	PC1
	I am concerned about the amount of personal information Amazon UK collects about me.
	☐
	☐
	☐
	☐
	☐

	PC2
	I am concerned that Amazon UK may use my personal information for purposes I do not fully understand.
	☐
	☐
	☐
	☐
	☐

	PC3
	I feel uncomfortable when Amazon UK’s recommendations reveal that my online behaviour is being closely monitored.
	☐
	☐
	☐
	☐
	☐

	PC4
	I am concerned about how securely Amazon UK stores information used for personalisation.
	☐
	☐
	☐
	☐
	☐

	PC5
	I worry that information collected for personalisation could be shared or used beyond my original expectations.
	☐
	☐
	☐
	☐
	☐

	PC6
	I sometimes find Amazon UK’s personalised recommendations intrusive.
	☐
	☐
	☐
	☐
	☐


SECTION H: CONSUMER ENGAGEMENT WITH AMAZON’S PERSONALISED CONTENT
Please consider your interactions with Amazon UK’s personalised recommendations, advertisements, shopping suggestions, and AI-assisted content. Indicate the extent to which you agree or disagree with each statement. Source and adaptation: CE1-CE12 are adapted, not reproduced verbatim, from Brodie et al. (2011) and Hollebeek, Glynn and Brodie (2014).
	Response Scale
1 = Strongly Disagree     2 = Disagree     3 = Neither Agree nor Disagree     4 = Agree     5 = Strongly Agree



	Code
	Statement
	1 Strongly Disagree
	2 Disagree
	3 Neither
	4 Agree
	5 Strongly Agree

	Cognitive Engagement

	CE1
	I pay attention to personalised products and content shown to me on Amazon UK.
	☐
	☐
	☐
	☐
	☐

	CE2
	Amazon UK’s personalised recommendations often capture my interest.
	☐
	☐
	☐
	☐
	☐

	CE3
	I spend time considering products recommended to me by Amazon UK.
	☐
	☐
	☐
	☐
	☐

	CE4
	Personalised suggestions encourage me to think about products I might need or want.
	☐
	☐
	☐
	☐
	☐

	Emotional Engagement

	CE5
	I generally feel positive about Amazon UK's personalised recommendations.
	☐
	☐
	☐
	☐
	☐

	CE6
	I enjoy seeing personalised suggestions while shopping on Amazon UK.
	☐
	☐
	☐
	☐
	☐

	CE7
	I feel satisfied with my experience of Amazon UK's personalised recommendations.
	☐
	☐
	☐
	☐
	☐

	CE8
	Personalised content makes my Amazon UK shopping experience more pleasant.
	☐
	☐
	☐
	☐
	☐

	Behavioural Engagement

	CE9
	I frequently click on products recommended to me by Amazon UK.
	☐
	☐
	☐
	☐
	☐

	CE10
	I explore personalised suggestions when using Amazon UK.
	☐
	☐
	☐
	☐
	☐

	CE11
	I sometimes save, add to a list, or add to my basket products recommended by Amazon UK.
	☐
	☐
	☐
	☐
	☐

	CE12
	Personalised recommendations encourage me to spend more time browsing Amazon UK.
	☐
	☐
	☐
	☐
	☐



End of Questionnaire
Thank you for completing this questionnaire.
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ETHICS FORM – UNDERGRADUATE AND TAUGHT POSTGRADUATE COURSES ONLY



APPLICATION FOR ETHICAL APPROVAL



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



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



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



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



SECTION A: About You (Principal Researcher)

		1

		Full Name:

		Md Rony Sheak



		2

		Student Number:

		

2434287



		3

		Email address:

		2434287@student.uwtsd.ac.uk



		4

		Programme of Study:

		Master of Business Administration (MBA)



		5

		Supervisor:

		Jia miao







SECTION B:  Internal and External Ethical Guidance Materials

		

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



		1

		UWTSD Research Ethics & Integrity Code of Practice

		☒

		2

		UWTSD Research Data Management Policy

		☒



		3

		

		☐



		4

		

		☐







SECTION C: Details of Research Activity

		1

		Indicative title:

		The Influence of Perceived AI-Driven Personalisation on Consumer Engagement among UK Amazon Users



		2

		Proposed start date:

		 June,  2026

		Proposed end date:

		September, 2026



		

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

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

· Purpose of Research Activity

· Proposed Research Question

· Aims of Research Activity

· Objectives of Research Activity

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

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

· How it addresses an area of importance. 



		3

		Purpose of Research Activity

The purpose of this research is to investigate how consumers perceive AI-driven personalisation used by Amazon UK and how these perceptions influence consumer engagement with the platform. Artificial intelligence has become a fundamental component of modern digital marketing by enabling companies to personalise recommendations, advertisements and shopping experiences based on users' browsing and purchasing behaviour. Although personalised recommendations can improve customer experience and shopping efficiency, concerns remain regarding transparency, user control and privacy. These concerns may influence whether consumers engage positively or negatively with AI-powered marketing technologies.

This study focuses specifically on Amazon UK because it is one of the largest e-commerce platforms that extensively uses AI-driven recommendation systems and personalised digital marketing. Existing studies have largely examined AI personalisation across multiple industries or general online retail settings. However, there is limited empirical evidence examining how UK Amazon users perceive these AI-driven features and how different perceptions affect consumer engagement within this specific context.

The research will collect primary data through an online questionnaire distributed to UK adults who have recently used Amazon UK. The findings are expected to contribute to a better understanding of consumer responses to AI-driven marketing while providing practical recommendations for Amazon and other e-commerce organisations seeking to improve customer engagement without compromising consumer trust or privacy. The study will also contribute to academic knowledge regarding AI marketing, consumer behaviour and digital personalisation within UK e-commerce. 



(this box should expand as you type)



		4

		Research Question



1. How do UK Amazon users perceive AI-driven personalisation in Amazon's digital marketing activities? 

2. What relationship exists between perceived AI-driven personalisation relevance and consumer engagement among UK Amazon users? 

3. What relationship exists between perceived transparency and control and consumer engagement among UK Amazon users? 

4. What relationship exists between privacy concern and consumer engagement among UK Amazon users?



(this box should expand as you type)



		5

		Aims of Research Activity

Number your aims and link them to your objectives

To evaluate how perceived AI-driven personalisation influences consumer engagement among UK Amazon users.



(this box should expand as you type)



		6

		Objectives of Research Activity

Objective 1

To examine UK Amazon users' perceptions of AI-driven personalisation in Amazon's digital marketing activities.

Objective 2

To assess the relationship between perceived AI-driven personalisation relevance and consumer engagement.

Objective 3

To evaluate the relationship between perceived transparency and control and consumer engagement.

Objective 4

To investigate the relationship between privacy concern and consumer engagement among UK Amazon users.

(this box should expand as you type)



		

		Proposed data collection methods (maximum 600 words)

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



		7

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

Primary data will be collected using a structured online questionnaire administered to adults aged 18 years and above who have used Amazon UK within the previous six months. Participants will be recruited using convenience sampling through online platforms, including social media groups, online communities and personal networks. Participation will be entirely voluntary, and respondents will receive an information sheet explaining the purpose of the study before deciding whether to participate.

Before accessing the questionnaire, participants will be presented with an electronic participant information sheet and consent statement. Only individuals who provide informed consent by selecting the consent option will proceed to the questionnaire. Participants may withdraw from the survey at any time before submitting their responses. They will also have the option to skip any question they do not wish to answer.

The questionnaire will contain three sections. The first section will include screening questions to confirm participant eligibility, including age and recent use of Amazon UK. The second section will collect basic demographic information such as age group, gender, education level, frequency of Amazon use and Amazon Prime membership. No names, addresses or directly identifying information will be collected.

The third section will consist of closed-ended Likert-scale statements measuring the main research variables, including perceived AI-driven personalisation relevance, perceived transparency and control, privacy concern and consumer engagement. These measurement items will be adapted from previously validated academic scales to improve reliability and validity.

The questionnaire will be administered online using Microsoft Forms or Google Forms. Responses will be automatically stored electronically and later exported into IBM SPSS Statistics for data analysis. The study will use descriptive statistics, reliability analysis, Pearson correlation and multiple regression analysis to test the proposed hypotheses.

No interviews, focus groups, audio recordings or video recordings will be conducted. No experimental procedures or deceptive techniques will be used. The research involves minimal risk because participants will simply provide their opinions regarding their experiences of using Amazon UK's AI-driven personalised services. All collected data will remain anonymous and confidential throughout the research process and will be securely stored in password-protected university-approved electronic storage accessible only to the researcher and the academic supervisor. 

(this box should expand as you type)







SECTION D: Scope of Research Activity

		

		Will the research activity include:

		YES

		NO



		1

		Use of a questionnaire or similar research instrument?

		☒

		☐



		2

		Use of interviews?

		☐

		☒



		3

		Use of focus groups?

		☐

		☒



		4

		Use of participant diaries? 

		☐

		☒



		5

		Use of video or audio recording?

		☐

		☒



		6

		Use of computer-generated log files?

		☐

		☒



		7

		Participant observation with their knowledge?

		☐

		☒



		8

		Participant observation without their knowledge?

		☐

		☒



		9

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

		☐

		☒



		10

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

		☐

		☒



		11

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

		☐

		☒



		12

		Investigation of participants involved in illegal activities?

		☐

		☒



		13

		Use of procedures that involve deception?

		☐

		☒



		14

		Administration of any substance, agent or placebo?

		☐

		☒



		15

		Working with live vertebrate animals?

		☐

		☒



		16

		Procedures that may have a negative impact on the environment?

		☐

		☒



		17

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

		☐

		☒



		

		Details of any other primary data collection method:







(this box should expand as you type)

		

		







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



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



SECTION E: Intended Participants

		

		Who are the intended participants:

		

YES

		

NO



		1

		Students or staff at the University?

		☐

		☒



		2

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

		☒

		☒



		3

		Vulnerable adults?

		☐

		☒



		4

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

		☐

		☒



		5

		Prisoners?

		☐

		☒



		6

		Young offenders?

		☐

		☒



		7

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

		☐

		☒



		8

		People engaged in illegal activities?

		☐

		☒



		9

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



		☐

		☒



		

		Details of any other participant groups:

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



(this box should expand as you type)

		

		







		

		Participant numbers and source

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



		10

		How many participants are expected?



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



Approximately 50 UK Amazon users are expected to participate. Participants will be recruited using convenience sampling through online platforms, social media groups, professional networks and personal contacts. Individuals will only participate if they are aged 18 years or above and have used Amazon UK within the previous six months. Participation will be entirely voluntary, and no incentives or payments will be offered.

(this box should expand as you type)



		11

		Who will the participants be?



		

Participants will be adults aged 18 years and above who reside in the United Kingdom and have purchased products from Amazon UK within the last six months. They will represent ordinary consumers with experience of Amazon's AI-driven personalised recommendations and shopping services.



(this box should expand as you type)



		12

		How will you identify the participants?

		

Participants will be identified through an initial screening section within the online questionnaire. Screening questions will confirm that respondents are at least 18 years old and have recently used Amazon UK. Only respondents meeting these eligibility criteria will complete the survey.



(this box should expand as you type)









		

		Information for participants:

		

YES

		NO

		

N/A



		13

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

		☒

		☐

		☐



		14

		Will you tell participants that their participation is voluntary?

		☒

		☐

		☐



		15

		Will you obtain written consent for participation?

		☒

		☐

		☐



		16

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

		☒

		☐

		☐



		17

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

		☐

		☒

		☐



		18

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

		☒

		☐

		☐



		19

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

		☒

		☐

		☐



		20

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

		☒

		☐

		☐



		21

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

		☒

		☐

		☐



		22

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



		

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



(this box should expand as you type)







		

		Information for participants:

		

YES

		NO

		

N/A



		24

		Will participants be paid?

		☐

		☒

		☐



		25

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

		☐

		☒

		☐



		26

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

		☐

		☒

		☐



		27

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

		☐

		☒

		☐



		28

		If YES to any question, please provide full details 



		

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



(this box should expand as you type)







SECTION F: Anticipated Risks



		

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



		1

		Risks to participants

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



		

		Risk to participants:

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

The study presents minimal risk. Participants may experience minor inconvenience while completing the questionnaire or may feel slight discomfort when expressing opinions regarding privacy, transparency or AI-driven marketing practices.

(this box should expand as you type)

		How you will mitigate the risk to participants:



Participants will receive a Participant Information Sheet before the survey begins and will provide informed consent electronically. Participation is voluntary, respondents may skip any question, and they may withdraw before submitting the questionnaire. No personally identifiable information will be collected, ensuring anonymity and confidentiality throughout the research.



(this box should expand as you type)



		2

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



		

		The questionnaire does not include questions relating to criminal behaviour, political opinions, religion, sexual behaviour, health status or any other highly sensitive issues. Questions focus solely on participants' perceptions of Amazon's AI-driven personalisation, privacy, transparency and consumer engagement. Therefore, no significant emotional distress is anticipated.





(this box should expand as you type)



		3

		Risks to the investigator

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



		

		Risk to the investigator:

There are always risks. Do not write NA.

The researcher may encounter minor risks such as delays in recruiting sufficient participants, accidental data loss, or technical issues associated with online survey administration and data analysis.

(this box should expand as you type)

		How you will mitigate the risk to the investigator:

The researcher will use password-protected university-approved storage, regularly back up research files, monitor data collection carefully and seek guidance from the academic supervisor whenever necessary. Data analysis will follow established academic procedures using SPSS to minimise analytical errors.





(this box should expand as you type)



		4

		University/institutional risks

For example: adverse publicity, financial loss, data protection



		

		Risk to the University:

There are always risks. Do not write NA.

Potential institutional risks include breaches of data confidentiality, misuse of participant information or failure to comply with ethical and data protection regulations.



(this box should expand as you type)

		How you will mitigate the risk to the University:



The study will comply fully with the UWTSD Research Ethics and Integrity Code of Practice, the UK GDPR and the Data Protection Act 2018. Anonymous data will be securely stored, used solely for academic purposes and accessed only by the researcher and supervisor.



(this box should expand as you type)



		5

		Environmental risks

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



		

		Risk to the environment:



The study poses no significant environmental risks because all data collection will be conducted electronically through an online questionnaire.



(this box should expand as you type)

		How you will mitigate the risk to environment:

No printed questionnaires or physical materials will be used. Electronic data collection reduces paper consumption and minimises environmental impact.





(this box should expand as you type)







SECTION G: Feedback, Consent and Confidentiality



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



		1

		Feedback

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



		

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

Participants will receive a Participant Information Sheet before taking part in the study, explaining the purpose of the research, their rights and the expected time required to complete the questionnaire. After submitting the questionnaire, participants will be shown a short debriefing statement thanking them for their participation and reminding them of the research purpose. If participants wish to know more about the study or request a summary of the research findings after completion, they may contact the researcher using the university email address provided in the Participant Information Sheet.





(this box should expand as you type)



		2

		Informed consent

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



		

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

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

Before accessing the questionnaire, participants will read an electronic Participant Information Sheet describing the research objectives, procedures, expected duration, confidentiality arrangements, voluntary participation and withdrawal rights. Participants will provide informed consent by selecting an electronic consent option before proceeding to the questionnaire. Those who do not provide consent will not be able to participate. Consent will be recorded electronically and stored securely in accordance with UK GDPR and the Data Protection Act 2018.



(this box should expand as you type)



		3

		Confidentiality / Anonymity

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



		

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

Participant anonymity will be maintained throughout the study. The questionnaire will not request names, addresses, telephone numbers or other directly identifying information. Responses will be analysed only in aggregated form, and individual participants will not be identifiable in the dissertation or any future publication. All electronic data will be stored securely using password-protected university-approved storage and accessed only by the researcher and supervisor.



(this box should expand as you type)







SECTION H: Data Protection and Storage



		

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

		YES

		NO



		1

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

		☐☒



		☐



		

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



		2

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

Although participants will remain anonymous, electronic consent records and limited demographic information (such as age group, gender and Amazon usage characteristics) constitute personal data under UK GDPR. No names, addresses or contact details will be collected.



(this box should expand as you type)



		

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

		YES

		NO



		3

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

(a) racial or ethnic origin,

(b) political opinions,

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

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

(e) physical or mental health or condition,

(f) sexual life,

(g) genetics,

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

		

☐



		



☒



		

		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.



The study will not collect any special category data such as health information, ethnicity, religion, political opinions, biometric data or sexual orientation.





(this box should expand as you type)







		

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

		YES

		NO



		5

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

		☐

		☒



		6

		University computers?

		☒

		☐



		7

		Private company computers?

		☐

		☒



		8

		Home or other personal computers?

		☒

		☐



		9

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

		☒

		☐



		10

		“Cloud” storage or websites?

		☒

		☐



		11

		Other – specify:



		☐

		☒



		12

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



		

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



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

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

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



All electronic data will be stored using password-protected University OneDrive/Office 365 storage with restricted access. Backup copies will also be maintained securely. Survey responses will be anonymised immediately after collection, and each participant will be assigned a unique identification code. Data files will be encrypted where appropriate and retained only for the period required by university regulations before secure deletion.



(this box should expand as you type)







		

		Data Protection



		

		Will the research activity involve any of the following activities:

		YES

		NO



		13

		Electronic transfer of data in any form?

		☒

		☐



		14

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

		☒

		☐



		15

		Sharing of data with other organisations?

		☐

		☒



		16

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

		☐

		☒



		17

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

		☐

		☒



		18

		Publication of data that might allow identification of individuals?

		☐

		☒



		19

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



		

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



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

Electronic survey data will be securely transferred between Microsoft Forms or Google Forms, University OneDrive storage and SPSS for analysis. Data transfers will be encrypted where possible, and only anonymised datasets will be used for analysis. Participants may request withdrawal of their identifiable consent record before data analysis begins.



(this box should expand as you type)



		20

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



		

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

Md Rony Sheak (Principal Researcher) 

Dr. Jia Miao (Academic Supervisor) 

Internal Examiner (if required) 

External Examiner (if required)



(this box should expand as you type)



		21

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



		

		Usually the principal researcher.

Md Rony Sheak (Principal Researcher)



(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. 

All research data will be stored electronically in password-protected University OneDrive/Office 365 storage. Files will be encrypted where appropriate and backed up regularly. Only the researcher and supervisor will have access to identifiable research materials. Anonymous research data will be retained according to UWTSD research data management requirements before secure deletion.



(this box should expand as you type)



		22

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

		☒



		23

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

		☒









SECTION I: Use of AI tools

		Use of generative AI and other AI-based tools

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



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

		YES

		NO

		N/A



		1

		Capture data?

		☐

		☒

		☐



		2

		Generate and/or edit text?

		☒

		☐

		☐



		3

		Generate graphics?

		☒

		☐

		☐



		4

		Generate video?

		☐

		☒

		☐



		5

		Generate sound/music?

		☐

		☒

		☐



		6

		Generate code?

		☐

		☒

		☐



		7

		Generate synthetic data?

		☐

		☒

		☐



		8

		Analyse data?

		☐

		☒

		☐



		9

		Analyse personal or sensitive data?

		☐

		☒

		☐



		10

		Classify data?

		☐

		☒

		☐



		11

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

		☒

		☐

		☐



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



		12

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

Generative AI tools (such as ChatGPT) may be used only to support language refinement, proofreading, grammar improvement, formatting assistance and the creation of simple conceptual diagrams. AI will not be used to generate research findings, fabricate references, create survey responses, analyse research data or make research decisions. All academic content, critical analysis, literature review, data interpretation and conclusions will be independently reviewed, verified and approved by the researcher. The use of AI will comply fully with UWTSD policies on academic integrity and responsible use of generative AI.

AI Tool

· ChatGPT (OpenAI) – cloud-based service hosted by OpenAI. 

· Used only for language support, formatting assistance and proofreading. 

· No confidential participant data or identifiable information will be uploaded into the AI system.



(this box should expand as you type)









SECTION J: Declaration

		

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



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



		1

		Signature of applicant:

		Md Rony Sheak

		Date: 17.07.2026





		2

		Supervisor:

		

		Date:



		3

		Signature:
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The Influence of Perceived AI-Driven Personalisation on Consumer Engagement among UK Amazon Users (Responses).xlsx
Form Responses 1

		Timestamp		Q1. Consent to Participate		Q2. Are you 18 years of age or above?		Q3. Do you currently live in the United Kingdom?		Q4. Have you purchased a product from Amazon UK during the past six months?		Q5. During the past six months, have you encountered any personalised recommendations, advertisements, or AI-assisted shopping content on Amazon UK? (Examples include recommendations based on browsing or purchase history, personalised advertisements, or AI-assisted shopping features.)		Q6. What is your age group?		Q7. What is your gender?		Q8. What is your current employment status?		Q9. In which UK nation do you currently live?		Q10. How would you describe your level of confidence when using digital technologies?		Q11. How frequently do you visit Amazon UK?		Q12. How frequently do you purchase products from Amazon UK?		Q13. How long have you used Amazon UK?		Q14. Are you currently an Amazon Prime member?		Q15. Which personalised Amazon features have you encountered during the past six months? (Select all that apply)		Q16. The personalised recommendations I receive from Amazon UK are relevant to my interests.		Q17. Amazon UK usually recommends products that match my shopping needs.		Q18. The personalised content shown to me on Amazon UK is useful.		Q19. Amazon UK's personalised recommendations help me find suitable products more efficiently.		Q20. The products recommended to me by Amazon UK are generally appropriate for my preferences.		Q21. Amazon UK provides sufficient information about why particular products or content are recommended to me.		Q22. Amazon UK makes it clear that my activities and preferences may be used to personalise my shopping experience.		Q23. Amazon UK clearly communicates how personal information may be used for personalisation.		Q24. I know where to find Amazon UK's privacy and personalisation settings.		Q25. I feel that I have some control over the personalised content shown to me on Amazon UK.		Q26. Amazon UK allows me to adjust or manage my personalisation preferences.		Q27. I believe I can limit the use of my information for personalised advertising or recommendations.		Q28. Overall, Amazon UK's personalisation practices are clear and understandable to me.		Q29. I am concerned about the amount of personal information Amazon UK collects about me.		Q30. I am concerned that Amazon UK may use my personal information for purposes I do not fully understand.		Q31. I feel uncomfortable when Amazon UK's recommendations reveal that my online behaviour is being closely monitored.		Q32. I am concerned about how securely Amazon UK stores information used for personalisation.		Q33. I worry that information collected for personalisation could be shared or used beyond my original expectations.		Q34. I sometimes find Amazon UK's personalised recommendations intrusive.		Q35. I pay attention to personalised products and content shown to me on Amazon UK.		Q36. Amazon UK's personalised recommendations often capture my interest.		Q37. I spend time considering products recommended to me by Amazon UK.		Q38. Personalised suggestions encourage me to think about products I might need or want.		Q39. I generally feel positive about Amazon UK's personalised recommendations.		Q40. I enjoy seeing personalised suggestions while shopping on Amazon UK.		Q41. I feel satisfied with my experience of Amazon UK's personalised recommendations.		Q42. Personalised content makes my Amazon UK shopping experience more pleasant.		Q43. I frequently click on products recommended to me by Amazon UK.		Q44. I explore personalised suggestions when using Amazon UK.		Q45. I sometimes save, add to a list, or add to my basket products recommended by Amazon UK.		Q46. Personalised recommendations encourage me to spend more time browsing Amazon UK.

		8/31/2026 1:39:25		I have read the participant information and voluntarily agree to participate.		No		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		Northern Ireland		Moderate		Two or three times a month		Two or three times a month		One to two years		No		Products recommended based on previous purchases, "Frequently bought together" suggestions, Personalised emails or notifications, AI Shopping Guides		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Agree		Agree		Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree

		8/31/2026 2:49:40		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		Moderate		Once a month		Once every three to six months		Less than one year		Yes		Products recommended based on browsing history		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Strongly Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Strongly Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Strongly Agree

		8/31/2026 5:47:45		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a week		Once a month		One to two years		Yes		Products recommended based on previous purchases, "Customers who viewed this item also viewed" suggestions, Personalised home-page content, AI Shopping Guides		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree

		8/31/2026 5:49:34		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		England		Very low		Less than once a month		Once every three to six months		Less than one year		Yes		Products recommended based on previous purchases		Strongly Disagree		Disagree		Disagree		Strongly Disagree		Disagree		Disagree		Disagree		Strongly Disagree		Strongly Disagree		Disagree		Disagree		Strongly Disagree		Strongly Disagree		Disagree		Disagree		Disagree		Strongly Disagree		Strongly Disagree		Disagree		Strongly Disagree		Disagree		Neither Agree nor Disagree		Disagree		Neither Agree nor Disagree		Disagree		Strongly Disagree		Strongly Disagree		Disagree		Strongly Disagree		Disagree		Disagree

		8/31/2026 5:52:03		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		England		High		Once a month		Once every three to six months		One to two years		No		Products recommended based on browsing history, Products recommended based on previous purchases, Personalised advertisements, Personalised home-page content, Personalised emails or notifications		Agree		Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Disagree		Agree		Strongly Disagree		Disagree		Agree		Agree		Disagree		Neither Agree nor Disagree		Disagree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Disagree		Agree		Strongly Agree

		8/31/2026 6:09:02		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed full-time		England		Very high		Two or three times a month		Two or three times a month		Three to five years		Yes		Products recommended based on browsing history, "Frequently bought together" suggestions		Neither Agree nor Disagree		Agree		Agree		Neither Agree nor Disagree		Agree		Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree

		8/31/2026 6:15:03		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a week		Once a week		Three to five years		No		Products recommended based on previous purchases, "Frequently bought together" suggestions, AI Shopping Guides		Agree		Agree		Agree		Agree		Agree		Agree		Disagree		Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree

		8/31/2026 6:16:54		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Prefer to self-describe		Student		England		Moderate		Two or three times a month		Once a month		Three to five years		Yes		"Frequently bought together" suggestions, Personalised home-page content, Personalised emails or notifications, Rufus or another AI-assisted shopping tool		Neither Agree nor Disagree		Disagree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Disagree		Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree

		8/31/2026 6:20:23		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed full-time		England		Very high		Daily or almost daily		More than once a week		One to two years		Yes		Products recommended based on browsing history, Products recommended based on previous purchases, Personalised advertisements, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, Personalised home-page content, Personalised emails or notifications, Rufus or another AI-assisted shopping tool, AI Shopping Guides		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		8/31/2026 10:53:00		I have read the participant information and voluntarily agree to participate.		Yes		Yes		No		Yes		25 to 34 years		Male		Employed part-time		England		High		Once a month		Once a week		One to two years		Yes		Products recommended based on browsing history, "Customers who viewed this item also viewed" suggestions, Personalised emails or notifications, AI Shopping Guides		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree

		8/31/2026 13:18:48		I have read the participant information and voluntarily agree to participate.		Yes		Yes		No		Not Sure

		8/31/2026 14:12:37		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed full-time		England		High		Once a week		Two or three times a month		More than ten years		No		Products recommended based on browsing history, "Frequently bought together" suggestions, Personalised emails or notifications		Strongly Disagree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Agree

		8/31/2026 14:13:50		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		18 to 24 years		Female		Employed part-time		England		Moderate		Several times a week		Once a week		Three to five years		No		Products recommended based on browsing history, Products recommended based on previous purchases, "Frequently bought together" suggestions, Rufus or another AI-assisted shopping tool		Strongly Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree

		8/31/2026 14:15:09		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Male		Employed full-time		England		High		Once a week		Two or three times a month		Three to five years		Yes		Products recommended based on browsing history, Personalised advertisements, Personalised home-page content, Rufus or another AI-assisted shopping tool, AI Shopping Guides, Other personalised features		Agree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree

		8/31/2026 16:37:25		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		18 to 24 years		Male		Employed part-time		England		Very high		Daily or almost daily		Two or three times a month		Less than one year		Yes		Products recommended based on browsing history, Products recommended based on previous purchases, Personalised advertisements, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, Rufus or another AI-assisted shopping tool		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/1/2026 12:37:57		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Male		Employed full-time		England		Very high		Once a month		Two or three times a month		One to two years		No		Products recommended based on previous purchases		Strongly Disagree		Strongly Disagree		Agree		Agree		Agree		Strongly Disagree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree

		9/1/2026 13:16:12		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		No

		9/1/2026 13:21:57		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Student		England		High		Once a week		Once every three to six months		One to two years		No		Products recommended based on browsing history, Products recommended based on previous purchases, Personalised advertisements, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, Personalised home-page content, AI Shopping Guides		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Agree		Agree

		9/1/2026 13:22:53		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed full-time		England		High		Several times a week		Once a month		Three to five years		No		Products recommended based on browsing history, Products recommended based on previous purchases, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree

		9/1/2026 13:26:11		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		18 to 24 years		Male		Employed full-time		England		Very high		Two or three times a month		Less than once every six months		Three to five years		Yes		Products recommended based on browsing history, Products recommended based on previous purchases, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, Rufus or another AI-assisted shopping tool, AI Shopping Guides		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/1/2026 13:29:08		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed full-time		Scotland		Low		Once a week		Two or three times a month		Three to five years		No		Personalised advertisements, Personalised emails or notifications		Disagree		Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree

		9/1/2026 13:30:12		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		45 to 54 years		Male		Self-employed		Northern Ireland		Moderate		Once a month		Once a month		More than ten years		Yes		Personalised advertisements, Rufus or another AI-assisted shopping tool, Not sure		Disagree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree

		9/1/2026 13:30:28		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Female		Employed full-time		England		Moderate		Less than once a month		Less than once every six months		Less than one year		No		Products recommended based on browsing history, Products recommended based on previous purchases, Personalised advertisements, "Frequently bought together" suggestions		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/1/2026 13:32:13		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		65 years or above		Male		Employed part-time		Northern Ireland		High		Two or three times a month		Once every three to six months		Three to five years		Not sure		Personalised advertisements, "Frequently bought together" suggestions, Rufus or another AI-assisted shopping tool		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Disagree		Strongly Disagree		Strongly Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Strongly Agree		Strongly Disagree		Strongly Disagree		Strongly Disagree		Disagree		Neither Agree nor Disagree		Agree		Strongly Disagree		Agree		Strongly Agree		Neither Agree nor Disagree

		9/1/2026 13:35:40		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Unemployed and seeking work		England		Very high		Several times a week		Less than once every six months		One to two years		No		Products recommended based on browsing history, Products recommended based on previous purchases, Personalised advertisements, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, Personalised home-page content, Personalised emails or notifications, Rufus or another AI-assisted shopping tool, AI Shopping Guides, Other personalised features		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree

		9/1/2026 15:02:36		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		England		Very high		Two or three times a month		Less than once every six months		One to two years		Yes		Products recommended based on browsing history, Products recommended based on previous purchases, Personalised advertisements, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, Personalised home-page content, Personalised emails or notifications, Rufus or another AI-assisted shopping tool, AI Shopping Guides, Other personalised features		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree

		9/1/2026 19:03:49		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		45 to 54 years		Male		Employed full-time		Wales		High		Once a month		Once a month		One to two years		No		Personalised advertisements		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Disagree		Disagree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/1/2026 21:37:06		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed full-time		England		High		Two or three times a month		Two or three times a month		One to two years		No		Products recommended based on previous purchases		Strongly Disagree		Agree		Agree		Strongly Disagree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree

		9/1/2026 22:32:25		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		45 to 54 years		Non-binary		Unemployed and seeking work		England		Moderate		Several times a week		Once a week		Three to five years		No		Personalised advertisements, Rufus or another AI-assisted shopping tool, Other personalised features		Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Disagree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree

		9/1/2026 22:33:45		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		England		Very high		Daily or almost daily		More than once a week		More than ten years		Not sure		Products recommended based on browsing history, Personalised advertisements, Rufus or another AI-assisted shopping tool		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/1/2026 22:33:58		I have read the participant information and voluntarily agree to participate.		No		No		No		Not Sure

		9/1/2026 22:34:57		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Female		Employed part-time		England		Very high		Two or three times a month		Once a month		Six to ten years		Not sure		Personalised advertisements, "Frequently bought together" suggestions, Other personalised features		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree

		9/1/2026 22:36:11		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		18 to 24 years		Female		Employed full-time		England		Very high		Daily or almost daily		More than once a week		More than ten years		Not sure		Products recommended based on browsing history, Products recommended based on previous purchases, Personalised advertisements, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, Personalised home-page content, Personalised emails or notifications, Rufus or another AI-assisted shopping tool, AI Shopping Guides, Other personalised features		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/2/2026 0:00:17		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a week		Two or three times a month		Less than one year		No		Products recommended based on previous purchases		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/2/2026 1:47:25		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Student		England		High		Several times a week		Once a month		One to two years		Yes		Products recommended based on browsing history, Products recommended based on previous purchases, Personalised advertisements, Personalised home-page content		Agree		Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree

		9/2/2026 3:06:08		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Student		England		High		Once a month		Once every three to six months		Less than one year		Not sure		"Customers who viewed this item also viewed" suggestions		Strongly Disagree		Agree		Agree		Strongly Disagree		Agree		Agree		Agree		Strongly Disagree		Neither Agree nor Disagree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Agree

		9/2/2026 3:59:37		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		England		High		Several times a week		Two or three times a month		One to two years		Yes		Products recommended based on previous purchases		Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Agree		Agree		Strongly Agree		Agree

		9/2/2026 4:55:58		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Self-employed		England		High		Once a month		Once a month		One to two years		No		Products recommended based on previous purchases		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Disagree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree

		9/2/2026 5:08:16		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Two or three times a month		Once a month		One to two years		No		Products recommended based on previous purchases		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree

		9/2/2026 5:17:12		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Student		England		Very high		Several times a week		Once a month		Less than one year		Yes		Products recommended based on previous purchases		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree

		9/2/2026 5:22:58		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Less than once a month		Once a month		Three to five years		No		Products recommended based on previous purchases, "Customers who viewed this item also viewed" suggestions, Personalised home-page content, Personalised emails or notifications		Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Strongly Agree

		9/2/2026 5:25:41		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		England		High		Several times a week		Once a week		Three to five years		Yes		Personalised emails or notifications, Rufus or another AI-assisted shopping tool, AI Shopping Guides, Other personalised features		Strongly Agree		Agree		Neither Agree nor Disagree		Disagree		Neither Agree nor Disagree		Strongly Disagree		Disagree		Neither Agree nor Disagree		Disagree		Agree		Agree		Agree		Agree		Disagree		Agree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree

		9/2/2026 5:27:37		I have read the participant information and voluntarily agree to participate.		Yes		Yes		No		Yes		25 to 34 years		Male		Not currently working		England		Very high		Daily or almost daily		More than once a week		Six to ten years		Yes		Personalised advertisements, "Customers who viewed this item also viewed" suggestions, Personalised emails or notifications, Rufus or another AI-assisted shopping tool, Other personalised features		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree

		9/2/2026 5:29:01		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed full-time		England		Low		Less than once a month		Once every three to six months		One to two years		Yes		Personalised advertisements, "Frequently bought together" suggestions		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Disagree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/2/2026 5:30:13		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a week		Once every three to six months		Six to ten years		No		Products recommended based on previous purchases, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, Personalised emails or notifications		Strongly Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Disagree		Strongly Disagree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Neither Agree nor Disagree		Agree

		9/2/2026 5:52:35		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Student		England		Moderate		Two or three times a month		Once a month		One to two years		No		Products recommended based on previous purchases, "Frequently bought together" suggestions, Not sure		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree

		9/2/2026 6:02:27		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		England		Moderate		Once a month		Once a month		Less than one year		Yes		Products recommended based on browsing history		Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree

		9/2/2026 6:04:18		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		18 to 24 years		Male		Student		England		Low		Once a week		Once every three to six months		Six to ten years		Yes		Products recommended based on previous purchases, Personalised advertisements, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions		Agree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree

		9/2/2026 6:30:35		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Prefer not to say		Wales		Very high		Daily or almost daily		Once a month		Less than one year		Yes		Products recommended based on previous purchases		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/2/2026 6:32:52		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a month		Once a month		One to two years		Yes		Personalised advertisements		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree

		9/2/2026 6:48:02		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Female		Not currently working		Wales		High		Two or three times a month		Two or three times a month		Three to five years		No		Products recommended based on browsing history		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree

		9/2/2026 12:24:01		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		45 to 54 years		Male		Self-employed		Wales		Moderate		Once a week		Once a week		One to two years		No		Products recommended based on previous purchases		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree

		9/2/2026 12:55:45		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Employed part-time		England		Moderate		Once a month		Once a month		Less than one year		Yes		Products recommended based on browsing history, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, AI Shopping Guides		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Agree		Agree		Disagree		Disagree		Disagree		Neither Agree nor Disagree		Disagree		Neither Agree nor Disagree		Disagree		Neither Agree nor Disagree

		9/2/2026 15:29:07		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Student		England		High		Once a month		Once a month		One to two years		No		Products recommended based on previous purchases		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree

		9/2/2026 15:31:33		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		Wales		Moderate		Two or three times a month		Two or three times a month		Three to five years		No		Personalised home-page content		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree

		9/2/2026 15:56:24		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a month		Once a month		One to two years		No		Personalised home-page content, Personalised emails or notifications		Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Agree

		9/2/2026 16:23:09		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Male		Self-employed		England		High		Two or three times a month		Two or three times a month		Three to five years		No		Personalised advertisements, Personalised home-page content		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree

		9/2/2026 18:37:17		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Two or three times a month		Once a month		One to two years		No		Personalised advertisements, Personalised home-page content		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree

		9/2/2026 19:08:07		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		Very high		Once a week		Once a month		Less than one year		Yes		Products recommended based on previous purchases		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree

		9/2/2026 19:08:59		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		45 to 54 years		Male		Student		England		High		Less than once a month		Once every three to six months		One to two years		Yes		Products recommended based on browsing history, "Customers who viewed this item also viewed" suggestions, AI Shopping Guides		Agree		Strongly Disagree		Strongly Agree		Strongly Disagree		Agree		Strongly Disagree		Agree		Strongly Disagree		Strongly Agree		Disagree		Agree		Strongly Disagree		Strongly Agree		Strongly Disagree		Strongly Disagree		Agree		Strongly Disagree		Strongly Disagree		Strongly Disagree		Strongly Disagree		Strongly Disagree		Neither Agree nor Disagree		Strongly Agree		Strongly Disagree		Agree		Strongly Disagree		Agree		Disagree		Strongly Agree		Agree		Strongly Disagree

		9/2/2026 19:10:30		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Student		England		Very high		Once a week		Once a month		Less than one year		Yes		Products recommended based on previous purchases		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/2/2026 19:40:06		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a month		Once a month		One to two years		No		Products recommended based on previous purchases, Personalised emails or notifications, Rufus or another AI-assisted shopping tool		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree

		9/2/2026 19:48:13		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Female		Not currently working		England		Moderate		Once a month		Once a month		One to two years		No		Personalised advertisements, Personalised home-page content		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree

		9/2/2026 20:08:17		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Male		Employed full-time		England		Moderate		Once a month		Once a month		One to two years		No		Products recommended based on previous purchases, Personalised emails or notifications		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree

		9/2/2026 20:09:48		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Male		Student		Scotland		Moderate		Once a week		Once a month		Three to five years		No		Products recommended based on previous purchases, Rufus or another AI-assisted shopping tool		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree

		9/2/2026 20:37:18		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Student		England		High		Once a month		Once a month		One to two years		No		Personalised advertisements, Personalised emails or notifications		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree

		9/2/2026 21:53:42		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Several times a week		Once every three to six months		Less than one year		No		Products recommended based on browsing history		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree

		9/3/2026 3:46:36		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Female		Student		England		High		Once a month		Once a month		One to two years		No		"Customers who viewed this item also viewed" suggestions, AI Shopping Guides		Agree		Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree

		9/3/2026 4:29:07		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a month		Once a month		One to two years		No		Products recommended based on previous purchases, Personalised home-page content		Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Agree

		9/3/2026 5:42:16		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		England		Moderate		Once a month		Two or three times a month		One to two years		Yes		Personalised advertisements		Agree		Agree		Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree

		9/3/2026 5:59:11		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Female		Student		England		Very high		Once a week		Once a month		Less than one year		Yes		Products recommended based on previous purchases		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Disagree		Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Disagree		Strongly Agree		Strongly Agree

		9/3/2026 6:01:23		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		Very high		Once a week		Once a month		Less than one year		Yes		Products recommended based on previous purchases		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Disagree		Agree		Strongly Agree		Agree		Agree		Strongly Agree		Disagree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/3/2026 6:01:52		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		Moderate		Daily or almost daily		More than once a week		More than ten years		Not sure		Products recommended based on previous purchases, Personalised advertisements, Personalised home-page content, Personalised emails or notifications, Other personalised features		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Disagree		Strongly Disagree		Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Neither Agree nor Disagree

		9/3/2026 6:03:43		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Non-binary		Unemployed and seeking work		Prefer not to say		Moderate		Once a month		Once a month		Three to five years		No		Products recommended based on previous purchases, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, Personalised home-page content		Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Disagree		Neither Agree nor Disagree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Strongly Agree

		9/3/2026 6:06:38		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a week		Once a month		Three to five years		Yes		Personalised advertisements, "Customers who viewed this item also viewed" suggestions, "Frequently bought together" suggestions, AI Shopping Guides		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Agree		Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Agree		Neither Agree nor Disagree		Disagree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Agree

		9/3/2026 10:06:26		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		45 to 54 years		Prefer to self-describe		Unemployed and seeking work		Wales		Moderate		Less than once a month		Once a month		Six to ten years		No		Products recommended based on browsing history, Other personalised features		Disagree		Neither Agree nor Disagree		Agree		Agree		Neither Agree nor Disagree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Neither Agree nor Disagree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/3/2026 10:08:13		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		55 to 64 years		Prefer not to say		Unemployed and seeking work		Northern Ireland		Low		Two or three times a month		Once a week		Six to ten years		Not sure		Products recommended based on previous purchases, Personalised emails or notifications		Disagree		Disagree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/3/2026 10:09:55		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		35 to 44 years		Female		Unemployed and seeking work		England		High		Several times a week		Once a week		Six to ten years		Not sure		Personalised advertisements, AI Shopping Guides		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree

		9/3/2026 13:52:07		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Student		England		High		Once a week		Once every three to six months		Less than one year		No		Products recommended based on browsing history, Personalised advertisements, "Frequently bought together" suggestions, Personalised home-page content		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Agree		Strongly Agree		Agree		Disagree		Disagree		Neither Agree nor Disagree		Agree		Neither Agree nor Disagree		Disagree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree

		9/3/2026 16:53:09		I have read the participant information and voluntarily agree to participate.		Yes		Yes		Yes		Yes		25 to 34 years		Male		Employed part-time		England		High		Once a month		Two or three times a month		One to two years		Yes		Products recommended based on browsing history, "Customers who viewed this item also viewed" suggestions, Personalised emails or notifications, AI Shopping Guides, Other personalised features		Agree		Strongly Agree		Agree		Agree		Agree		Agree		Neither Agree nor Disagree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Agree		Agree		Strongly Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree		Agree		Strongly Agree
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