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Abstract
This dissertation focuses on the effect of AI personalisation on consumers' purchase intention in the Amazon E-commerce platform and perceived relevance and customer experience are the mediating variables. This study investigates the relationship between personalised product recommendations and consumers' willingness to buy, and considers the possibility of this relationship occurring directly or indirectly via internal consumer evaluations. The design of the research was used was quantitative and data collection method was an online questionnaire. There were 77 responses and 54 of these were valid responses after screening. The data were analysed using SPSS through reliability analysis, descriptive statistics, correlation, regression and serial mediation analysis. The results indicate that AI enabled personalisation has a positive overall impact on purchase intention. The direct effect was insignificant, however, when the perceived relevance and customer experience were included. Customer experience proved to be the most important predictor of purchase intention, whereas the mediated effect of perceived relevance was not significant. The serial mediation pathway was confirmed, indicating that AI personalisation has a primary influence on purchase intention through its ability to make relevant recommendations and enhance the customer experience.









Table of Contents
1. Introduction	1
1.1 Background of the Study	1
1.2 Research Problem	1
1.3 Research Aim and objectives	2
1.4 Research Questions	2
1.5 Theoretical Framework	3
1.6 Significance of the Study	3
1.7 Scope of the Study	4
1.8 Structure of the Dissertation	4
2. Literature Review	6
2.1 Introduction	6
2.2 Theoretical Foundations	6
2.2.1 Stimulus–Organism–Response (S-O-R) Model	6
2.2.2 Technology Acceptance Model (TAM)	7
2.2.3 Integration of S-O-R and TAM	8
2.3 AI in Digital Marketing	8
2.3.1 Benefits of AI in Digital Marketing	8
2.3.2 Risks and Challenges of AI in Digital Marketing	9
2.4 Personalisation and Purchase Intention	10
2.4.1 Benefits of Personalisation	10
2.4.2 Impact on Consumer Behaviour	10
2.4.3 Risks of Personalisation	11
2.5 Mediating Variables	12
2.5.1 Perceived Relevance	12
2.5.2 Customer Experience	12
2.6 Research Gap	13
2.7 Conceptual Framework	14
2.8 Hypotheses Development	16
3. Research Methodology	18
3.1 Introduction	18
3.2 Research Philosophy	18
3.3 Research Approach	19
3.4 Research Strategy	19
3.5 Research Design	20
3.6 Data Collection Method	20
3.7 Measurement of Variables	21
3.8 Sampling Technique	23
3.9 Data Analysis Techniques	24
3.10 Reliability and Validity	25
3.11 Ethical Considerations	25
3.12 Methodological Limitations	26
3.13 Chapter Summary	26
4. Data Analysis	27
4.1 Introduction	27
4.2 Data screening and preparation	27
4.3 Profile of respondents	28
4.4 Scale Coding and Composite Scores	30
4.5 Reliability Analysis	31
4.6 Descriptive statistics	32
4.7 Correlation analysis	33
4.8 Regression Analysis	35
4.9 Mediation Analysis	35
4.10 Hypotheses Testing	37
4.11 Interpretation of Results	38
4.12 Considerations for Interpreting the Findings	39
4.13 Chapter Summary	39
5.  Discussion	41
5.1 Introduction	41
5.2 Summary of Key Findings	41
5.3 Discussion of AI-Powered Personalisation and Purchase Intention	42
5.4 Discussion of Perceived Relevance as a Mediating Variable	44
5.5 Discussion of Customer Experience as a Mediating Variable	45
5.6 Discussion of Sequential Mediation Effect	46
5.7 Discussion in Relation to Theoretical Framework	48
5.8 Comparison with Existing Literature and Research Gap	49
5.9 Critical Reflection on Methodological Context	51
5.10 Chapter Summary	51
Chapter 6: Conclusion and Recommendations	52
6.1 Overall Conclusion and Answers to Research Questions	52
6.2 Contribution of the Study	54
6.3 Practical Recommendations	55
6.4 Limitations of the Study	56
6.5 Future Research Directions	56
7. References	58
8. Appendix	64
Ethical Approval	64
Participant Information Sheet	75
Survey Questionnaire link	77



List of Figures and Tables 
List of Figures 
Figure 1: Conceptual Framework of AI-Powered Personalisation and Consumer Purchase Intention (Made-author)	15
Figure 2: Response Screening Summary	28
Figure 3: Demographic Snapshot	29
Figure 4: Amazon Shopping Profile	30
Figure 5: Reliability by Construct	32
Figure 6: Construct Mean Scores	33
Figure 7: Pearson Correlation Heatmap	34
Figure 8: Serial Mediation Path Model	36
Figure 9: Indirect Effects with 95% Bootstrap Confidence Intervals	37

List of Tables
Table 1: Data Screening Summary	27
Table 2: Demographic Profile of Valid Respondents	29
Table 3: Construct Coding and Composite Score Rules	30
Table 4: Reliability Analysis	31
Table 5: Descriptive Statistics of Main Constructs	32
Table 6: Pearson Correlation Matrix	34
Table 7: Regression Results for Total and Direct Effects	35
Table 8: Path Coefficients in Serial Mediation Model	36
Table 9: Bootstrap Indirect Effects	37
Table 10: Hypotheses Testing Summary	38


List of Abbreviations

[image: ]








Glossary

[image: ]


[bookmark: _Toc231769135]1. Introduction
[bookmark: _Toc231769136]1.1 Background of the Study
AI is playing a significant role in driving change in digital marketing and e-commerce. AI has become a useful tool for online retailers to analyse consumers' data, predict their preferences, and provide them with personalised product recommendations (Davenport et al., 2020; Huang and Rust, 2021). In a large ecommerce website, consumers may be overwhelmed with information due to the multitude of products, brands and alternatives to which they are exposed. However, in the era of artificial intelligence, this complexity can be alleviated by using AI-powered recommendation systems to display the products that are more similar to customers' browsing history, purchase behaviour and interests (Xu et al., 2022; Sun, Zhao and Wang, 2022).
Amazon is an appropriate case study for the study, since it extensively employs AI-based recommendation systems to customize the online shopping experience. These systems can enhance the discovery process of products, benefit in reducing the search effort and allow consumers to shop conveniently (Paschen, Pitt and Kietzmann, 2020; Chatterjee et al., 2021). Purchase intention is crucial as it indicates whether consumers are willing to purchase products proposed by the platform. However, personalisation doesn't always lead to purchase intention. The overall shopping experience is the context in which the recommendations appear and consumers may react differently depending on the relevance and usefulness of the recommendations, as well as their trustworthiness and positivity (Aguirre et al., 2021; Bleier and Eisenbeiss, 2022).
[bookmark: _Toc231769137]1.2 Research Problem
While AI-driven personalisation is common in e-commerce, its impact on purchase intent is still unclear. In total, the revenue of Amazon grew from $575 billion in 2023 to $638 billion in 2024, indicating the size and competitiveness of their digital retail landscape (Amazon, 2025). Meanwhile, consumers have high expectations of personalisation. According to research, 71% of consumers want personalised interactions, and 76% of them get frustrated when they don't receive it (McKinsey & Company, 2021). The statistics reveal that personalisation is a key business question, rather than just a technical requirement.
But, personalised recommendations are not necessarily correlated with purchase intention. Recommendations can be useful to consumers, but can also be repetitive, irrelevant or intrusive (Martin and Murphy, 2021; Aguirre et al., 2021). Research that has been undertaken has tended to either focus on general terms of AI personalisation or directly on the impact of AI on consumer behaviour (Guo et al., 2023; Rose et al., 2021). There has not been enough focus on the role of perceived relevance and customer experience in the above relationship in the context of Amazon. Hence, this study aims to fill the gap by investigating whether these mediating variables mediate the relationship between the use of AI for personalisation and purchase intention.
[bookmark: _Toc231769138]1.3 Research Aim and objectives
The main aim of this study is to explore the effect of AI-powered personalisation on consumer purchase intent on Amazon, viewing the perceived relevance and customer experience as the mediating variables. Therefore, the objectives are
· To analyse how AI-driven personalized recommendations impact purchase intent on Amazon.
· To explore how consumer reactions to AI-driven personalisation are influenced by their level of perceived relevance.
· To understand how the AI-driven personalisation-consumer purchase intent connection can be broken down by customer experience.
[bookmark: _Toc231769139]1.4 Research Questions
· What is the impact of AI based personalisation on consumers' purchase intent on Amazon?
· How important is perceived relevance for the consumer's reaction to AI driven personalisation?
· How does customer experience relate to the personalisation-AI-Customer purchase intent relationship?
[bookmark: _Toc231769140]1.5 Theoretical Framework
This study is based on Stimulus – Organism – Response model and Technology Acceptance Model (TAM). The S-O-R model proposes that external stimuli stimulates consumers' psychological states in their minds which in turn affects their behaviour. AI-powered personalisation is the stimulus in this study as it involves Amazon's AI recommendations and introducing them to personalised product suggestions. Perceived relevance and customer experience are the organism states as these are the ones that customers cognitively and experientially evaluate the recommendations. The purchase intention is the response as it reflects customers' willingness to buy the recommended products (Huang and Rust, 2021; Zhang and Benyoucef, 2021).
TAM is also relevant, because it provides an understanding of consumer acceptance of technology with regards to its usefulness and reduction of effort. AI recommendations can lead to faster product discovery by consumers, decrease search time and increase the ease of consumers' decision making (Venkatesh, Thong and Xu, 2021; Xu et al., 2022). Both S-O-R and TAM offer robust theoretical support as S-O-R provides the psychological journey and TAM offers an explanation of how consumers might be motivated to respond favorably when AI recommendations are perceived as being useful, relevant and convenient (Li et al., 2022; Dwivedi et al., 2021).
[bookmark: _Toc231769141]1.6 Significance of the Study
The study is important since it helps in academic, theoretical and practical knowledge of the personalisation in e-commerce with the help of AI technology. The paper is of academic interest as it extends the existing knowledge on digital marketing and consumer behaviour literature by exploring the effect of Amazon's recommendation system, using AI, on consumer purchase intention. The research to date demonstrates the potential of AI to enhance marketing efficiency, aid decision making and personalise customer interactions (Davenport et al., 2020; Huang and Rust, 2021; Mariani, Perez-Vega and Wirtz, 2023) but also indicates that there is a need for further research into the internal evaluation processes that consumers undertake when evaluating AI-generated recommendations.
Ideally, the study uses the SOR model and TAM models as the instrument to explain in a cognitive and experiential process in purchasing. It explores the role of perceived relevance and customer experience as mediators in addition to a direct-effect model, thereby giving a more detailed explanation than the simple direct-effect model only (Li et al., 2022; Rose et al., 2021). The practical aspect of the study will benefit Amazon and similar online vendors, as a way to enhance their recommendations. The results indicate that it is not only the recommendations that need to be accurate, it is also essential to develop the relevant, useful, and positive experiences of the customer. This is significant because there is a growing demand for personalised digital interactions from consumers, and a lack of personalisation can have an impact on customer experience (Amazon, 2024; McKinsey & Company, 2021).
[bookmark: _Toc231769142]1.7 Scope of the Study
This research is based on Amazon's e-commerce platform, and looks at the issue of personalised product recommendations using AI. Key variables are the perceived relevance, the customer, the customer experience and consumer purchase intention, and AI-powered personalisation. This research is quantitative survey based research and it concentrates on the Amazon users; who have made purchase from Amazon and seen the personalised recommendations. Not all e-commerce platforms, offline retailing or actual purchase behaviour is looked at in the study. Rather, it centres on the consumers' perception and buying intention, which is beneficial for understanding the consumers' future behaviour in the context of digital marketing research (Malhotra, Nunan and Birks, 2022; Amazon, 2024).
[bookmark: _Toc231769143]1.8 Structure of the Dissertation
Introduction: The background, research problem, aim, objectives, questions, hypotheses, theoretical framework and significance and scope of the chapter are presented.
Literature Review: The literature review in this chapter covers the research of AI personalisation, perceived relevance, customer experience and purchase intention.
Research Methodology: The research design, data collection, sampling, measurement, analysis method, reliability, validity and the ethics will be explained in this chapter.
Data Analysis:  The survey results in this chapter include those on the reliability, descriptive statistics, correlation, regression, mediation and hypothesis testing.
Discussion: This chapter explains the results of the study based on the objectives, hypotheses, theories and literature.
Conclusion:  This chapter highlights the findings of the study, provides answers to the research problems and questions, offers contributions, recommendations, limitations and future research.













[bookmark: _Toc231769144]2. Literature Review
[bookmark: _Toc231769145]2.1 Introduction
One such area where AI is making a significant impact is in the field of e-commerce, where businesses can leverage vast amounts of consumer data to create more personalized and effective marketing campaigns (Davenport et al., 2020). Platforms like Amazon, for example, are taking an increasing advantage of the power of AI to offer highly personalised product suggestions that can have a bearing on customers' buying choices. Personalisation is believed to be crucial to alleviate information overload and make product recommendations more personalised and relevant, thus creating a better shopping experience (Xu et al., 2022).
The current study aims to analyze how the use of AI personalisation affects consumers' willingness to purchase products, focusing on the mediating role of perceived relevance as well as customer experience. The key technology is AI personalisation, while perceived relevance and customer experience are key psychological mechanisms that impact on behavioural outcomes.
Relevant literature is reviewed to provide the theoretical foundations, AI in digital marketing, personalisation, mediating variables and research gaps.Firstly, literature on the theoretical foundations, AI in digital marketing, personalisation, mediating variables and research gaps is reviewed.
[bookmark: _Toc231769146]2.2 Theoretical Foundations 
[bookmark: _Toc231769147]2.2.1 Stimulus–Organism–Response (S-O-R) Model 
The Stimulus–Organism–Response (S-O-R) model is broadly used to analyze the relationship between the stimuli in the environment and consumer response, mediated by cognitive and emotional processes within the consumer (Huang and Rust, 2021; Li et al., 2022; Islam and Rahman, 2023). In the digital environment, the model proposes that the perception of technological stimuli influences consumers' behavioural responses, such as purchase intention, which in turn influences their attitudes towards the technology ( Zhang and Benyoucef, 2021; Bleier et al., 2022). In this study, AI-powered personalisation is viewed as a stimulus, perceived relevance and customer experience are seen as organism states which are related to purchase intention.
Although the S-O-R model is widely used, it can be criticized for being too simple in terms of consumers' decision making. It is linear, meaning that it is designed in a way that is uniform with respect to stimuli, which might not be the case in an environment that utilizes AI. Other authors, however, suggest that the reactions of consumers are different depending on the context (privacy concerns, trust, previous experience) as shown by Mariani et al., 2023, and Rai et al., 2022. This indicates that the model might not fully represent individual differences, which means it may not be as effective in explaining variations in, say, highly personalised digital environments.
[bookmark: _Toc231769148]2.2.2 Technology Acceptance Model (TAM) 
The Technology Acceptance Model (TAM) is proposed by Venkatesh et al. (2021), Dwivedi et al. (2021) which accounts for user adoption of technology by perceived usefulness and perceived ease of use, both of which influence user behavioural intention. Personalised recommendations in AI-powered e-commerce ecosystems can lead to a better perception of usefulness by minimizing search time and decision-making efforts, which are critical for improving resource allocation efficiency (Xu et al., 2022; Das et al., 2022). Likewise, intuitive interfaces enhance the usability and foster interaction with AI systems (Jain and Gandhi, 2021).
However, TAM has been criticized for being cognitively focused. The study relies on the assumption that consumers think rationally, but in recent research, emotional and experiential motivations such as trust, perceived risk, and enjoyment seem to have an important role to play in the adoption of AI (Mariani et al., 2023; Bedi et al., 2022). As opposed to the assumptions that TAM makes, Aguirre et al (2021) emphasize that, a useful system can be rejected even when it is perceived as useful. The results suggest the need for more than TAM to account for consumer behavior in AI context.
[bookmark: _Toc231769149]2.2.3 Integration of S-O-R and TAM 
The combined S-O-R and TAM model offers a more holistic perspective on consumer behavior in AI-driven ecommerce, given the strengths and weaknesses of both models. In addition to initial adoption explained by TAM, S-O-R adds the influence of such interactions on internal psychological states and behavioural outcomes as shown by Huang and Rust (2021), Li et al. (2022), and Venkatesh et al. (2021). This is perhaps a crucial integration, because personalisation using AI not only requires rational evaluation, but emotional response as well.
But, the literature is small in integrating these models together in a single model. Most of the studies tend to either focus on adoption (TAM) or behavioural outcomes (S-O-R) resulting in fragmented explanations of consumer behaviour (Mariani et al., 2023; Dwivedi et al., 2021). This indicates that there is a theoretical gap especially with regard to the role of perceived relevance and customer experience in the above relationship. This study therefore suggests that the adoption of S-O-R and TAM can be considered as a more comprehensive approach to explain the effect of AI-based personalisation on the consumer purchase intent as it can resolve the limitations of the two theories.
[bookmark: _Toc231769150]2.3 AI in Digital Marketing
[bookmark: _Toc231769151]2.3.1 Benefits of AI in Digital Marketing 
The problem is that artificial intelligence (AI) has emerged as a transformative force in digital marketing, thanks to its powerful data processing and predictive power. Davenport et al. (2020) state that AI can help businesses process vast amounts of consumer information, which helps them target the right audience and make more informed decisions. This is also consistent with the findings of Paschen et al. (2020), who claim that AI-based recommendation systems bring benefits in terms of marketing efficiency, with the automation of content delivery and the simplification of its operational aspects. In a similar manner, Chatterjee et al. (2021) propose that AI can help consumers in making decisions by eliminating mental strain by providing them with relevant product recommendations.
But this feeling of optimism is not shared by all. Although AI improves efficiency, Huang and Rust (2021) state that there is a possibility that algorithmic targeting could focus on optimizing the system rather than giving consumers autonomy, which could reduce their access to a broad range of product selections. Haenlein and Kaplan (2021), on the other hand, argue that systems that leverage AI can offer greater convenience to consumers without sacrificing choice. The disparity indicates that the advantages of AI are not universally applicable, and can differ among users. While AI is undoubtedly improving the accuracy of targeting and efficiency of operations, it could be debated whether it has a universally positive impact on consumer decision-making.
[bookmark: _Toc231769152]2.3.2 Risks and Challenges of AI in Digital Marketing 
AI also presents some challenges, including privacy concerns, potential biases, and reliance on automated processes. Martin and Murphy (2021) argue there is significant concern about the privacy implications of the use of personal data in AI systems, as consumers may not be aware of how their data is being used. Rust (2020) further notes that over-dependency on data-driven approaches can cause consumers to lose faith in the brand, and thus fail to build long-term engagement.
In addition, algorithmic bias is one of its biggest drawbacks. Mehrabi et al. (2021) argue that biases that are present in training data can result in unfair or distorted recommendations that can have negative impacts on consumer perceptions. However, Kietzmann et al. (2021) suggest that this bias can be addressed by designing the system better and making it transparent. However, this assumption will be an underestimation of what eliminating bias in real world applications will require. Moreover, there might be a tendency to overuse AI, which can result in lack of human oversight and rigid marketing strategies (Haenlein and Kaplan, 2021). This indicates that AI could make things more efficient, but it also brings in some risks that potentially could tarnish the ethical and consumer trust.
Thus, while AI enhances efficiency and targeting precision, its effectiveness remains debated, as these benefits are increasingly challenged by concerns surrounding privacy, bias, and consumer autonomy.
[bookmark: _Toc231769153]2.4 Personalisation and Purchase Intention
[bookmark: _Toc231769154]2.4.1 Benefits of Personalisation 
One of the main reasons personalisation is a central part of e-commerce is because it helps deal with information overload and ease consumers' decision-making process. Tam and Ho (2021) state that personalised systems can narrow down huge amounts of product choices and offer products that are more likely to appeal to a user, as they filter the options according to their preferences which helps to ease off users' cognitive load. Sun et al. (2022) also note that personalisation helps to streamline intricate decision-making scenarios, allowing consumers to make more informed decisions more quickly and confidently. Likewise, Kumar et al. (2021) propose that content in real time results from the use of AI for personalisation, which increases the efficiency of the operation.
Though these are well recognised, the impact can be positive but not necessarily. Guo et al. (2023) noted that the key to the success of personalisation relies on the accuracy of data and adaptability of systems. However, Chen et al. (2022) suggest that the over-dependence on algorithms can limit exposure to a consumer of alternative products. This disparity indicates that personalisation could be more of a limiting factor on the consumer choice side, while improving efficiency and decision-making at the same time. Thus it can be suggested that the advantages of personalisation are not always good – it depends on the context.
[bookmark: _Toc231769155]2.4.2 Impact on Consumer Behaviour 
Personalisation has a major impact on consumers' behavior, especially on engagement, trust and satisfaction. Personalised recommendations are shown to boost user engagement by delivering an interactive and personalised experience, which leads to extended platform usage (Huang et al., 2022). This is backed up by Zhao et al. (2021), who state that personalised content can create deeper emotional relationships between the consumers and digital platforms. Moreover, Kim and Lee (2023) propose that the continuity and consistency of recommendations boost trust because the users can feel that the system is responding to their needs.
The linkage between personalisation and consumers' behaviours is, however, debatable. Personalisation can enhance satisfaction and foster customer loyalty in the long term, as Park et al. (2022) state, but the impact can be different based on individual preferences and technological familiarity, as suggested by Luo and Sun (2023). This means there are no universal reactions from consumers to personalisation. However, others might find personalised content manipulative and not beneficial to them. In this sense, while personalisation has a positive impact on engagement and trust, it is likely to have a different impact depending on the user and their perception.
[bookmark: _Toc231769156]2.4.3 Risks of Personalisation 
While personalisation can have benefits, there are some risks associated with personalisation that can diminish the quality of its outcomes. Martin and Murphy (2021) state that the usage of personal data is hugely problematic with regards to privacy, especially when consumers don't know the purpose of their information. This worry is confirmed by Aguirre et al. (2021) who propose that having too much personalisation can lead to an intrusiveness perception which can have a negative impact on users' trust. Moreover, Bleier and Eisenbeiss (2022) point out that personalisation can also result in repetitive recommendations, which can limit the novelty and consumer exploration.
Other academics, however, suggest that there are ways to reduce the risks through transparency and user control (Taylor and Choi, 2022). But this may be an underestimate of the complexity of personalisation vs expectations of privacy. There is therefore a critical tension within the literature which is revealing consumers' experiences of the advantages of personalisation such as relevance and convenience—but, at the same time, highlighting the concerns that this raises for consumers that may deter them from engaging with the product. So, the effectiveness of personalisation is dependent upon the degree of usefulness and comfort to the user.
As a result, although personalisation increases purchase intention by making the messaging more relevant and engaging, the impact of personalisation can be limited if there is a trade-off between efficiency and privacy, trust, and user comfort.
[bookmark: _Toc231769157]2.5 Mediating Variables
[bookmark: _Toc231769158]2.5.1 Perceived Relevance 
Perceived relevance is the degree of consumers' agreement with the recommendation that the product or content is relevant to them. This construct is a key determinant of user evaluation of personalised recommendations in an AI world of e-commerce. Xu et al. (2023) found that relevance is a crucial factor in making recommendation systems more effective by making the recommended products look more useful to users. Likewise, Wang and Benbasat (2021) says that the match between recommendations and consumers' expectations reduces uncertainty and thus increases the confidence level of the consumers in their decision.
But the effect of perceived relevance isn't consistent across all. In general, the more relevant, the better the consumers respond, but there is a variation in efficiency between individual consumers. An example of this is Li et al., (2022) proposal that prior experience and technological familiarity can impact user perceptions which can affect the way relevance is perceived. However, if recommendations are felt to be irrelevant, consumers can feel frustrated and trust in the platform will be lost (Jiang et al., 2021). This indicates that perceived relevance is an important mediator but one that is unstable. While it is surely a positive link between AI personalisation and purchase intention, its impact is still dependent on individual perceptions and system correctness.
[bookmark: _Toc231769159]2.5.2 Customer Experience
Customer experience is the collective impression that a consumer has of his or her customer journey on a digital platform and includes his or her emotional response to the platform (such as enjoyment, satisfaction) and his or her functional response (such as usability, convenience). It has been well documented as an important factor to measure behavior in ecommerce contexts. Lemon and Verhoef (2020) define customer experience as the "sum of all experiences over the entire journey of the customer. Personalised recommendations have a notable role in this experience in the AI empowered environment, as these recommendations can help to discover products, and facilitate usability (Rose et al., 2021).
But the customer experience is subjective and it's different for each user. Consumers may feel that AI-driven personalisation increases convenience for them, but others could see it as being invasive, especially when privacy issues come up (Bleier et al., 2021). Becker and Jaakkola (2020) however claim that positive experiences are very closely associated with satisfaction and behavioural intentions such as purchase decision. This is because the extent of the gap indicates that customer experience goes beyond the system's performance, reflecting personal expectations and concerns. Thus, the extent to which customer experience is a key mediator between personalisation and purchase intention is conditional and depends on emotional and/or contextual factors.
These mediators illustrate the link between AI personalisation and the internal perception of consumers that leads to behavioural results (purchase intention).
[bookmark: _Toc231769160]2.6 Research Gap
The potential of AI in digital marketing has been widely researched with a particular focus on personalisation, consumer engagement and consumer purchase intention. Previous research has consistently reported positive impacts on consumer behaviour of AI-driven recommendation systems, as it can alleviate information overload and enhance decision making processes (Davenport et al., 2020; Paschen et al., 2020). Furthermore, studies have attributed personalisation to improve perceived value and customer experiences, leading to higher purchase intention (Sun et al., 2022; Kumar et al., 2021).
Nevertheless, although these contributions, the literature is still theoretically and empirically not cohesive. First, there are few empirical studies that combine the Stimulus–Organism–Response (S-O-R) model with the Technology Acceptance Model (TAM) in a single analytical model. Although S-O-R and TAM were introduced for explaining behavioural responses and technology adoption, respectively, their application together has not been explored yet and provides a limited understanding of the consumer behaviour of AI.
Second, literature mostly is generalised in terms of e-commerce, and lacks focus on modelling behaviour of the platform. Amazon has been the subject of only a limited amount of empirical research, for example, although it heavily relies on personalisation through AI, there has been little empirical research that has considered the context of consumer decision making.
Thirdly, previous research tends to focus on one type of mediation variable, leaving one out of the picture and thus limiting the understanding of multiple psychological mechanisms in action. The lack of multi-mediator models limits the capacity to account for the interconnection of the different ways in which AI personalisation affects purchase intent.
In this regard, this research aims to fill these gaps by combining S-O-R with TAM in an Amazon environment and using a multi-mediator approach and perceived relevance and customer experience as mediators to account for consumer purchase intention.
[bookmark: _Toc231769161]2.7 Conceptual Framework
The conceptual model used in this study aims to account for the causal relationship between the use of AI personalisation and the intention to purchase in a clear path, with clear directionality. AI personalisation is seen as the independent variable, perceived relevance is a mediating variable, customer experience is another mediating variable and purchase intention is the dependent variable (Huang and Rust, 2021; Lemon and Verhoef, 2020).
[image: ]
[bookmark: _Toc231693161]Figure 1: Conceptual Framework of AI-Powered Personalisation and Consumer Purchase Intention (Made-author)
The framework defines the directional relationships as given below:
AI Personalisation → Perceived Relevance → Customer Experience → Purchase Intention.
This is a sequential mediation as opposed to a parallel mediation. The emotional and experiential reactions of consumers can be viewed as a result of cognitive response (Li et al., 2022). The evaluation helps to decide if the recommendations meet their needs and in turn affects their experience, satisfaction and engagement (Rose et al., 2021).
In theory, this pathway is based on the S-O-R model, where the cognitive response to the stimulus that precedes emotional response, then influences behaviour (Huang and Rust, 2021). Thus, relevance comes before customer experience, offering a logical framework for understanding how AI personalisation impacts on the customer's purchase intent.
[bookmark: _Toc231769162]2.8 Hypotheses Development
This study adopts the Stimulus–Organism–Response (S-O-R) model and the Technology Acceptance Model (TAM) to create hypotheses on the effect of AI-powered personalisation on consumer purchase intention. Perceived relevance and customer experience are internal evaluations by consumers that affect behavioural response, while AI-powered personalisation is viewed as the technological stimulus that influences the attitude of the consumers towards the observed behaviour (Huang et al., 2022; Venkatesh et al., 2021).
H1: Personalisation using AI has a significant and positive impact on consumer purchase intention.
The benefits of AI-powered personalisation include minimizing search effort, enhancing product discovery, and boosting perceived usefulness, potentially driving consumers towards the purchase of products recommended to them (Venkatesh et al., 2021; Xu et al., 2022).
H2: AI-driven personalisation has a significant and positive impact on perceived relevance.
When the recommendations are based on the consumers' preferences, in addition to their browsing history and past interactions, it is expected that they will look more relevant. Thus, personalisation is more likely to be relevant to the users, which will lead to an improvement in their perception of recommendation relevance (Sun, 2022; Guo, 2023).
H3: Perceived Relevance is positively and significantly related to Customer Experience.
If the recommendation appears relevant to the consumer, it increases the feelings of convenience, information reduction, and satisfaction in the online shopping experience. The overall customer experience is therefore reinforced by the perceived relevance, which enhances the overall experience (Lemon and Verhoef, 2020; Rose et al., 2021).
H4: Consumers' purchase intention is positively and significantly influenced by customer experience.
Positive customer experiences can help raise consumer satisfaction, engagement, and confidence in the platform, which can boost their likelihood of purchasing recommended products (Lemon and Verhoef, 2020; Becker and Jaakkola, 2020).
H5: Perceived relevance and customer experience are sequential mediators between the impact of AI-based personalisation and consumer purchase intention.
According to the S-O-R concept, consumers first check the relevance of the AI-driven suggestions, then build their shopping experience, and lastly, purchase intention is affected. Hence, the indirect impact of AI personalisation on purchase intention is expected to occur via perceived relevance and customer experience (Huang and Rust, 2021; Li et al., 2022).













[bookmark: _Toc231769163]3. Research Methodology
[bookmark: _Toc231769164]3.1 Introduction
This chapter describes the methodology adopted in this study to analyse the effect of personalisation using Artificial Intelligence on the purchase intention of the consumers in the context of Amazon e-commerce. It refers to the philosophical stance, research strategy, research design, data gathering method, sampling method, measurement of variables, methods of analysis, reliability, validity, ethical issues and methodological limitations. This chapter has the aim to justify the method of the research carried out and why the method selected was appropriate for answering the research questions. Four constructs are analysed: AI-powered personalisation, perceived relevance, Customer experience, purchase intention. Being able to measure these constructs numerically and then statistically test them was thought to be appropriate, which means a quantitative methodology was appropriate (Saunders, 2023; Hair et al., 2022).
[bookmark: _Toc231769165]3.2 Research Philosophy
In this study, the researcher uses a positivist approach in research. Research philosophy is the ‘set of assumptions that guide the way in which knowledge is generated and understood in a study' (Saunders, 2023). This dissertation investigates relationships between explicit variables and hence positivism is suitable. The study aims to determine whether the personalisation from AI affects purchase intention via perceived relevance and customer experience. These variables can be assessed by the questionnaire items of the structured questionnaires and analyzed using statistical methods.
The positivist perspective is adopted in quantitative business and marketing research, as it helps to be objective and test the hypotheses and perform numerical analysis (Sekaran and Bougie, 2020). The questionnaire used in this study was a Likert scale questionnaire that was used to quantify the consumers' perceptions. This eliminated researcher bias and enabled statistical results to be used. But perhaps positivism does not fully represent personal emotions or individual significance of consumers' behavior. Nevertheless, this is not a concern as this study is designed to examine the theoretical relationships, rather than the subjective experiences in depth (Hair et al., 2022).
[bookmark: _Toc231769166]3.3 Research Approach
In this study, deductive research method is used. A deductive approach starts by the theories which are already established, and then the hypotheses are tested by empirical evidence (Bryman, 2021). The approach is suitable in the study because the study is based on Stimulus–Organism–Response (S-O-R) model and Technology Acceptance Model (TAM). Based on these theories, hypotheses were drawn regarding the relationship between the adoption of an AI based personalisation, perceived relevance, customer experience and purchase intention.
The S-O-R model proposes that external stimuli affect consumer's attitudes or internal evaluations, and then determine their behaviour. For this research, the stimulus would be the use of AI for personalisation, the internal organism states would be the perceived relevance and customer experience, and the response would be purchase intention. TAM also underpins this study as when technology is perceived as useful and less demanding, it is more easily accepted and is more likely to lead to positive outcomes (Venkatesh, Thong and Xu, 2021). Thus, the deductive approach enables the study to examine the theoretical relationships to Amazon's personalisation context with AI.
[bookmark: _Toc231769167]3.4 Research Strategy
The type of research that carried out is survey research. It's suitable for a survey since the study is asking for structured data from Amazon users regarding their perceptions, experiences and purchase intentions. Survey research has been broadly adopted in marketing and consumer behaviour research for two reasons: firstly, it enables the researcher to gather the standardised responses of respondents; secondly, the responses are then analysed statistically (Malhotra, Nunan and Birks, 2022).
This survey was sent via the online Google Forms. This was appropriate as the target respondents were known to online stores and Amazon. Google Forms was also used to efficiently gather responses and export them for SPSS analysis. The questionnaire was primarily closed ended questions to yield numerical data for descriptive statistics, reliability analysis, correlation, regression and mediation testing. The problem with survey research though is that it is self-reported and therefore can suffer from response bias or inaccuracies in self-report (Easterby-Smith et al., 2021).
[bookmark: _Toc231769168]3.5 Research Design
This research is quantitative research and cross sectional. The quantitative design is appropriate since the study involves measuring relationships in terms of numbers. The use of quantitative research in consumer behaviour and marketing research is frequent when the purpose is to test hypotheses and investigate the extent and quality of the relationships between constructs (Hair et al., 2022; Malhotra, Nunan and Birks, 2022).
The study is cross-sectional, due to the one time sampling of the data. This design was suitable for the current perceptions of Amazon users about the AI-powered personalisation, perceived relevance, customer experience, and purchase intention. A cross sectional design is appropriate for dissertation research because it can have data collected in a short amount time (Burns, Veeck and Bush, 2021). However, it is not possible to demonstrate perception changes over time. Therefore, the results should be considered statistical associations and not causational proof over time.
[bookmark: _Toc231769169]3.6 Data Collection Method
Primary data were collected through an online questionnaire which was created by Google Forms. The study aimed to gather primary data as it was essential to understand the perceptions of the Amazon users about the use of AI in personalisation and its impact on purchase intent. The questionnaire was designed to measure four key constructs: AI-powered personalisation, perceived relevance, customer experience and purchase intention.
The questionnaire started with a screening question to determine if respondents had completed at least one transaction on Amazon in the last 12 months and that they were aware of personalised product recommendations. The screening question helped to ensure that only those with relevant experience were included in the analysis. There were a total of 77 responses. Following the screening rule, 54 responses were retained for analysis, and 23 responses were discarded due to not being eligible for the analysis.
The questionnaire included demographic questions such as age, gender, shopping frequency and approximate annual spending on Amazon. The items used to measure the main constructs were measured on a five point Likert scale (1 = strongly disagree, 5 = strongly agree). The Likert scale was appropriate as it is the widely used method to assess attitudes, perceptions and behavioural intentions in a structured way (Nemoto and Beglar, 2020; Sekaran and Bougie, 2020).
[bookmark: _Toc231769170]3.7 Measurement of Variables
The study looked at the four variables of AI-powered personalisation, perceived relevance, customer experience and purchase intention. The independent variables were the personalisation achieved through AI, the mediating variables were the perceived relevance and customer experience, while the dependent variable was purchase intention. The measurement items were slightly rephrased and were adopted from the previous research. This method was helpful in enhancing content validity without deviating from the current literature (Hair et al., 2022; Malhotra, Nunan and Birks, 2022).
AI-powered personalisation was assessed using five items on the personalised product recommendations, personalised browsing history, personalised suggestions, product discovery and expectation fulfilment. The four items concerning relevance, interest matching, usefulness and elimination of irrelevant suggestions were used to capture perceived relevance. Five items measuring the overall shopping experience, enjoyment, convenience, emotional response and Service Quality perception were utilised for the measure of customer experience. Purchase intention was measured using five items related to intention to buy, likelihood of purchase, willingness to buy, future platform choice and purchase decision influence.

Table 3.1: Measurement of Variables
	Variable
	Role
	Measurement Items
	Source Adapted From
	Scale

	AI-Powered Personalisation
	Independent variable
	AIP1: Amazon’s AI provides product recommendations that are highly personalised to my preferences. 
AIP2: AI recommendations reflect my browsing history and purchases. AIP3: Personalised suggestions are tailored specifically for me. AIP4: AI personalisation helps me discover suitable products. AIP5: The level of personalisation meets or exceeds my expectations.
	Xu et al. (2022); Das et al. (2022)
	5-point Likert scale

	Perceived Relevance
	Mediator 1
	PR1: AI recommendations are relevant to my current needs and interests. PR2: Suggested products match what I am looking for. PR3: Recommendations are useful for my shopping goals. PR4: Recommendations align with my preferences and reduce irrelevant suggestions.
	Guo et al. (2023); Sun et al. (2022)
	5-point Likert scale

	Customer Experience
	Mediator 2
	CE1: AI personalisation enhances my overall shopping experience. CE2: Personalised recommendations are enjoyable and satisfying. CE3: AI-driven features make shopping convenient and engaging. CE4: I feel valued or understood when using personalised recommendations. CE5: The personalised experience improves my perception of Amazon’s service quality.
	Lemon and Verhoef (2020); Rose et al. (2021)
	5-point Likert scale

	Purchase Intention
	Dependent variable
	PI1: I intend to purchase AI-recommended products. PI2: Recommendations increase my likelihood of making a purchase. PI3: I am willing to buy products suggested by Amazon. PI4: The personalised experience makes me more likely to choose Amazon. PI5: AI personalisation positively influences my purchase decisions.
	Xu et al. (2022); Chen et al. (2022)
	5-point Likert scale


Items were scaled within each construct and composite scores were computed by averaging all items within each construct. This approach can be applied if several items are utilised to measure one construct (Hair et al., 2022).
[bookmark: _Toc231769171]3.8 Sampling Technique
The user sample for this study comprised of Amazon users with experience of personalised recommendation features. This was a convenient sampling technique because it would enable the researcher to gather data from respondents who were available during the time and resources constraints of the dissertation. Although the convenience sampling method might limit results generalisation, it is widely used in academic research (Andrade, 2021).
The eligibility criteria were that the respondents had to have bought something from Amazon in the last year and have seen personalized recommendations. This resulted in the sample being relevant to the research topic. Of the 77 responses received, 54 of those were eligible and included in the final analysis. This sample is useful to provide insight but may not be representative of other users of Amazon. Hence, the results need to be taken with a grain of salt (Bryman, 2021; Andrade, 2021).
[bookmark: _Toc231769172]3.9 Data Analysis Techniques
All the collected data were analysed on SPSS. Eligible responses were screened out by using the screening question to conduct a screening of data. The data was also scanned for missing answers for items on the Likert scale. 54 valid responses were obtained after screening.
Demographic profile of respondents and overall pattern of the responses summarised using descriptive statistics. Demographic variables are displayed as frequencies and percentages and the other variables are presented as means and standard deviations. Cronbach's Alpha was used to determine the internal consistency of the measurement items, which was conducted by reliability analysis. Cronbach's Alpha was used to determine if the items in the scales were reliable, with values of 0.70 or higher deemed acceptable (Bonett and Wright, 2020; Hair et al., 2022).
Pearson correlation was conducted to explore the direction and strength of the relationships between variables: AI-powered personalisation, perceived relevance, customer experience and purchase intention. Total effect and direct effect test with regression analysis were then tested to see whether the variables of personalisation with the use of AI affected the purchase intention, either partially or fully.
The PROCESS macro in SPSS was used to analyze mediation. The model chosen was PROCESS Model 6 as it was a serial mediation pathway: AI-powered personalisation → perceived relevance → customer experience → purchase intention. Indirect effects were tested using 5,000 samples in the bootstrapping. There are two advantages to this method: firstly, it estimates indirect effects in confidence intervals; and secondly, it is considered robust in that regard because it does not rely solely on traditional causal-step procedures (Field, 2020; Hayes, 2022).
[bookmark: _Toc231769173]3.10 Reliability and Validity
The reliability and validity were taken into account to guarantee the quality of the research instrument. Reliability is a measure of the consistency of measurement items. This study adopted the Cronbach's Alpha to evaluate the consistency of the items in each construct to measure the same construct. An internal consistency was acceptable if the value was above 0.70 (Bonett and Wright, 2020).
Validity is the extent to which the questionnaire is measuring what it is designed to measure. Construct validity was supported by developing items based on the items used in previous studies, and by linking them with the theoretical constructs discussed in Chapter 2. The items were slightly changed to be consistent with Amazon, but still maintain their meaning. Multiple items for each construct also better quality measurement and decreased the downfalls of using single items as measures (Hair et al., 2022; Saunders, Lewis and Thornhill, 2023).
[bookmark: _Toc231769174]3.11 Ethical Considerations
Ethical issues were adhered to all the way through the research process. The participants were told the purpose of the study prior to filling out the questionnaire. The participants were voluntary and they could withdraw from the participation before answering the questions. This facilitated informed consent and respecting participants' autonomy (Israel, 2020).
Confidentiality and anonymity was ensured. There was no personally identifiable information gathered and the data were not used for any other purpose but academic. The data were collected and used appropriately and safely so they cannot be misused. The ethical aspects of the study were upheld by using these practices, and trust was gained between the researcher and the respondents (Saunders, Lewis and Thornhill, 2023; Israel, 2020).
[bookmark: _Toc231769175]3.12 Methodological Limitations
A few methodological drawbacks are noted. Firstly, the findings are limited to the representativeness of the findings as they are not random samples and are only sampled based on being convenient. Second, the final valid sample size was 54, restricting the generalisability of the results to all users of Amazon. (Andrade, 2021)
Third, the data for the study were self-reported survey data, and may be influenced by response bias. Perceptions and intentions of the respondents may not be accurate at all times. Fourth, because of the cross sectional design, this study has limited ability to explain changes in consumer behaviour over time. Although there are limitations to this methodology, it was still suitable within the dissertation research scope (Bryman, 2021; Hair et al., 2022).
[bookmark: _Toc231769176]3.13 Chapter Summary
This chapter outlined the methodology that was adopted in this study. The positivist philosophy, deductive approach, survey and quantitative cross sectional design was used. Primary data was collected using google forms where 77 responses were received, of which 54 responses were screened out and the remaining 54 were deemed as valid responses. The data were analysed using SPSS (descriptive statistics, reliability test, correlation, regression and mediation analysis PROCESS Model 6). Data analysis and findings are presented in the next chapter.





[bookmark: _Toc231769177]4. Data Analysis 
[bookmark: _Toc231769178]4.1 Introduction
This chapter analyses the survey responses of Amazon users. The main goal of the study was to understand how AI-powered personalization influences consumer purchase intention. At the same time, the mediating role of perceived relevance and customer experience was examined. Hence the analysis explains not only the direct effect, but also the path of the effect.
The results are arranged according to the quantitative method outlined in Chapter 3. First data screening and sample profile are shown. Then reliability, descriptive statistics, correlation, regression and mediation analysis are presented. All tables and figures are in English, so that the figures can be read quickly.
[bookmark: _Toc231769179]4.2 Data screening and preparation
The response sheet is cleared before analysis. According to the screening question, only those respondents who made at least one purchase on Amazon in the last 12 months and noticed personalized recommendations were retained. Those who said “No” were excluded, because according to the questionnaire design, their survey should end there.
A total of 77 responses is available. Of these, 54 responses were valid for analysis. The remaining 23 were excluded according to the response screening rule. No missing values ​​were found in Likert-scale items. However, the education column was not found in the response sheet, so this demographic variable was not used in the analysis.
[bookmark: _Toc231693179]Table 1: Data Screening Summary
	Data audit item
	Value
	Percent/Note

	Total submitted responses
	77
	100.0%

	Eligible “Yes” responses
	54
	70.1%

	Excluded “No” responses
	23
	29.9%

	Valid sample used for analysis
	54
	100.0% of analysed cases

	Missing Likert-scale values
	0
	0.0%

	Education column in response file
	Not available
	Not analysed
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[bookmark: _Toc231693162]Figure 2: Response Screening Summary
[bookmark: _Toc231769180]4.3 Profile of respondents
As seen from the sample profile, the majority of valid respondents are in the 25–34 age group. This group consists of 45 persons, i.e. 83.3% of the respondents. 8 respondents were found in 18–24 age group and 1 respondent in 35–44 age group. Male respondents are more in gender profile, which helps to understand the composition of the sample.
Monthly shoppers are the largest segment in the Amazon shopping profile. Their number is 20, which is 37.0% of the valid sample. There are 17 people in “A few times a year” category, 9 people in weekly category and 8 people in rarely category. In Annual spending most of the respondents fall under $500 category. This indicates a relatively low-to-moderate spending pattern of the sample.
[bookmark: _Toc231693180]Table 2: Demographic Profile of Valid Respondents
	Variable
	Category
	n
	Percent

	Age group
	25-34
	45
	83.3%

	Age group
	18-24
	8
	14.8%

	Age group
	35-44
	1
	1.9%

	Gender
	Male
	46
	85.2%

	Gender
	Female
	7
	13.0%

	Gender
	Prefer not to say
	1
	1.9%

	Shopping frequency
	Monthly
	20
	37.0%

	Shopping frequency
	A few times a year
	17
	31.5%

	Shopping frequency
	Weekly
	9
	16.7%

	Shopping frequency
	Rarely
	8
	14.8%

	Annual Amazon spending
	Under $500
	38
	70.4%

	Annual Amazon spending
	$500-$2,000
	14
	25.9%

	Annual Amazon spending
	Missing
	2
	3.7%
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[bookmark: _Toc231693163]Figure 3: Demographic Snapshot
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[bookmark: _Toc231693164]Figure 4: Amazon Shopping Profile
[bookmark: _Toc231769181]4.4 Scale Coding and Composite Scores
Four constructs were measured in the main part of the questionnaire. These are AI-Powered Personalization, Perceived Relevance, Customer Experience and Purchase Intention. Each statement is taken on a five-point Likert scale. Here 1 means Strongly Disagree and 5 means Strongly Agree.
A composite score is created by averaging the item scores of each construct. For example, the AI-Powered Personalization score is created by averaging the five items of the AIP. Similarly separate composite score is created for PR, CE and PI. This approach facilitates regression and mediation analysis, as each construct is then treated as a distinct numerical variable.
[bookmark: _Toc231693181]Table 3: Construct Coding and Composite Score Rules
	Code
	Construct
	Role
	Items
	Composite rule
	Score range

	AIP
	AI-Powered Personalisation
	Independent variable
	5
	Mean of AIP1–AIP5
	1–5

	PR
	Perceived Relevance
	Mediator 1
	4
	Mean of PR1–PR4
	1–5

	CE
	Customer Experience
	Mediator 2
	5
	Mean of CE1–CE5
	1–5

	PI
	Purchase Intention
	Dependent variable
	5
	Mean of PI1–PI5
	1–5


[bookmark: _Toc231769182]4.5 Reliability Analysis
Reliability analysis shows whether the items of each construct measure the same concept consistently enough. Cronbach's Alpha was used to check the internal consistency. According to the criteria mentioned in Chapter 3, an alpha value greater than .70 is considered acceptable.
The results show high reliability of four constructs. Alpha for AI-Powered Personalization is .894, Perceived Relevance is .918, Customer Experience is .939 and Purchase Intention is .939. These values ​​show that the questionnaire items are stable enough for subsequent statistical analysis. Hence it is advisable to use composite scores.
[bookmark: _Toc231693182]Table 4: Reliability Analysis
	Construct
	Items
	Cronbach Alpha
	Decision

	AI-Powered Personalisation
	5
	0.894
	High internal consistency

	Perceived Relevance
	4
	0.918
	High internal consistency

	Customer Experience
	5
	0.939
	High internal consistency

	Purchase Intention
	5
	0.939
	High internal consistency
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[bookmark: _Toc231693165]Figure 5: Reliability by Construct
[bookmark: _Toc231769183]4.6 Descriptive statistics
Descriptive statistics show overall trends for the four main constructs. The mean score for all constructs is above the neutral midpoint of the scale 3. This means, respondents in the valid sample showed an overall positive attitude towards Amazon's AI personalisation. But this explanation only applies to this sample.
Customer Experience has the highest mean, with a value of 3.763. The mean of Purchase Intention is 3.696, the mean of Perceived Relevance is 3.611 and the mean of AI-Powered Personalization is 3.526. This result indicates that respondents perceived Amazon's personalized features as practically positive. At the same time, customer experience has become particularly important in their response.
[bookmark: _Toc231693183]Table 5: Descriptive Statistics of Main Constructs
	Variable
	Construct
	N
	Mean
	SD
	Min
	Max
	Skewness
	Kurtosis

	AIP
	AI-Powered Personalisation
	54
	3.526
	0.935
	1.000
	5.000
	-0.964
	1.513

	PR
	Perceived Relevance
	54
	3.611
	1.081
	1.000
	5.000
	-0.702
	0.187

	CE
	Customer Experience
	54
	3.763
	0.981
	1.000
	5.000
	-0.996
	1.591

	PI
	Purchase Intention
	54
	3.696
	1.026
	1.000
	5.000
	-0.924
	0.912
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[bookmark: _Toc231693166]Figure 6: Construct Mean Scores
[bookmark: _Toc231769184]4.7 Correlation analysis
Pearson correlation was used to test the correlation of the constructs. All of the main relationships in the results are positive and statistically significant. This implies that as the score of one construct goes up, the score of the other construct typically goes up as well. But correlation does not equal causation; it only indicates the direction and magnitude of the relationship.
The highest correlation was obtained between Customer Experience and Purchase Intention (r = .930 and p< .001). The correlation between Perceived Relevance and Customer Experience is also quite high, at r = .873. Purchase Intention and AI-Powered Personalization have a positive relationship of r = .794 and it is significant. This pattern reinforces the justification for testing mediation model.
[bookmark: _Toc231693184]Table 6: Pearson Correlation Matrix
	Variable
	AIP
	PR
	CE
	PI

	AIP
	1.000
	
	
	

	PR
	0.861***
	1.000
	
	

	CE
	0.832***
	0.873***
	1.000
	

	PI
	0.794***
	0.849***
	0.930***
	1.000



Note: *** indicates p < .001. The table reports lower-triangle correlations.
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[bookmark: _Toc231693167]Figure 7: Pearson Correlation Heatmap


[bookmark: _Toc231769185]4.8 Regression Analysis
First, the total effect of AI-Powered Personalization on Purchase Intention has been examined in regression analysis. The effect of AIP in this model is positive and statistically significant. Coefficient B = .871, p < .001. The model explained 63.0% of the variance of Purchase Intention, indicating a strong relationship in this sample.
Then Perceived Relevance and Customer Experience were added to the model as mediators. Then the direct effect of AIP becomes almost zero, B = -.002 and p = .985. That is, if mediators are added, AI personalization does not directly explain purchase intention. Rather, the results indicate that the effect is operating through perceived relevance and customer experience.
[bookmark: _Toc231693185]Table 7: Regression Results for Total and Direct Effects
	Model
	Predictor
	B
	SE
	Beta
	t
	p
	R²

	Total effect: PI ← AIP
	AIP
	0.871
	0.092
	0.794
	9.412
	< .001
	0.630

	Direct model: PI ← AIP + PR + CE
	AIP
	-0.002
	0.116
	-0.002
	-0.019
	= .985
	0.871

	Direct model: PI ← AIP + PR + CE
	PR
	0.145
	0.114
	0.153
	1.269
	= .210
	

	Direct model: PI ← AIP + PR + CE
	CE
	0.835
	0.115
	0.799
	7.258
	< .001
	


[bookmark: _Toc231769186]4.9 Mediation Analysis
Serial mediation analysis examined the pathway: AIP → PR → CE → PI. The results show that the path coefficient from AIP to PR is B = .996 and p < .001. PR to CE coefficient B = .552 and p < .001. Coefficient B = .835 and p < .001 on CE to PI. Therefore, major parts of the continuum pathway are strongly supported.
However, the direct mediator path from PR to PI alone was not significant, as B = .145 and p = .210. However, the explanatory power of CE is the highest for the intention to purchase. This finding indicates that the relevance of the recommendation is more important, but better customer experience has a stronger influence on the development of purchase intention.
[bookmark: _Toc231693186]Table 8: Path Coefficients in Serial Mediation Model
	Path
	Regression path
	B
	SE
	t
	p
	R²

	a1
	PR ← AIP
	0.996
	0.082
	12.215
	< .001
	0.742

	a2
	CE ← AIP
	0.323
	0.133
	2.423
	= .019
	0.787

	d21
	CE ← PR
	0.552
	0.115
	4.791
	< .001
	

	b1
	PI ← PR
	0.145
	0.114
	1.269
	= .210
	0.871

	b2
	PI ← CE
	0.835
	0.115
	7.258
	< .001
	

	c'
	PI ← AIP
	-0.002
	0.116
	-0.019
	= .985
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[bookmark: _Toc231693168]Figure 8: Serial Mediation Path Model
Indirect effects were tested with bootstrapping. Here a 95% confidence interval is constructed using 5,000 bootstrap samples. If the 95% bootstrap confidence interval of an indirect effect does not include zero, the indirect effect is considered statistically supported. According to this standard CE-only path, serial path, and total indirect effect are supported.
The PR-only indirect path is not supported, because its confidence interval exceeds zero. But the AIP → PR → CE → PI serial path has an effect of .459, and a confidence interval of .225 to .756. Total indirect effect is .873, whose confidence interval is .543 to 1.240. Therefore, according to available data, the effect of AI personalization mainly reaches purchase intention through an indirect route.
[bookmark: _Toc231693187]Table 9: Bootstrap Indirect Effects
	Indirect path
	Effect
	BootSE
	BootLLCI
	BootULCI
	Decision

	AIP → PR → PI
	0.1441
	0.1491
	-0.1538
	0.4307
	Not supported

	AIP → CE → PI
	0.2695
	0.1486
	0.0155
	0.6023
	Supported

	AIP → PR → CE → PI
	0.4591
	0.1343
	0.2242
	0.7462
	Supported

	Total indirect effect
	0.8728
	0.1828
	0.5365
	1.2424
	Supported
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[bookmark: _Toc231693169]Figure 9: Indirect Effects with 95% Bootstrap Confidence Intervals
[bookmark: _Toc231769187]4.10 Hypotheses Testing
Hypotheses testing summary summarizes the results. H1 is supported as a total effect, because a positive significant relationship was found from AIP to PI. However, if mediators are added, the direct effect is not significant. Therefore, while interpreting H1, it is necessary to separate the total effect and the mediated effect.
H2 was not supported as standalone mediation, as the confidence interval for the PR-only indirect path exceeded zero. H3 was supported, as the CE-only path showed a significant indirect effect. H4 is supported, because the total indirect effect is significant. H5 is supported, because the serial mediation path AIP → PR → CE → PI is statistically significant.
[bookmark: _Toc231693188]Table 10: Hypotheses Testing Summary
	Hypothesis
	Statement
	Decision
	Statistical note

	H1
	AI-powered personalisation positively influences purchase intention.
	Supported as total effect
	B = .871, p < .001

	H2
	Perceived relevance mediates the AIP–PI relationship.
	Not supported alone
	95% CI includes zero

	H3
	Customer experience mediates the AIP–PI relationship.
	Supported
	95% CI excludes zero

	H4
	AIP has a significant total indirect effect through mediators.
	Supported
	Total indirect effect = .873

	H5
	Perceived relevance and customer experience sequentially mediate the relationship.
	Supported
	95% CI excludes zero


[bookmark: _Toc231769188]4.11 Interpretation of Results
As the results of this sample show, Amazon's AI-powered personalization is closely related to consumer purchase intention. But the relationship is not simple. Personalized recommendation must first seem relevant. That relevance then improves the shopping experience. Ultimately the improved experience helps increase purchase intention.
Customer Experience was the top predictor in the results. This means, only showing relevant recommendations is not enough. Shopping process of the user should be simple, pleasant and interesting. This experiential response is more critical in the context of Amazon for the formation of purchase intention.
This interpretation is consistent with the conceptual framework of Chapter 2. There, AI personalization was considered as stimulus, perceived relevance and customer experience as organism state, and purchase intention as response. The present results support that logic with sample data. But this claim is made within the limits of available data.
[bookmark: _Toc231769189]4.12 Considerations for Interpreting the Findings
A few limitations are important to keep in mind when interpreting the results. First, the valid sample size is 54 people, which is less than the sample size planned in the methodology chapter. So, while the results are usable, it's not safe to directly generalize to the larger Amazon user population. Secondly, the sample was collected by convenience sampling method.
Third, the data are cross-sectional and self-reported. As a result, respondent perception shows a point in time, but does not show how behaviour changes over time. For the same reason, even if the result shows strong association and mediation pathway, it should not be claimed as final causal proof. This precaution is important to protect the integrity of the research.
[bookmark: _Toc231769190]4.13 Chapter Summary
54 valid survey responses are analysed in this chapter. Reliability analysis showed that all four measurement scales are strong in terms of internal consistency. In descriptive statistics, the mean of all constructs was above the neutral point. Correlation analysis found positive significant relationship between all the main constructs.
Regression analysis showed that AI-Powered Personalization significantly affects purchase intention as a total effect. But when perceived relevance and customer experience are added, the direct effect is not significant. Mediation analysis showed that customer experience and serial pathway act as the main explanatory route. So, the main message of this chapter is: Amazon's AI personalization can increase purchase intention, but it does so mainly by creating a relevant and positive customer experience.


[bookmark: _Toc231769191]5.  Discussion
[bookmark: _Toc231769192]5.1 Introduction
This chapter presents a discussion of the findings from Chapter 4 based on the overall aim of this study, which was to investigate the effect of AI-powered personalisation on consumer purchase intention in Amazon's e-commerce environment. In this chapter, the meaning of the statistical results from the previous chapters (Chapter 4) is discussed and the contribution of these results to existing knowledge is explained. The four constructs that are discussed are: AI-based personalisation, perceived relevance, customer experience, purchase intention. These are analysed in the context of the research aims, hypotheses and previous studies and theory.
The chapter focuses on the reasons why the use of AI for personalisation has a mainly psychological and experiential effect on purchase intention rather than directly, and how these effects vary depending on the type of AI personalisation. This is consistent with the interpretation of quantitative findings in the context of theory and previous research, and the broader research problem (Saunders, Lewis and Thornhill, 2023; Hair et al., 2022). The Stimulus-Organism-Response model and the Technology Acceptance Model are also used to provide an explanation of how consumers make evaluations and react to AI-based recommendations (Huang and Rust, 2021; Venkatesh, Thong and Xu, 2021).
[bookmark: _Toc231769193]5.2 Summary of Key Findings
Chapter 4 presents the findings from a statistical perspective that will then be discussed in relation to the role of AI powered personalisation on influencing consumers' buying intent on Amazon. 77 surveys have been returned. Of the 87 responses, 54 were obtained after screening, with 23 responses being discarded as the respondent did not meet the criteria for inclusion. This screening process was valuable because the study involved respondents having recent experience of buying on Amazon and when they noticed personalised product suggestions.
The reliability analysis indicated the good internal consistency for all four constructs. All of the items had Cronbach's Alpha values higher than the 0.70 threshold, with AI-powered personalisation, perceived relevance, customer experience and purchase intention showing values above this threshold. This shows that there was a high level of reliability in the measurement items to continue to analyze the data statistically. The descriptive statistics also revealed that the average scores on all four constructs were above the neutral point of the 5 point Likert scale. This indicates that respondents had positive attitudes towards the personalisation AI power used by Amazon, the relevance of the recommendations, their customer experience and purchase intentions.
Positive and statistically significant correlation between the main variables were found in the correlation analysis. This suggests that the more relevant, the better the customer experience and the higher the purchase intention, the more of the AI-powered personalisation is perceived. The regression analysis also revealed that there was a significant total effect of the AI-powered personalisation on purchase intention. But once the perceived relevance and customer experience were added to the model, the direct impact of AI-powered personalisation was reduced to a negligible level. This indicates that the direct path to purchase intention is not the primary pathway through which AI-enabled personalisation impacts purchase intention.
The most significant point of the mediation result is that of the most critical. Perceived relevance did not significantly mediate the relationship between the perceived relevance and the purchase intention, whereas customer experience was the strongest predictor of purchase intention. But the pathway from Artificial Intelligence (AI) powered personalisation to perceived relevance, and then on to customer experience and purchase intention was supported. The results suggest that overall, Amazon's personalisation using AI is meaningful, but it's effectiveness is influenced by the consumer's perception and interaction with the personalisation process.
[bookmark: _Toc231769194]5.3 Discussion of AI-Powered Personalisation and Purchase Intention
The first research objective explored the impact of the AI-driven personalisation on the consumer purchase intention. The results indicated that the total effect of AI-powered personalisation was positive and significant, with consumers' perceptions of AI recommendations as more personalised leading to higher purchase intention. This aligns with technology acceptance model, which posits that consumers are more likely to be positive regarding technology if it is useful and helps to cut down on effort when making decisions (Venkatesh, Thong and Xu, 2021). For e-commerce, AI-driven personalisation can enhance purchase intent by making it easier and faster for consumers to find products that meet their needs, helping to filter through the vast amount of information, and making shopping more convenient (Xu et al., 2022; Tam and Ho, 2021).
This is also in line with research that suggests AI enhances the effectiveness of digital marketing by analysing consumer data, offering better and more targeted products recommendations (Davenport et al., 2020; Paschen, Pitt and Kietzmann, 2020). Technologies like the Amazon recommendation system can leverage the browsing habits of users, their history of purchasing and preference patterns to show them a product that seems more relevant to them. This makes customers feel the platform gets their needs and makes them feel more confident with the purchase process (Chatterjee et al., 2021; Kumar et al., 2021). AI-driven personalisation, in this context, is not just a technical capability, but also a decision support tool that can impact consumers' search and evaluation processes for products.
However, the findings should be interpreted carefully. After introducing perceived relevance and perceived experience into the model, the direct effect of personalisation based on AI was negligible. That is, not all AI customization leads to purchase intent. Rather, its effect seems to manifest within in the context of internal consumer evaluations. It aligns with the idea put forward by Huang and Rust (2021) that AI marketing effectiveness is a combination of the capabilities of the AI technology itself and the response of the customers to the AI-driven interaction. Likewise, the authors of the article “The Psychological and Experiential Drivers of Consumer Response to AI” (Mariani et al., 2023) argue that psychological and experiential factors influence consumers' responses to AI, rather than its performance alone.
So, the support of the H1 is accepted as a total effect, but the relationship is more complex. Therefore, this result indicates that personalisation based on AI is not just about Personalisation as a recommendation tool but also a consumer facing tool that can affect the consumer's purchase intention by enhancing how consumers search, compare and experience products online.
[bookmark: _Toc231769195]5.4 Discussion of Perceived Relevance as a Mediating Variable
The second research objective was to explore how perceived relevance as a mediating variable between AI-powered personalisation and purchase intention. The results revealed a high level of significance of AI-driven personalisation for the increase in perceived relevance. This suggests that if shoppers felt that the recommendations that Amazon provided were relevant, then they were more likely to feel that they were relevant. This aligns with the idea that personalisation is effective when consumers think that the recommended products are significant and useful to them (Guo et al., 2023; Sun, Zhao and Wang, 2022).
The perceived relevance can be considered as a cognitive evaluation. Before purchasing intention, consumers first make a judgement about the compatibility of the recommendation with their desired purchase. The recommendations that are relevant to the system can alleviate uncertainty, save time and increase consumers' confidence in their online decisions (Wang and Benbasat, 2021; Tam and Ho, 2021). This is significant in the context of Amazon, where they often have many options to choose from. The narrowing down of irrelevant options through AI recommendations can make the platform more useful and easy to use for consumers ( Chen, Wang and Xie, 2022; Kim and Lee, 2023).
But the results revealed that the relationship between AI-powered personalisation and purchase intention was not significantly mediated by the perceived relevance. This is a key and more complex piece of data. It implies that recommendations can be interesting to consumers, but might not always lead to an immediate buying decision. For instance, if a user is looking for a product that aligns with their interest, it might be costly, have poor ratings, or not be available for quick delivery, or its look and feel may not be as appealing as other offerings on other platforms. Other factors such as trust, delivery options and return policy, as well as brand preference, can also drive the conversion of a relevant recommendation to purchase intention (Aguirre et al., 2021; Martin and Murphy, 2021).
Thus, there was no support for H2 as an independent mediation effect. But that does not imply the lack of importance of perceived relevance. Rather, there seems to be a perceived relevance mechanism that comes into play at an early stage but becomes more potent if it has a positive impact on the customer experience. This is in line with the idea of Bleier and Eisenbeiss (2022) that personalisation is possible, but this has to happen at the right time and in the right context and consumer response. The unsupported PR-only mediation suggests that relevance is required but not enough, if recommendations also contribute to a positive customer experience, they have a strong influence on purchase intention.
[bookmark: _Toc231769196]5.5 Discussion of Customer Experience as a Mediating Variable
The third research goal explored the role of customer experience in the link between AI-driven personalisation and consumer purchase intention. The results revealed that the customer experience was the most significant factor among the other factors in the model, when it came to purchase intention. This suggests that, besides being accurate and relevant, product recommendations influence consumers' desire to buy from Amazon as much as they influence the broader shopping experience. This is in line with Lemon and Verhoef's (2020) perspective that CE is a cumulative effect of consumer interactions with a platform rather than a single touch point.
In Amazon's case, AI-driven personalisation can help in making the customer journey more efficient, to make the product discovery process quicker, and make it easier for customers to find the products that they want from a vast product line. With thousands of choices available at online stores, it is easy to get information overload. But with personalised recommendations, this can be made easier by presenting products that seem to fit the customer's requirements. The same is true according to Rose et al. (2021), who suggest that online customer experience is influenced by usability, convenience and interaction quality with the platform. AI personalisation is valuable to make the shopping experience smoother and more manageable.
The results also indicate that the consumers are not only impacted by the technical accuracy of recommendations. They are also sensitive to convenience, enjoyment, satisfaction, emotional response, ease of use and perceived service quality. This reinforces the argument by Becker and Jaakkola (2020) who state that Customer Experience has both functional and emotional aspects. If a consumer sees a recommended product is relevant, for instance, but the recommendation process is easy, fun and trusted, the intention to buy increases. From this perspective, customer experience bridges the gap between personalised recommendations and customer actual behaviours.
This is significant since there is a strong indication that consumers would not necessarily be persuaded by a high degree of relevance of the recommendation. Relevant recommendations can draw consumer's attention to appropriate products, but customer experience is more convincing. Even if the shopping trip is confusing, intrusive or repetitive, relevant suggestions may not lead to purchase intention. This aligns with the findings of Bleier and Eisenbeiss (2022) that the effectiveness of personalisation is influenced by the context in which the consumer engages with the content and the quality of their experience with it.
Thus, H3 is supported since the customer experience has a significant mediating role between AI-based personalisation and purchase intention. The results suggest that the benefits of an AI-driven personalisation strategy are not entirely about the accuracy of the recommendations, but also about how these recommendations contribute to the overall customer journey. For Amazon and similar e-commerce platforms, this means that AI personalisation should not be treated only as a technical system. It is only through the experience of consumers using personalised content that it becomes successful. Purchase intent is likely to be boosted when AI recommendations are helpful, convenient and satisfying.
[bookmark: _Toc231769197]5.6 Discussion of Sequential Mediation Effect
The main outcome of this study is the supported sequential mediation effect of AI-powered personalisation, perceived relevance, customer experience and purchase intention. The findings indicated that customer experience was boosted when they saw content that was relevant to them, and that perceived relevance led to increased purchase intention, which was further affected by AI-powered personalisation. That is, purchase intent does not directly correlate with AI personalisation. Instead, it functions in a multi-layered psychological and experiential way.
This finding corroborates the H4 and H5. A total indirect effect was found for AI-powered personalisation, which is the reason why it is supported. Another reason for supporting H5 is that the perceived relevance and customer experience followed in sequence to mediate the relationship between AI-powered personalisation and purchase intention. In reality, people don't just get recommendations for their own and go out and purchase the same. They initially check if the recommendations are applicable to them. The more relevant the recommendations are, the greater the likelihood that they'll enhance the shopping experience. This enhanced experience in turn further fuels purchase intent.
The sequential mediation result is a significant support for the Stimulus–Organism–Response model. In this study, AI-powered personalisation is used as a stimulus, perceived relevance is used as an organism state, and purchase intention is used as a behavioural response. Huang and Rust (2021) state that AI plays a role in shaping consumer behavior through its ability to manipulate and affect how consumers interact and react to digital content. The present findings confirm this, as AI personalisation had an internal consumer evaluation instead of a direct effect.
This result contributes to the depth of the Technology Acceptance Model as well. When technology is perceived as useful and saves consumer effort, it is said to be favored by consumers (Venkatesh, Thong and Xu, 2021). The results indicate, however, that it is not always sufficient for usefulness/relevance. Perceived relevance should be reflected in a positive customer experience, and then, purchase intention strengthens. This implies that while Amazon's suggestions can be useful for consumers, it is their general experience of the service that will determine their final buying decision, as long as the entire process is convenient, enjoyable and satisfying for the consumer.
This result is a contribution to the research gap outlined in Chapter 2. While numerous studies investigate the relationship between AI personalisation and purchase intention, there are fewer studies that provide insights into the pathway that leads to the adoption of AI personalisation and its impact on consumer behaviour. The current study extends our understanding of the personalisation of AI in the context of Amazon's e-commerce platform by testing perceived relevance and customer experience as sequential mediators. It demonstrates that perceived relevance is an important first stage cognitive assessment and that the stronger experiential mechanism that moves from relevance to purchase intention is customer experience.
So it is the serial mediation finding of this study that makes the greatest contribution. It shows that AI-driven personalisation affects the purchase intentions in a four-stage process: Technological exposure, Cognitive evaluation, Experiential response, Behavioural intention. This means that the understanding of AI personalisation should extend beyond that of a recommendation algorithm. Instead, it should be viewed as an integral component of the broader customer journey which can help to build relevance, convenience and satisfaction before it can make a meaningful difference to purchase intention.
[bookmark: _Toc231769198]5.7 Discussion in Relation to Theoretical Framework
The results of the study offer valuable contributions to the theoretical framework established in Chapter 2 which includes the incorporation of the Stimulus–Organism–Response (S-O-R) model and the Technology Acceptance Model (TAM). The S-O-R model is particularly important in this context, as the findings indicate that AI-powered personalisation does not only affect the purchase intention directly, but also through the process of the product's relevance. The impact is instead mediated by internal consumer evaluations. For this study, the stimulus is the use of AI-driven personalisation, the organism state is perceived relevance and customer experience, and the behavioural state is purchase intention. The structure is suitable for the S-O-R logic as it is understood that consumers first process the stimulus in their minds then make a behavioural intention to adopt it (Huang and Rust, 2021; Zhang and Benyoucef, 2021).
The supported serial mediation pathway further reinforces the importance of the S-O-R model. According to the results, the initial question consumers ask is whether the recommendations that Amazon's AI makes are relevant to them. This cognitive assessment, in turn, will affect their experience with customers, which will lead to purchase intention. This indicates that the intention to buy is not an instant response to personalisation with AI. In contrast, it is built in a step-by-step manner that includes cognitive and experiential reactions. This aligns with the perspective of Li et al. (2022), who believe that the digital consumer behaviour is driven by the internal response to the stimuli in the digital environment. Furthermore, it is in line with Islam and Rahman (2023) who argue that online behavioural intentions are shaped by consumers' interpretations and experiences of their online interactions.
The insights also apply to TAM in the sense that an AI-powered recommendation might feel like it was helpful if it saves users from having to search for products, makes it easier to find what they are looking for, and/or makes better product recommendations (simplifies product decisions). However, consumers can benefit from AI when it can help them make more efficient product selection (Venkatesh, Thong and Xu, 2021; Dwivedi et al., 2021). Still, the results enhance TAM by demonstrating that usefulness/relevance is not the sole determinant of purchase intention. When it comes to the relationship between AI-powered personalisation and purchase intention, perceived relevance alone was not found to significantly mediate the relationship. But when relevance enhanced the customer's experience, it took the place of it.
As a result, TAM alone is not a complete tool to use. The results support TAM by demonstrating that perceived usefulness/recommendation relevance does not necessarily translate into purchasing intention, but rather gains in its influence when it is part of a positive customer experience. Therefore, the integration of S-O-R and TAM is justified as the findings reveal that there is a cognitive evaluation and an experiential response when implementing AI personalisation. This will provide a more powerful explanation than either of the models can provide.
[bookmark: _Toc231769199]5.8 Comparison with Existing Literature and Research Gap
These results complement and contribute to the work on personalisation through AI and customer buying intention in the literature. The positive total effect of AI-powered personalisation on purchase intention aligns with the results of a number of studies that have shown that AI recommendation systems can enhance the effectiveness of marketing, promote product discovery and influence consumer behaviour online (Davenport et al., 2020; Paschen, Pitt and Kietzmann, 2020). It also backs the argument of Chatterjee et al. (2021) that customer decision making can be eased by the introduction of more relevant product suggestions into their decision-making process through the use of AI-based recommendation systems. For Amazon, this means that AI personalisation can help streamline the shopping experience and encourage customers to buy.
The results also corroborate literature concerning perceived relevance; however, there are nuances. The studies conducted so far indicate that personalised recommendations can be more effective if the consumers find the recommendations relevant to them and useful (Guo et al., 2023; Sun, Zhao and Wang, 2022). This study confirms that because of the power of AI based personalisation to significantly enhance perceived relevance. Perceived relevance did not significantly mediate the relationship between AI personalisation and purchase intention, however. This is partly a counter-explanation to a simple relevance-based explanation. It implies that consumers can understand that a recommendation is pertinent but may need a positive shopping experience before they are more likely to make a purchase. The result is in line with Luo and Sun (2023), who state that the reactions of consumers to personalisation might rely on the context of their decision-making.
Customer experience is another important factor that backs up the literature on customer journeys. Customer experience is constructed throughout the entire path of the customer's interaction with the company, as noted by Lemon and Verhoef (2020), and Rose et al. (2021) point out that usability, convenience and emotional response are all key factors in online retailing. This research confirms these statements as it revealed that customer experience was the only factor that had the highest impact on purchase intention. Kim and Lee (2023) also suggest that the quality of interactions with digital platforms is related to consumer trust and consumer response to personalisation.
To answer the research gap identified in Chapter 2, this study targets the personalisation of Amazon's experience and AI's influence on purchase intention, and tests this empirically, it focuses on perceived relevance as a mediator and also takes customer experience into account. Most significantly, the study adds to the literature by demonstrating that customer experience and perceived relevance should not be considered merely as mediators, as these can be sequential in an AI-powered e-commerce scenario. This model offers a richer description of the effect of AI personalisation on purchase intention than does the direct-effect model.
[bookmark: _Toc231769200]5.9 Critical Reflection on Methodological Context
The results offer valuable insights into users' attitudes toward AI-driven personalisation on Amazon, but should be viewed in the context of the methodological approach used in the study. The research adopted the quantitative cross sectional survey which is a survey conducted at one point in time. As such, the results reveal statistical relationships between AI-driven personalisation, perceived relevance, customer experience and purchase intention, but do not completely establish long-term causal behavior. The sample size was reduced to 54, a size that gives them a basis for analysis, but restricts the generality of the results to Amazon users as a whole. Also, the sample was taken through convenience sampling, which may not be representative of the larger population of Internet users. Self-reported questionnaire data can also suffer from response bias in that respondents do not necessarily report their perceptions or intentions accurately all of the time. The results are still relevant, however, as they provide specific evidence in the context of the e-commerce environment of the Amazon region.
[bookmark: _Toc231769201]5.10 Chapter Summary
This chapter talked about the key findings in regards to the research objectives, hypotheses, literature and theoretical framework. The discussion revealed that the personalisation benefit achieved by using AI has an indirect effect on purchase intention, with direct effects limited. Perceived relevance was important, however, it was the most critical when enhancing customer experience. Customer experience proved to be the most powerful explanatory mechanism, as the presence of a convenient, useful and positive shopping journey due to AI recommendations is more likely to lead to the development of purchase intention. As a whole, the assisted serial mediation process reinforces the S-O-R and TAM paradigm. In the concluding chapter, the overall results are summarised and the research questions answered, the contribution of the study is outlined and recommendations for practice and future research are given.


[bookmark: _Toc231769202]Chapter 6: Conclusion and Recommendations
[bookmark: _Toc231769203]6.1 Overall Conclusion and Answers to Research Questions
This dissertation aimed to explore the influence of personalisation with the help of AI on consumers' purchase intentions in the context of Amazon's e-commerce platform. This study examined the effect of personalised product recommendations on customers' willingness to buy and the role of perceived relevance and customer experience in explaining this effect. The importance of this topic is that the recommendation system is a major component of digital marketing and online retailing today, and digital companies rely on consumer data to offer more targeted and personalised web shopping experiences (Davenport et al., 2020; Huang and Rust, 2021).
The research was quantitative in nature and survey method was used. There were 77 responses but 54 responses were submitted after applying the screening criteria and were included in the analysis. Respondents were only kept in the survey if they had bought something from Amazon in the last year and they had been aware of personalised recommendations. The results revealed high reliability for all constructs: AI-powered personalisation, perceived relevance, customer experience and purchase intention. The descriptive results also revealed that all the construct mean scores were above the neutral midpoint, indicating that generally the consumers' perceptions of the personalised recommendation system of Amazon were positive.
The first research question was what impact does the use of AI-driven personalisation have on the consumer's purchase intention on Amazon? Total effect of AI powered personalisation was found to be positive and significant. The more personalised consumers felt the stronger their purchase intention was, which indicates that users who felt the recommendations were more personalised were more likely to report purchase intention. This is consistent with the Theory of Acceptance which states that people are more receptive to technology when they see it as useful and when it decreases the effort needed in the decision making process (Venkatesh, Thong and Xu, 2021). For Amazon, AI personalisation makes it easier for users to find the right product and streamlines the process of finding through numerous options.
The results did however highlight that the direct effect of AI-enabled personalisation was no longer significant when adding perceived relevance and customer experience to the model. Thus, the influence of AI-powered personalisation does not seem to be largely direct upon purchase intention. Rather, the effect is via internal consumer evaluations and experiences. The first research question is thus answered by stating that AI-based personalisation has a positive impact on purchase intention; however, mainly indirectly.
The second research question was: what is the relevance of perceived relevance in consumers' AI-powered personalisation reactions? The results revealed that the use of AI to personalise strongly boosted relevance. This implies that when the suggestions are congruent with the consumer's needs, interests, and shopping objectives, they are more likely to place value on the recommendations. This aligns with the previous studies that have suggested that useful recommendations have the advantage of decreasing uncertainty and making online shopping more useful (Guo et al., 2023; Sun, Zhao and Wang, 2022). Perceived relevance however did not significantly mediate between AI-powered personalisation and purchase intention. So relevance is important but not enough to build in-line interest.
The third research question was what the role of customer experience is in the relationship between AI personalisation and purchase intention. The results indicated that customer experience was the highest explanatory mechanism. It significantly explained the purchase intention and also functioned as a mediator for the link between AI-powered personalisation and purchase intention. It aligns with customer experience literature that places consumers' attention on the entire trip that involves interacting with a platform, such as convenience, enjoyment, satisfaction and service quality (Lemon and Verhoef, 2020; Rose et al., 2021).
To summarise, this dissertation finds that the use of AI for the personalisation of retailers' products can enhance the purchase intention of the consumers in Amazon, mostly in a gradual manner. The initial step in the personalised recommendations process is to make them relevant, and in order for it to be more relevant for the customer, their experience needs to be enhanced, which then strengthens their purchase intent. The supported serial mediation pathway supports the assumption in the Stimulus–Organism–Response model, which states that AI personalisation is the stimulus, perceived relevance and customer experience are the internal organism states, and purchase intention is the behavioural response (Huang and Rust, 2021).
[bookmark: _Toc231769204]6.2 Contribution of the Study
This study is both theoretical and empirical in terms of adding to the theory, knowledge and practice. It could potentially be used theoretically to integrate Stimulus – Organism – Response and Technology Acceptance Model. The results indicate that AI-based personalisation influences the purchase intention both directly, and indirectly via cognitive and experiential pathways. This is because TAM cannot be translated into purchase intention without the concept of a positive customer experience (Venkatesh, Thong and Xu, 2021).
The present study also helps in the literature by examining the perceived relevance and customer experience as mediators sequentially. This study reveals a more complex relationship between AI personalisation and purchase intention than some studies suggest, as they focus on personalisation and purchase intention alone. Before making a purchase, consumers first assess the relevance of recommendations, then have an experience of the platform and finally, purchase intentions. This will make it easier to understand how AI personalisation is implemented in the eCommerce sector.
Practically, the study is useful as it is a focused study on Amazon. The results are insightful for the specific platform since one of the most recognised ecommerce platforms, Amazon, is also powered by AI recommendations. In practice, the research indicates that e-commerce managers ought to pay attention not just to the accuracy of the algorithm. They must also look at the impact of the recommendations on the overall customer experience, ease of use, satisfaction, trust and convenience.

[bookmark: _Toc231769205]6.3 Practical Recommendations
These results led to some suggestions for the practice of Amazon and similar e-commerce sites. To begin with, platforms should enhance the accuracy and relevance of the personalised suggestions.Platforms should also enhance the accuracy and relevance of the personalised recommendations. The use of browsing history, past purchases, and preference patterns should continue to be used in recommendation systems to ensure that the offered suggestions match with the consumer's needs, since this aspect is highly correlated with perceived relevance, which is enhanced when the personalisation is based on Artificial Intelligence. But, platforms should not just use the past behaviour as a sole indicator as it can lead to repetitive recommendations.
Secondly, there must be a strong focus on customer experience on eCommerce platforms. Results revealed that the highest predictor of the purchase intention was the customer experience. Thus it is important to design the recommendations systems so that shopping is easier, faster and fun. Recommendations will be simple, helpful and will be embedded within the shopping experience, rather than imposing on the consumer.
Thirdly, platforms should not personalise too intrusively or too much. Personalisation can enhance relevance, however, too much personalisation can be uncomfortable or diminish the level of trust if consumers perceive their data being used too aggressively (Aguirre et al., 2021; Martin and Murphy, 2021). Amazon and other e-commerce sites should thus make clear the justification for the product recommendations.
Moreover, users need to be granted more authority over their personalisation preferences. For instance, consumers may have options to remove irrelevant recommendation, reset the recommendation history and change the product preference categories. This can make the user feel more like he or she is in control and make his or her experience a better one. We found that users' control should positively impact their trust and buying intention, as it plays an important role in determining purchase intention in our study.
[bookmark: _Toc231769206]6.4 Limitations of the Study
There are some limitations of this study. The first is that the number of respondents actually included in the analysis would be 54. This sample might give valuable findings, but does not allow for the results to be broadly applicable to other Amazon users. The second limitation of the study was that it was a convenience sampling, where respondents were non-randomly selected. Consequently, the sample may not be a representative sample of Amazon users.
Thirdly, the study was based upon self-reported survey data. The answers provided by the respondents may not always reflect their perception or purchasing plans correctly, and some answers may be influenced by the responses of the respondents. Fourth, this study was also cross-sectional, with data gathered only one time. Thus, the results demonstrate statistical relationships, but do not completely establish long-term causal behaviour. Lastly, the study included only Amazon so the results may not be applicable to other e-commerce platforms that have different recommendation systems and user experiences.
[bookmark: _Toc231769207]6.5 Future Research Directions
This study could have been extended in various ways in the future. The first thing that should be done in future studies is to use a bigger and diversified sample for better generalisability. The larger the sample the more it is possible to make comparisons according to age, gender, income level, shopping frequency and spending habits. If this is the case, it could shed light on consumer group differences in their reaction to the use of personalisation through AI.
Second, the research could be extended to investigate other e-commerce sites like eBay, Alibaba or Walmart. This would give some indication of whether this was Amazon specific or if it could be applied to a variety of online retail platforms. Third, other variables including trust, privacy concern, perceived risk and consumer technology readiness, can be added to the study for future research. The reasons some consumers are more accepting of AI personalisation than others could be these variables.
Last but not least, qualitative or mixed approach might offer more understanding of consumers' experiences. Interviews might be useful for understanding why some recommendations are useful, and others seem intrusive or irrelevant to the consumers. To sum up, this dissertation identifies that personalisation based on AI has the highest impact when it makes relevant recommendations and customer experiences are positive. It is not only accurate and based on algorithms but also useful and convenient and makes online shopping and experience more personal.
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	Participant Identification Number:
	

	
PARTICIPANT INFORMATION SHEET


	Project Title: The Impact of AI-Powered Personalisation on Consumer Purchase Intention: Evidence from Amazon’s E-Commerce Platform

	Name of Researcher: Md Kausar Hosen
	Name of Supervisor: Ebad Banissi


Dear Sir/Madam, 
My name is ___ Md Kausar Hosen ___________ and I am an undergraduate student in the University of Wales Trinity Saint David, United Kingdom (London campus). Currently, I am conducting research entitled ___ The Impact of AI-Powered Personalisation on Consumer Purchase Intention: Evidence from Amazon’s E-Commerce Platform___________. 

	The purpose of this research is to: 

	The study will focus on investigating the effects of personalised product recommendations on the consumer purchase intention in the context of online shopping. Recommendation systems are employed by many e-commerce sites like Amazon to provide products based on the browsing behaviour of the customers as well as past purchases. These recommendations are tailor made and each one is meant to enhance the shopping experience in addition to assisting the customers in locating products that best suit them.
This is to be done with the aim of knowing the effects of such personalised recommendations on the purchasing behaviour and general experiences of consumers using online shopping sites. This study could be used to aid in the comprehension of consumer behaviour related to digital marketing and insight into the ways e-commerce platforms can be used to promote customer experience using personalised technologies.



I would like to invite you to participate in my research project by completing a short online questionnaire about your online shopping experiences and perceptions of personalised product recommendations. 
Please complete the accompanying consent form.  I will ask you to complete an online questionnaire during the interview with your permission.
Please note that the [questionnaire] should not take more than 5–10 minutes to complete but, there is no time constraint. Your participation in the [questionnaire] will be voluntary. You will not receive any remuneration or reward from the researcher. As a participant, you may decide to stop the questionnaire at any point of time without any explanation and/or reason. 
All data generated from this or any interview will remain confidential. For more information, please view the university’s Research and Data Management Policy. 
I thank you in advance for your time and participation. If any questions do arise, feel free to contact me at your convenience. 
	Name of Researcher: Md Kausar Hosen
	Signature of Researcher: Md Kausar Hosen

	Email of Researcher: __ 2406152@student.uwtsd.ac.uk 
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SPSS Output
	Variable Information
	
	

	Variable
	Position
	Label
	Measurement Level
	Role
	Column Width
	Alignment
	Print Format
	Write Format
	
	

	Timestamp
	1
	<none>
	Nominal
	Input
	28
	Left
	A28
	A28
	
	

	HaveyoumadeatleastonepurchaseonAmazoninthepast12monthsandnoticed
	2
	Have you made at least one purchase on Amazon in the past 12 months and noticed personalised product recommendations?
	Nominal
	Input
	3
	Left
	A3
	A3
	
	

	Agegroup
	3
	Age group
	Nominal
	Input
	5
	Left
	A5
	A5
	
	

	Gender
	4
	<none>
	Nominal
	Input
	17
	Left
	A17
	A17
	
	

	HowfrequentlydoyoushoponAmazon
	5
	How frequently do you shop on Amazon?
	Nominal
	Input
	18
	Left
	A18
	A18
	
	

	ApproximateannualonlinespendingonAmazonoptional
	6
	Approximate annual online spending on Amazon (optional)
	Nominal
	Input
	12
	Left
	A12
	A12
	
	

	Amazonâ€™sAIprovidesproductrecommendationsthatarehighlypers
	7
	Amazonâ€™s AI provides product recommendations that are highly personalised to my individual preferences.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	TheAIdrivenrecommendationsonAmazonaccuratelyreflectmypastbrowsin
	8
	The AI-driven recommendations on Amazon accurately reflect my past browsing history and purchases.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	IperceivethepersonalisedproductsuggestionsonAmazonastailoredspec
	9
	I perceive the personalised product suggestions on Amazon as tailored specifically for me.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	Amazonâ€™sAIpersonalisationhelpsmediscoverproductsthatfitmy
	10
	Amazonâ€™s AI personalisation helps me discover products that fit my unique needs and tastes.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	ThelevelofpersonalisationinAmazonâ€™sproductrecommendations
	11
	The level of personalisation in Amazonâ€™s product recommendations meets or exceeds my expectations.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	TheAIgeneratedrecommendationsonAmazonarehighlyrelevanttomycurren
	12
	The AI-generated recommendations on Amazon are highly relevant to my current needs and interests.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	ThesuggestedproductsonAmazonmatchwhatIamactuallylookingforormigh
	13
	The suggested products on Amazon match what I am actually looking for or might need.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	IfindthepersonalisedrecommendationsonAmazonusefulandapplicableto
	14
	I find the personalised recommendations on Amazon useful and applicable to my shopping goals.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	TheAIrecommendationsalignwellwithmypreferencesandreduceirrelevan
	15
	The AI recommendations align well with my preferences and reduce irrelevant suggestions.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	TheAIpersonalisationonAmazonenhancesmyoverallshoppingexperience
	16
	The AI personalisation on Amazon enhances my overall shopping experience.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	InteractingwithpersonalisedrecommendationsonAmazonisenjoyableand
	17
	Interacting with personalised recommendations on Amazon is enjoyable and satisfying.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	Amazonâ€™sAIdrivenfeaturesmakemyshoppingmoreconvenientanden
	18
	Amazonâ€™s AI-driven features make my shopping more convenient and engaging.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	Ifeelapositiveemotionalresponsee.g.valuedorunderstoodwhenusingAm
	19
	I feel a positive emotional response (e.g., valued or understood) when using Amazonâ€™s personalised recommendations.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	ThepersonalisedexperienceonAmazonimprovesmyperceptionoftheplatfo
	20
	The personalised experience on Amazon improves my perception of the platformâ€™s customer service quality.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	IintendtopurchaseproductsrecommendedbyAmazonâ€™sAIpersonali
	21
	I intend to purchase products recommended by Amazonâ€™s AI personalisation in the near future.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	ThepersonalisedrecommendationsonAmazonincreasemylikelihoodofmaki
	22
	The personalised recommendations on Amazon increase my likelihood of making a purchase.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	GiventheAIrecommendationsIamwillingtobuytheproductssuggestedonAm
	23
	Given the AI recommendations, I am willing to buy the products suggested on Amazon.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	ThepersonalisedexperiencemakesmemorelikelytochooseAmazonoverothe
	24
	The personalised experience makes me more likely to choose Amazon over other platforms for future purchases.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	OverallAmazonâ€™sAIpersonalisationpositivelyinfluencesmypur
	25
	Overall, Amazonâ€™s AI personalisation positively influences my purchase decisions.
	Nominal
	Input
	12
	Right
	F1
	F1
	
	

	Variables in the working file
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Frequencies
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Statistics
	
	
	
	
	
	
	
	

	Valid respondent based on screening question
	
	
	
	
	
	
	
	
	
	

	N
	Valid
	77
	
	
	
	
	
	
	
	

	
	Missing
	0
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Valid respondent based on screening question
	
	
	
	
	

	 
	Frequency
	Percent
	Valid Percent
	Cumulative Percent
	
	
	
	
	

	Valid
	Excluded: No
	23
	29.9
	29.9
	29.9
	
	
	
	
	

	
	Included: Yes
	54
	70.1
	70.1
	100.0
	
	
	
	
	

	
	Total
	77
	100.0
	100.0
	 
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Frequencies
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Statistics
	
	
	
	
	

	 
	Age group
	Gender
	Amazon shopping frequency
	Approximate annual online spending on Amazon
	
	
	
	
	

	N
	Valid
	54
	54
	54
	54
	
	
	
	
	

	
	Missing
	0
	0
	0
	0
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Frequency Table
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Age group
	
	
	
	
	

	 
	Frequency
	Percent
	Valid Percent
	Cumulative Percent
	
	
	
	
	

	Valid
	18-24
	8
	14.8
	14.8
	14.8
	
	
	
	
	

	
	25-34
	45
	83.3
	83.3
	98.1
	
	
	
	
	

	
	35-44
	1
	1.9
	1.9
	100.0
	
	
	
	
	

	
	Total
	54
	100.0
	100.0
	 
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Gender
	
	
	
	
	

	 
	Frequency
	Percent
	Valid Percent
	Cumulative Percent
	
	
	
	
	

	Valid
	Female
	7
	13.0
	13.0
	13.0
	
	
	
	
	

	
	Male
	46
	85.2
	85.2
	98.1
	
	
	
	
	

	
	Prefer not to say
	1
	1.9
	1.9
	100.0
	
	
	
	
	

	
	Total
	54
	100.0
	100.0
	 
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Amazon shopping frequency
	
	
	
	
	

	 
	Frequency
	Percent
	Valid Percent
	Cumulative Percent
	
	
	
	
	

	Valid
	A few times a year
	17
	31.5
	31.5
	31.5
	
	
	
	
	

	
	Monthly
	20
	37.0
	37.0
	68.5
	
	
	
	
	

	
	Rarely
	8
	14.8
	14.8
	83.3
	
	
	
	
	

	
	Weekly
	9
	16.7
	16.7
	100.0
	
	
	
	
	

	
	Total
	54
	100.0
	100.0
	 
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Approximate annual online spending on Amazon
	
	
	
	
	

	 
	Frequency
	Percent
	Valid Percent
	Cumulative Percent
	
	
	
	
	

	Valid
	 
	2
	3.7
	3.7
	3.7
	
	
	
	
	

	
	$500-$2,000
	14
	25.9
	25.9
	29.6
	
	
	
	
	

	
	Under $500
	38
	70.4
	70.4
	100.0
	
	
	
	
	

	
	Total
	54
	100.0
	100.0
	 
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Reliability
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Scale: AI-Powered Personalisation
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Case Processing Summary
	
	
	
	
	
	
	

	 
	N
	%
	
	
	
	
	
	
	

	Cases
	Valid
	54
	100.0
	
	
	
	
	
	
	

	
	Excludeda
	0
	0.0
	
	
	
	
	
	
	

	
	Total
	54
	100.0
	
	
	
	
	
	
	

	a. Listwise deletion based on all variables in the procedure.
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Reliability Statistics
	
	
	
	
	
	
	
	

	Cronbach's Alpha
	Cronbach's Alpha Based on Standardized Items
	N of Items
	
	
	
	
	
	
	
	

	0.894
	0.895
	5
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Item Statistics
	
	
	
	
	
	
	

	 
	Mean
	Std. Deviation
	N
	
	
	
	
	
	
	

	AI recommendations are highly personalised
	3.46
	1.209
	54
	
	
	
	
	
	
	

	AI recommendations reflect past browsing and purchases
	3.31
	1.146
	54
	
	
	
	
	
	
	

	Personalised suggestions are tailored specifically for me
	3.59
	1.108
	54
	
	
	
	
	
	
	

	AI personalisation helps discover suitable products
	3.72
	1.036
	54
	
	
	
	
	
	
	

	Personalisation meets or exceeds expectations
	3.54
	1.077
	54
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Inter-Item Correlation Matrix
	
	
	
	
	

	 
	AI recommendations are highly personalised
	AI recommendations reflect past browsing and purchases
	Personalised suggestions are tailored specifically for me
	AI personalisation helps discover suitable products
	Personalisation meets or exceeds expectations
	
	
	
	
	

	AI recommendations are highly personalised
	1.000
	0.724
	0.538
	0.542
	0.719
	
	
	
	
	

	AI recommendations reflect past browsing and purchases
	0.724
	1.000
	0.578
	0.393
	0.625
	
	
	
	
	

	Personalised suggestions are tailored specifically for me
	0.538
	0.578
	1.000
	0.722
	0.693
	
	
	
	
	

	AI personalisation helps discover suitable products
	0.542
	0.393
	0.722
	1.000
	0.763
	
	
	
	
	

	Personalisation meets or exceeds expectations
	0.719
	0.625
	0.693
	0.763
	1.000
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Scale Statistics
	
	
	
	
	
	
	

	Mean
	Variance
	Std. Deviation
	N of Items
	
	
	
	
	
	
	

	17.63
	21.860
	4.675
	5
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Reliability
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Scale: Perceived Relevance
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Case Processing Summary
	
	
	
	
	
	
	

	 
	N
	%
	
	
	
	
	
	
	

	Cases
	Valid
	54
	100.0
	
	
	
	
	
	
	

	
	Excludeda
	0
	0.0
	
	
	
	
	
	
	

	
	Total
	54
	100.0
	
	
	
	
	
	
	

	a. Listwise deletion based on all variables in the procedure.
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Reliability Statistics
	
	
	
	
	
	
	
	

	Cronbach's Alpha
	Cronbach's Alpha Based on Standardized Items
	N of Items
	
	
	
	
	
	
	
	

	0.918
	0.919
	4
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Item Statistics
	
	
	
	
	
	
	

	 
	Mean
	Std. Deviation
	N
	
	
	
	
	
	
	

	Recommendations are relevant to current needs
	3.69
	1.210
	54
	
	
	
	
	
	
	

	Suggested products match what I am looking for
	3.63
	1.138
	54
	
	
	
	
	
	
	

	Recommendations are useful for shopping goals
	3.52
	1.240
	54
	
	
	
	
	
	
	

	Recommendations align with preferences and reduce irrelevant suggestions
	3.61
	1.235
	54
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Inter-Item Correlation Matrix
	
	
	
	
	
	

	 
	Recommendations are relevant to current needs
	Suggested products match what I am looking for
	Recommendations are useful for shopping goals
	Recommendations align with preferences and reduce irrelevant suggestions
	
	
	
	
	
	

	Recommendations are relevant to current needs
	1.000
	0.791
	0.576
	0.598
	
	
	
	
	
	

	Suggested products match what I am looking for
	0.791
	1.000
	0.794
	0.795
	
	
	
	
	
	

	Recommendations are useful for shopping goals
	0.576
	0.794
	1.000
	0.886
	
	
	
	
	
	

	Recommendations align with preferences and reduce irrelevant suggestions
	0.598
	0.795
	0.886
	1.000
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Scale Statistics
	
	
	
	
	
	
	

	Mean
	Variance
	Std. Deviation
	N of Items
	
	
	
	
	
	
	

	14.44
	18.704
	4.325
	4
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Reliability
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Scale: Customer Experience
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Case Processing Summary
	
	
	
	
	
	
	

	 
	N
	%
	
	
	
	
	
	
	

	Cases
	Valid
	54
	100.0
	
	
	
	
	
	
	

	
	Excludeda
	0
	0.0
	
	
	
	
	
	
	

	
	Total
	54
	100.0
	
	
	
	
	
	
	

	a. Listwise deletion based on all variables in the procedure.
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Reliability Statistics
	
	
	
	
	
	
	
	

	Cronbach's Alpha
	Cronbach's Alpha Based on Standardized Items
	N of Items
	
	
	
	
	
	
	
	

	0.939
	0.939
	5
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Item Statistics
	
	
	
	
	
	
	

	 
	Mean
	Std. Deviation
	N
	
	
	
	
	
	
	

	AI personalisation enhances overall shopping experience
	3.80
	1.105
	54
	
	
	
	
	
	
	

	Personalised recommendations are enjoyable and satisfying
	3.78
	1.093
	54
	
	
	
	
	
	
	

	AI-driven features make shopping convenient and engaging
	3.83
	1.077
	54
	
	
	
	
	
	
	

	Positive emotional response from personalised recommendations
	3.74
	1.102
	54
	
	
	
	
	
	
	

	Personalised experience improves perception of service quality
	3.67
	1.099
	54
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Inter-Item Correlation Matrix
	
	
	
	
	

	 
	AI personalisation enhances overall shopping experience
	Personalised recommendations are enjoyable and satisfying
	AI-driven features make shopping convenient and engaging
	Positive emotional response from personalised recommendations
	Personalised experience improves perception of service quality
	
	
	
	
	

	AI personalisation enhances overall shopping experience
	1.000
	0.852
	0.716
	0.699
	0.689
	
	
	
	
	

	Personalised recommendations are enjoyable and satisfying
	0.852
	1.000
	0.721
	0.797
	0.738
	
	
	
	
	

	AI-driven features make shopping convenient and engaging
	0.716
	0.721
	1.000
	0.789
	0.733
	
	
	
	
	

	Positive emotional response from personalised recommendations
	0.699
	0.797
	0.789
	1.000
	0.800
	
	
	
	
	

	Personalised experience improves perception of service quality
	0.689
	0.738
	0.733
	0.800
	1.000
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Scale Statistics
	
	
	
	
	
	
	

	Mean
	Variance
	Std. Deviation
	N of Items
	
	
	
	
	
	
	

	18.81
	24.078
	4.907
	5
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Reliability
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Scale: Purchase Intention
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Case Processing Summary
	
	
	
	
	
	
	

	 
	N
	%
	
	
	
	
	
	
	

	Cases
	Valid
	54
	100.0
	
	
	
	
	
	
	

	
	Excludeda
	0
	0.0
	
	
	
	
	
	
	

	
	Total
	54
	100.0
	
	
	
	
	
	
	

	a. Listwise deletion based on all variables in the procedure.
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Reliability Statistics
	
	
	
	
	
	
	
	

	Cronbach's Alpha
	Cronbach's Alpha Based on Standardized Items
	N of Items
	
	
	
	
	
	
	
	

	0.939
	0.940
	5
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Item Statistics
	
	
	
	
	
	
	

	 
	Mean
	Std. Deviation
	N
	
	
	
	
	
	
	

	Intend to purchase AI-recommended products
	3.74
	1.031
	54
	
	
	
	
	
	
	

	Recommendations increase likelihood of purchase
	3.70
	1.207
	54
	
	
	
	
	
	
	

	Willing to buy suggested products
	3.65
	1.152
	54
	
	
	
	
	
	
	

	Personalised experience makes Amazon preferable
	3.70
	1.160
	54
	
	
	
	
	
	
	

	AI personalisation positively influences purchase decisions
	3.69
	1.163
	54
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Inter-Item Correlation Matrix
	
	
	
	
	

	 
	Intend to purchase AI-recommended products
	Recommendations increase likelihood of purchase
	Willing to buy suggested products
	Personalised experience makes Amazon preferable
	AI personalisation positively influences purchase decisions
	
	
	
	
	

	Intend to purchase AI-recommended products
	1.000
	0.771
	0.779
	0.787
	0.765
	
	
	
	
	

	Recommendations increase likelihood of purchase
	0.771
	1.000
	0.724
	0.758
	0.739
	
	
	
	
	

	Willing to buy suggested products
	0.779
	0.724
	1.000
	0.740
	0.691
	
	
	
	
	

	Personalised experience makes Amazon preferable
	0.787
	0.758
	0.740
	1.000
	0.825
	
	
	
	
	

	AI personalisation positively influences purchase decisions
	0.765
	0.739
	0.691
	0.825
	1.000
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Scale Statistics
	
	
	
	
	
	
	

	Mean
	Variance
	Std. Deviation
	N of Items
	
	
	
	
	
	
	

	18.48
	26.292
	5.128
	5
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Descriptives
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Descriptive Statistics
	

	 
	N
	Minimum
	Maximum
	Mean
	Std. Deviation
	Skewness
	Kurtosis
	

	
	Statistic
	Statistic
	Statistic
	Statistic
	Statistic
	Statistic
	Std. Error
	Statistic
	Std. Error
	

	AI-Powered Personalisation composite score
	54
	1.00
	5.00
	3.5259
	0.93510
	-0.964
	0.325
	1.513
	0.639
	

	Perceived Relevance composite score
	54
	1.00
	5.00
	3.6111
	1.08121
	-0.702
	0.325
	0.187
	0.639
	

	Customer Experience composite score
	54
	1.00
	5.00
	3.7630
	0.98139
	-0.996
	0.325
	1.591
	0.639
	

	Purchase Intention composite score
	54
	1.00
	5.00
	3.6963
	1.02552
	-0.924
	0.325
	0.912
	0.639
	

	Valid N (listwise)
	54
	 
	 
	 
	 
	 
	 
	 
	 
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Correlations
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Correlations
	
	
	
	
	

	 
	AI-Powered Personalisation composite score
	Perceived Relevance composite score
	Customer Experience composite score
	Purchase Intention composite score
	
	
	
	
	

	AI-Powered Personalisation composite score
	Pearson Correlation
	1
	0.861
	0.832
	0.794
	
	
	
	
	

	
	Sig. (2-tailed)
	 
	0.000
	0.000
	0.000
	
	
	
	
	

	
	N
	54
	54
	54
	54
	
	
	
	
	

	Perceived Relevance composite score
	Pearson Correlation
	0.861
	1
	0.873
	0.849
	
	
	
	
	

	
	Sig. (2-tailed)
	0.000
	 
	0.000
	0.000
	
	
	
	
	

	
	N
	54
	54
	54
	54
	
	
	
	
	

	Customer Experience composite score
	Pearson Correlation
	0.832
	0.873
	1
	0.930
	
	
	
	
	

	
	Sig. (2-tailed)
	0.000
	0.000
	 
	0.000
	
	
	
	
	

	
	N
	54
	54
	54
	54
	
	
	
	
	

	Purchase Intention composite score
	Pearson Correlation
	0.794
	0.849
	0.930
	1
	
	
	
	
	

	
	Sig. (2-tailed)
	0.000
	0.000
	0.000
	 
	
	
	
	
	

	
	N
	54
	54
	54
	54
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Regression
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Variables Entered/Removeda
	
	
	
	
	
	
	

	Model
	Variables Entered
	Variables Removed
	Method
	
	
	
	
	
	
	

	1
	AI-Powered Personalisation composite scoreb
	 
	Enter
	
	
	
	
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	
	
	
	
	

	b. All requested variables entered.
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model Summary
	
	
	
	
	
	

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate
	
	
	
	
	
	

	1
	.794a
	0.630
	0.623
	0.62965
	
	
	
	
	
	

	a. Predictors: (Constant), AI-Powered Personalisation composite score
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	ANOVAa
	
	
	
	

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.
	
	
	
	

	1
	Regression
	35.123
	1
	35.123
	88.591
	.000b
	
	
	
	

	
	Residual
	20.616
	52
	0.396
	 
	 
	
	
	
	

	
	Total
	55.739
	53
	 
	 
	 
	
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	
	

	b. Predictors: (Constant), AI-Powered Personalisation composite score
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	95.0% Confidence Interval for B
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Lower Bound
	Upper Bound
	Tolerance
	VIF

	1
	(Constant)
	0.627
	0.337
	 
	1.859
	0.069
	-0.050
	1.303
	 
	 

	
	AI-Powered Personalisation composite score
	0.871
	0.092
	0.794
	9.412
	0.000
	0.685
	1.056
	1.000
	1.000

	a. Dependent Variable: Purchase Intention composite score

	
	
	
	
	
	
	
	
	
	
	

	Collinearity Diagnosticsa
	
	
	
	
	

	Model
	Eigenvalue
	Condition Index
	Variance Proportions
	
	
	
	
	

	
	
	
	(Constant)
	AI-Powered Personalisation composite score
	
	
	
	
	

	1
	1
	1.967
	1.000
	0.02
	0.02
	
	
	
	
	

	
	2
	0.033
	7.741
	0.98
	0.98
	
	
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Regression
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Variables Entered/Removeda
	
	
	
	
	
	
	

	Model
	Variables Entered
	Variables Removed
	Method
	
	
	
	
	
	
	

	1
	Customer Experience composite score, AI-Powered Personalisation composite score, Perceived Relevance composite scoreb
	 
	Enter
	
	
	
	
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	
	
	
	
	

	b. All requested variables entered.
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model Summary
	
	
	
	
	
	

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate
	
	
	
	
	
	

	1
	.933a
	0.871
	0.864
	0.37888
	
	
	
	
	
	

	a. Predictors: (Constant), Customer Experience composite score, AI-Powered Personalisation composite score, Perceived Relevance composite score
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	ANOVAa
	
	
	
	

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.
	
	
	
	

	1
	Regression
	48.562
	3
	16.187
	112.761
	.000b
	
	
	
	

	
	Residual
	7.178
	50
	0.144
	 
	 
	
	
	
	

	
	Total
	55.739
	53
	 
	 
	 
	
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	
	

	b. Predictors: (Constant), Customer Experience composite score, AI-Powered Personalisation composite score, Perceived Relevance composite score
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	95.0% Confidence Interval for B
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Lower Bound
	Upper Bound
	Tolerance
	VIF

	1
	(Constant)
	0.040
	0.216
	 
	0.186
	0.853
	-0.393
	0.473
	 
	 

	
	AI-Powered Personalisation composite score
	-0.002
	0.116
	-0.002
	-0.019
	0.985
	-0.234
	0.230
	0.232
	4.315

	
	Perceived Relevance composite score
	0.145
	0.114
	0.153
	1.269
	0.210
	-0.084
	0.374
	0.178
	5.611

	
	Customer Experience composite score
	0.835
	0.115
	0.799
	7.258
	0.000
	0.604
	1.066
	0.213
	4.704

	a. Dependent Variable: Purchase Intention composite score

	
	
	
	
	
	
	
	
	
	
	

	Collinearity Diagnosticsa
	
	
	

	Model
	Eigenvalue
	Condition Index
	Variance Proportions
	
	
	

	
	
	
	(Constant)
	AI-Powered Personalisation composite score
	Perceived Relevance composite score
	Customer Experience composite score
	
	
	

	1
	1
	3.932
	1.000
	0.00
	0.00
	0.00
	0.00
	
	
	

	
	2
	0.049
	8.977
	0.86
	0.02
	0.05
	0.01
	
	
	

	
	3
	0.011
	19.020
	0.01
	0.88
	0.06
	0.39
	
	
	

	
	4
	0.009
	21.365
	0.13
	0.10
	0.89
	0.60
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Regression
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Variables Entered/Removeda
	
	
	
	
	
	
	

	Model
	Variables Entered
	Variables Removed
	Method
	
	
	
	
	
	
	

	1
	AI-Powered Personalisation composite scoreb
	 
	Enter
	
	
	
	
	
	
	

	a. Dependent Variable: Perceived Relevance composite score
	
	
	
	
	
	
	

	b. All requested variables entered.
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model Summary
	
	
	
	
	
	

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate
	
	
	
	
	
	

	1
	.861a
	0.742
	0.737
	0.55491
	
	
	
	
	
	

	a. Predictors: (Constant), AI-Powered Personalisation composite score
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	ANOVAa
	
	
	
	

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.
	
	
	
	

	1
	Regression
	45.946
	1
	45.946
	149.210
	.000b
	
	
	
	

	
	Residual
	16.012
	52
	0.308
	 
	 
	
	
	
	

	
	Total
	61.958
	53
	 
	 
	 
	
	
	
	

	a. Dependent Variable: Perceived Relevance composite score
	
	
	
	

	b. Predictors: (Constant), AI-Powered Personalisation composite score
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	95.0% Confidence Interval for B
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Lower Bound
	Upper Bound
	Tolerance
	VIF

	1
	(Constant)
	0.100
	0.297
	 
	0.338
	0.737
	-0.496
	0.697
	 
	 

	
	AI-Powered Personalisation composite score
	0.996
	0.082
	0.861
	12.215
	0.000
	0.832
	1.159
	1.000
	1.000

	a. Dependent Variable: Perceived Relevance composite score

	
	
	
	
	
	
	
	
	
	
	

	Collinearity Diagnosticsa
	
	
	
	
	

	Model
	Eigenvalue
	Condition Index
	Variance Proportions
	
	
	
	
	

	
	
	
	(Constant)
	AI-Powered Personalisation composite score
	
	
	
	
	

	1
	1
	1.967
	1.000
	0.02
	0.02
	
	
	
	
	

	
	2
	0.033
	7.741
	0.98
	0.98
	
	
	
	
	

	a. Dependent Variable: Perceived Relevance composite score
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Regression
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Variables Entered/Removeda
	
	
	
	
	
	
	

	Model
	Variables Entered
	Variables Removed
	Method
	
	
	
	
	
	
	

	1
	Perceived Relevance composite score, AI-Powered Personalisation composite scoreb
	 
	Enter
	
	
	
	
	
	
	

	a. Dependent Variable: Customer Experience composite score
	
	
	
	
	
	
	

	b. All requested variables entered.
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model Summary
	
	
	
	
	
	

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate
	
	
	
	
	
	

	1
	.887a
	0.787
	0.779
	0.46128
	
	
	
	
	
	

	a. Predictors: (Constant), Perceived Relevance composite score, AI-Powered Personalisation composite score
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	ANOVAa
	
	
	
	

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.
	
	
	
	

	1
	Regression
	40.194
	2
	20.097
	94.450
	.000b
	
	
	
	

	
	Residual
	10.852
	51
	0.213
	 
	 
	
	
	
	

	
	Total
	51.046
	53
	 
	 
	 
	
	
	
	

	a. Dependent Variable: Customer Experience composite score
	
	
	
	

	b. Predictors: (Constant), Perceived Relevance composite score, AI-Powered Personalisation composite score
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	95.0% Confidence Interval for B
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Lower Bound
	Upper Bound
	Tolerance
	VIF

	1
	(Constant)
	0.630
	0.247
	 
	2.547
	0.014
	0.133
	1.126
	 
	 

	
	AI-Powered Personalisation composite score
	0.323
	0.133
	0.308
	2.423
	0.019
	0.055
	0.590
	0.258
	3.869

	
	Perceived Relevance composite score
	0.552
	0.115
	0.609
	4.791
	0.000
	0.321
	0.784
	0.258
	3.869

	a. Dependent Variable: Customer Experience composite score

	
	
	
	
	
	
	
	
	
	
	

	Collinearity Diagnosticsa
	
	
	
	

	Model
	Eigenvalue
	Condition Index
	Variance Proportions
	
	
	
	

	
	
	
	(Constant)
	AI-Powered Personalisation composite score
	Perceived Relevance composite score
	
	
	
	

	1
	1
	2.944
	1.000
	0.01
	0.00
	0.00
	
	
	
	

	
	2
	0.047
	7.955
	0.91
	0.03
	0.11
	
	
	
	

	
	3
	0.010
	17.281
	0.08
	0.96
	0.89
	
	
	
	

	a. Dependent Variable: Customer Experience composite score
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Matrix
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Run MATRIX procedure:
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Copyright 2013-2025 by Andrew F. Hayes. ALL RIGHTS RESERVED.
	
	
	
	
	
	
	
	
	
	

	This version of PROCESS requires SPSS version 26 or later
	
	
	
	
	
	
	
	
	
	

	Workshop schedule available at haskayne.ucalgary.ca/CCRAM
	
	
	
	
	
	
	
	
	
	

	In SPSS 29 and later, change default output font to Courier New for tidier
	
	
	
	
	
	
	
	
	
	

	output. More information about PROCESS at processmacro.org/faq.html.
	
	
	
	
	
	
	
	
	
	

	This beta release has not been completely tested. Use at your own risk.
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	***************** PROCESS Procedure for SPSS Version 5.0 *****************
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	          Written by Andrew F. Hayes, Ph.D.       www.afhayes.com
	
	
	
	
	
	
	
	
	
	

	    Documentation available in Hayes (2022). www.guilford.com/p/hayes3
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	**************************************************************************
	
	
	
	
	
	
	
	
	
	

	  Model: 6
	
	
	
	
	
	
	
	
	
	

	      Y: PI
	
	
	
	
	
	
	
	
	
	

	      X: AIP
	
	
	
	
	
	
	
	
	
	

	     M1: PR
	
	
	
	
	
	
	
	
	
	

	     M2: CE
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Sample
	
	
	
	
	
	
	
	
	
	

	Size:  54
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	**************************************************************************
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	OUTCOME VARIABLE:
	
	
	
	
	
	
	
	
	
	

	 PR
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model Summary
	
	
	
	
	
	
	
	
	
	

	          R       R-sq        MSE          F        df1        df2          p
	
	
	
	
	
	
	
	
	
	

	      .8611      .7416      .3079   149.2100     1.0000    52.0000      .0000
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model
	
	
	
	
	
	
	
	
	
	

	              coeff         se          t          p       LLCI       ULCI
	
	
	
	
	
	
	
	
	
	

	constant      .1003      .2972      .3377      .7370     -.4960      .6967
	
	
	
	
	
	
	
	
	
	

	AIP           .9957      .0815    12.2152      .0000      .8321     1.1593
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	**************************************************************************
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	OUTCOME VARIABLE:
	
	
	
	
	
	
	
	
	
	

	 CE
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model Summary
	
	
	
	
	
	
	
	
	
	

	          R       R-sq        MSE          F        df1        df2          p
	
	
	
	
	
	
	
	
	
	

	      .8874      .7874      .2128    94.4501     2.0000    51.0000      .0000
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model
	
	
	
	
	
	
	
	
	
	

	              coeff         se          t          p       LLCI       ULCI
	
	
	
	
	
	
	
	
	
	

	constant      .6299      .2473     2.5471      .0139      .1334     1.1263
	
	
	
	
	
	
	
	
	
	

	AIP           .3229      .1333     2.4225      .0190      .0553      .5905
	
	
	
	
	
	
	
	
	
	

	PR            .5523      .1153     4.7915      .0000      .3209      .7838
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	**************************************************************************
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	OUTCOME VARIABLE:
	
	
	
	
	
	
	
	
	
	

	 PI
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model Summary
	
	
	
	
	
	
	
	
	
	

	          R       R-sq        MSE          F        df1        df2          p
	
	
	
	
	
	
	
	
	
	

	      .9334      .8712      .1436   112.7608     3.0000    50.0000      .0000
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model
	
	
	
	
	
	
	
	
	
	

	              coeff         se          t          p       LLCI       ULCI
	
	
	
	
	
	
	
	
	
	

	constant      .0402      .2157      .1862      .8530     -.3930      .4733
	
	
	
	
	
	
	
	
	
	

	AIP          -.0022      .1156     -.0189      .9850     -.2344      .2300
	
	
	
	
	
	
	
	
	
	

	PR            .1447      .1140     1.2694      .2102     -.0843      .3738
	
	
	
	
	
	
	
	
	
	

	CE            .8348      .1150     7.2578      .0000      .6037     1.0658
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	****************** DIRECT AND INDIRECT EFFECTS OF X ON Y ******************
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Direct effect of X on Y
	
	
	
	
	
	
	
	
	
	

	     Effect         se          t          p       LLCI       ULCI
	
	
	
	
	
	
	
	
	
	

	     -.0022      .1156     -.0189      .9850     -.2344      .2300
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Indirect effect(s) of X on Y:
	
	
	
	
	
	
	
	
	
	

	          Effect     BootSE   BootLLCI   BootULCI
	
	
	
	
	
	
	
	
	
	

	TOTAL      .8728      .1828      .5365     1.2424
	
	
	
	
	
	
	
	
	
	

	Ind1       .1441      .1491     -.1538      .4307
	
	
	
	
	
	
	
	
	
	

	Ind2       .2695      .1486      .0155      .6023
	
	
	
	
	
	
	
	
	
	

	Ind3       .4591      .1343      .2242      .7462
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Indirect effect key:
	
	
	
	
	
	
	
	
	
	

	Ind1 AIP         ->    PR          ->    PI
	
	
	
	
	
	
	
	
	
	

	Ind2 AIP         ->    CE          ->    PI
	
	
	
	
	
	
	
	
	
	

	Ind3 AIP         ->    PR          ->    CE          ->    PI
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	*********************** ANALYSIS NOTES AND ERRORS ************************
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Level of confidence for all confidence intervals in output:
	
	
	
	
	
	
	
	
	
	

	  95.0000
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Number of bootstrap samples for percentile bootstrap confidence intervals:
	
	
	
	
	
	
	
	
	
	

	  5000
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	------ END MATRIX -----
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Explore
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Case Processing Summary
	
	
	
	

	 
	Cases
	
	
	
	

	
	Valid
	Missing
	Total
	
	
	
	

	
	N
	Percent
	N
	Percent
	N
	Percent
	
	
	
	

	AI-Powered Personalisation composite score
	54
	100.0%
	0
	0.0%
	54
	100.0%
	
	
	
	

	Perceived Relevance composite score
	54
	100.0%
	0
	0.0%
	54
	100.0%
	
	
	
	

	Customer Experience composite score
	54
	100.0%
	0
	0.0%
	54
	100.0%
	
	
	
	

	Purchase Intention composite score
	54
	100.0%
	0
	0.0%
	54
	100.0%
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Descriptives
	
	
	
	
	
	

	 
	Statistic
	Std. Error
	
	
	
	
	
	

	AI-Powered Personalisation composite score
	Mean
	3.5259
	0.12725
	
	
	
	
	
	

	
	95% Confidence Interval for Mean
	Lower Bound
	3.2707
	 
	
	
	
	
	
	

	
	
	Upper Bound
	3.7812
	 
	
	
	
	
	
	

	
	5% Trimmed Mean
	3.5844
	 
	
	
	
	
	
	

	
	Median
	3.7000
	 
	
	
	
	
	
	

	
	Variance
	0.874
	 
	
	
	
	
	
	

	
	Std. Deviation
	0.93510
	 
	
	
	
	
	
	

	
	Minimum
	1.00
	 
	
	
	
	
	
	

	
	Maximum
	5.00
	 
	
	
	
	
	
	

	
	Range
	4.00
	 
	
	
	
	
	
	

	
	Interquartile Range
	0.80
	 
	
	
	
	
	
	

	
	Skewness
	-0.964
	0.325
	
	
	
	
	
	

	
	Kurtosis
	1.513
	0.639
	
	
	
	
	
	

	Perceived Relevance composite score
	Mean
	3.6111
	0.14713
	
	
	
	
	
	

	
	95% Confidence Interval for Mean
	Lower Bound
	3.3160
	 
	
	
	
	
	
	

	
	
	Upper Bound
	3.9062
	 
	
	
	
	
	
	

	
	5% Trimmed Mean
	3.6790
	 
	
	
	
	
	
	

	
	Median
	4.0000
	 
	
	
	
	
	
	

	
	Variance
	1.169
	 
	
	
	
	
	
	

	
	Std. Deviation
	1.08121
	 
	
	
	
	
	
	

	
	Minimum
	1.00
	 
	
	
	
	
	
	

	
	Maximum
	5.00
	 
	
	
	
	
	
	

	
	Range
	4.00
	 
	
	
	
	
	
	

	
	Interquartile Range
	1.25
	 
	
	
	
	
	
	

	
	Skewness
	-0.702
	0.325
	
	
	
	
	
	

	
	Kurtosis
	0.187
	0.639
	
	
	
	
	
	

	Customer Experience composite score
	Mean
	3.7630
	0.13355
	
	
	
	
	
	

	
	95% Confidence Interval for Mean
	Lower Bound
	3.4951
	 
	
	
	
	
	
	

	
	
	Upper Bound
	4.0308
	 
	
	
	
	
	
	

	
	5% Trimmed Mean
	3.8477
	 
	
	
	
	
	
	

	
	Median
	4.0000
	 
	
	
	
	
	
	

	
	Variance
	0.963
	 
	
	
	
	
	
	

	
	Std. Deviation
	0.98139
	 
	
	
	
	
	
	

	
	Minimum
	1.00
	 
	
	
	
	
	
	

	
	Maximum
	5.00
	 
	
	
	
	
	
	

	
	Range
	4.00
	 
	
	
	
	
	
	

	
	Interquartile Range
	1.05
	 
	
	
	
	
	
	

	
	Skewness
	-0.996
	0.325
	
	
	
	
	
	

	
	Kurtosis
	1.591
	0.639
	
	
	
	
	
	

	Purchase Intention composite score
	Mean
	3.6963
	0.13956
	
	
	
	
	
	

	
	95% Confidence Interval for Mean
	Lower Bound
	3.4164
	 
	
	
	
	
	
	

	
	
	Upper Bound
	3.9762
	 
	
	
	
	
	
	

	
	5% Trimmed Mean
	3.7737
	 
	
	
	
	
	
	

	
	Median
	3.8000
	 
	
	
	
	
	
	

	
	Variance
	1.052
	 
	
	
	
	
	
	

	
	Std. Deviation
	1.02552
	 
	
	
	
	
	
	

	
	Minimum
	1.00
	 
	
	
	
	
	
	

	
	Maximum
	5.00
	 
	
	
	
	
	
	

	
	Range
	4.00
	 
	
	
	
	
	
	

	
	Interquartile Range
	1.25
	 
	
	
	
	
	
	

	
	Skewness
	-0.924
	0.325
	
	
	
	
	
	

	
	Kurtosis
	0.912
	0.639
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Tests of Normality
	
	
	
	

	 
	Kolmogorov-Smirnova
	Shapiro-Wilk
	
	
	
	

	
	Statistic
	df
	Sig.
	Statistic
	df
	Sig.
	
	
	
	

	AI-Powered Personalisation composite score
	0.143
	54
	0.008
	0.903
	54
	0.000
	
	
	
	

	Perceived Relevance composite score
	0.159
	54
	0.002
	0.911
	54
	0.001
	
	
	
	

	Customer Experience composite score
	0.132
	54
	0.019
	0.885
	54
	0.000
	
	
	
	

	Purchase Intention composite score
	0.114
	54
	0.076
	0.909
	54
	0.001
	
	
	
	

	a. Lilliefors Significance Correction
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	AI-Powered Personalisation composite score
	
	
	
	
	
	
	
	
	
	

	Perceived Relevance composite score
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Customer Experience composite score
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Purchase Intention composite score
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Regression
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Variables Entered/Removeda
	
	
	
	
	
	
	

	Model
	Variables Entered
	Variables Removed
	Method
	
	
	
	
	
	
	

	1
	Customer Experience composite score, AI-Powered Personalisation composite score, Perceived Relevance composite scoreb
	 
	Enter
	
	
	
	
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	
	
	
	
	

	b. All requested variables entered.
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Model Summaryb
	
	
	
	
	
	

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate
	
	
	
	
	
	

	1
	.933a
	0.871
	0.864
	0.37888
	
	
	
	
	
	

	a. Predictors: (Constant), Customer Experience composite score, AI-Powered Personalisation composite score, Perceived Relevance composite score
	
	
	
	
	
	

	b. Dependent Variable: Purchase Intention composite score
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	ANOVAa
	
	
	
	

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.
	
	
	
	

	1
	Regression
	48.562
	3
	16.187
	112.761
	.000b
	
	
	
	

	
	Residual
	7.178
	50
	0.144
	 
	 
	
	
	
	

	
	Total
	55.739
	53
	 
	 
	 
	
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	
	

	b. Predictors: (Constant), Customer Experience composite score, AI-Powered Personalisation composite score, Perceived Relevance composite score
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	95.0% Confidence Interval for B
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Lower Bound
	Upper Bound
	Tolerance
	VIF

	1
	(Constant)
	0.040
	0.216
	 
	0.186
	0.853
	-0.393
	0.473
	 
	 

	
	AI-Powered Personalisation composite score
	-0.002
	0.116
	-0.002
	-0.019
	0.985
	-0.234
	0.230
	0.232
	4.315

	
	Perceived Relevance composite score
	0.145
	0.114
	0.153
	1.269
	0.210
	-0.084
	0.374
	0.178
	5.611

	
	Customer Experience composite score
	0.835
	0.115
	0.799
	7.258
	0.000
	0.604
	1.066
	0.213
	4.704

	a. Dependent Variable: Purchase Intention composite score

	
	
	
	
	
	
	
	
	
	
	

	Collinearity Diagnosticsa
	
	
	

	Model
	Eigenvalue
	Condition Index
	Variance Proportions
	
	
	

	
	
	
	(Constant)
	AI-Powered Personalisation composite score
	Perceived Relevance composite score
	Customer Experience composite score
	
	
	

	1
	1
	3.932
	1.000
	0.00
	0.00
	0.00
	0.00
	
	
	

	
	2
	0.049
	8.977
	0.86
	0.02
	0.05
	0.01
	
	
	

	
	3
	0.011
	19.020
	0.01
	0.88
	0.06
	0.39
	
	
	

	
	4
	0.009
	21.365
	0.13
	0.10
	0.89
	0.60
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Residuals Statisticsa
	
	
	
	
	

	 
	Minimum
	Maximum
	Mean
	Std. Deviation
	N
	
	
	
	
	

	Predicted Value
	1.0175
	4.9307
	3.6963
	0.95721
	54
	
	
	
	
	

	Std. Predicted Value
	-2.799
	1.290
	0.000
	1.000
	54
	
	
	
	
	

	Standard Error of Predicted Value
	0.054
	0.191
	0.096
	0.037
	54
	
	
	
	
	

	Adjusted Predicted Value
	1.0213
	5.2773
	3.7026
	0.96290
	54
	
	
	
	
	

	Residual
	-1.13067
	0.81352
	0.00000
	0.36801
	54
	
	
	
	
	

	Std. Residual
	-2.984
	2.147
	0.000
	0.971
	54
	
	
	
	
	

	Stud. Residual
	-3.411
	2.192
	-0.008
	1.024
	54
	
	
	
	
	

	Deleted Residual
	-1.47730
	0.84776
	-0.00632
	0.41104
	54
	
	
	
	
	

	Stud. Deleted Residual
	-3.855
	2.282
	-0.020
	1.073
	54
	
	
	
	
	

	Mahal. Distance
	0.111
	12.489
	2.944
	3.144
	54
	
	
	
	
	

	Cook's Distance
	0.000
	0.892
	0.031
	0.124
	54
	
	
	
	
	

	Centered Leverage Value
	0.002
	0.236
	0.056
	0.059
	54
	
	
	
	
	

	a. Dependent Variable: Purchase Intention composite score
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Descriptives
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	

	Descriptive Statistics
	
	
	
	
	

	 
	N
	Minimum
	Maximum
	Mean
	Std. Deviation
	
	
	
	
	

	Standardized Residual
	54
	-2.98420
	2.14715
	0.0000000
	0.97128586
	
	
	
	
	

	Cook's Distance
	54
	0.00003
	0.89179
	0.0314141
	0.12372426
	
	
	
	
	

	Centered Leverage Value
	54
	0.00210
	0.23563
	0.0555556
	0.05932056
	
	
	
	
	

	Valid N (listwise)
	54
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Abbreviation

Full Form

A Artificial Intelligence
AP Al-Powered Personalisation
CE Customer Experience
] Confidence Interval
H Hypothesis
LLel Lower Limit Confidence Interval
N Number of Respondents / Sample Size
Pl Purchase Intention
PR Perceived Relevance
RQ Research Question
sD ‘Standard Deviation
SE ‘Standard Error
SOR ‘Stimulus-Organism-Response
SPSS Statistical Package for the Social Sciences,
TAM Technology Acceptance Model
uLcl Upper Limit Confidence Interval

VIF

Variance Inflation Factor
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Term

Definition

Al-Powered Personalisation

Use of Al to provide tailored product recommendations.

Atificial Intelligence

Technology that analyses data and supports decisions.

Customer Experience

Overall experience while using an online platform

E-Commerce

Buying and selling products or services online

Mediation

When one variable explains the effect of another variable.

Perceived Relevance

How well recommendations match consumer needs.

Purchase Intention

A consumer's willingness to buy a product.

Recommendation System

A system that suggests products based on user data.

Serial Mediation

A mediation process involving variables in sequence

S-O-R Model

Theory linking stimulus, internal response and behaviour.

Technology Acceptance Model

Theory explaining user acceptance of technology.
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Pearson Correlation Heatmap
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In order for research to result in benefit and minimise risk of ham, it must be
conducted ethically.

The University follows the OECD FErascali 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 [ FullName: Md Kausar Hosen
2| Student Number 2406152

3 | Email address: 2406152@student uwtsd ac uk
4| Programme of Study: MBA International Business

5 | supervisor: Ebad Banissi

SECTION B: Intemnal and Extemnal Ethical Guidance Materials.

Please list the core ethical guidance documents that have been referred to during the completion
ofthis 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

UWTSD Research Ethics & Integrity Code of Practice

UWTSD Research Data Management Policy

ojo|®(®

NENE
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Indicative | The Impact of A-Powered Personalisation on Consumer Purchase Intention:

title: Evidence from Amazon's E-Commerce Platform
Proposed Proposedend|
o eota | March2026 e June 2026

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

Ensure that you write for a Non-Specialist Audience when outi
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 informedthe proposed activity and
explain

« What the research activity will add to the body of knowledge
«_How taddresses an area of importance.

ing your response to

Purpose of Research Activity

Overthe past several years, there has been an increasing growth in online shopping, an
most ecommerce platforms are applying sophisticated technologies to enhance th
experience to customers. Artificial intelligence (A is one of the technologies that
‘applied in digal marketingand can help companies to examine consumer behaviour an
make personalised product suggestions. The main online retailers lie Amazon usually use|
these recommendation systems to recommend products based on the browsing history |
previous purchases and user preferences

Despite the popularity of personalised recommendation systemsin online shopping media
‘one should know the impact that these systems have on the consumer-purchase behaviour|
Specifically, one will have to investigate the question of whether personalised
recommendations influence the desired purchase of goods and the ways in which they
influence the overall shopping experience.

This study is aimed at investigating the effectiveness of Albased personalisation i
‘consumer buying intention in a virtual shopping setup. Amazon will be considered as the|
case study as it is one of the biggest online stores and extensively uses the personalised|
system of recommendations. This research will also help to understand the effect of such|
technologies on online purchasing choices and customer experience by studying consumer
perceptions of personalised recommendations
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Research Question

- Whatisthe impact of Al based personalisation on consumers’ purchase intent or)
Amazon?

-~ How important is perceived relevance for the consumers reaction to Al driven)
personalisation?

= Howdoes customer experience relate to the personalisation-Al-Customer purchase
intent relationship?

‘Aims of Research Activity

The main aim of this study is to explore the effect of Al-powered personalisation or|
‘consumer purchase intent on Amazon, viewing the perceived relevance and customer
experience as the mediating variables

Objectives of Research Activity

- To analyse how Al-driven personalized recommendations impact purchase intent or)
Amazon
- To explore how consumer reactions to Al-driven personalisation are influenced

their level of perceived relevance.

- To understand how the Aldriven personalisation-consumer purchase intent
‘connection can be broken down by customer experience...

Proposed data collection methods (maximum 600 words)

The method of data collection in this research will be quantitative in the form of an onlinel
survey inthe form of questionnaires. The survey is intended to gather the data regarding|
the perceptions of consumers on the Al-powered personalisation and ts effect on thei
intentions to purchase products using the e-commerce websites like Amazon. The
questions will be developedvith the help of Googe Forms and distributed on the Intemet t
those who had the experience of shopping on e-commerce previously.

The questionnaire is going to be structured and will contain measurement of the ke
variables of the study. These variables are personalisation using Al relevance of
recommendations perceived, customer experience and intention to purchase. The
participants will be requested to answer a set of statements on a five point Likert scale|
where strongly disagree (1) or strongly agree (5) are the possible answers. This format will
enable the respondents to respond to statements about personalised produ
recommendation and the degree of such influence to online shopping behaviour.

Along with the key research questions, the survey will contain a variety of demographi
ones, including age category and the frequency of online shopping. These items will assist
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in_general information conceming the respondents and understand the sample
characteristics better.

The recniiting methodswillinclude such online tools as social media, email invitation and
personal referral. Ex-users of e-commerce siteswill be recruited to take part in the survey.
The involvement will be voluntary and there will be no deception of purpose of the research
before observation of the respondents usingthe questionnaire. Anonymous participation wil
also be explained to the respondents, no personal details including name, phone contacts|
or residence will be gathered.

This study willinvolve about 100 people with a istory ofusing online shopping systems as
expected sample persons. The survey will be distributed through the Intemet and the
participants will have an opportunity to complete the questionnaire at their own
convenience. Upon the callection of the responses, the information will be downloaded ou
of Google Forms and systematised to be analysed futher. The data gathered will
subsequently be subjectedto the analysis of the effect of Al-assisted personalisation on
‘consumer buying intention as it relates to e-commerce websites

This should describe how you intendto collect data_t shouldnotinclude a discussion of the
theoretical basis for your data collection methods. Please note, that if you intendto collect
any audiolvideo recordings of interviews with participants then these will be classified as
Personal Data under GDPRIDPA2018. If you intend to use these then note this in section

H

(this bo should expandas youtype)
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SECTION D: Scope of Research Activity

Wil the researchactivity include:

<
s
2

z
3

Use of a questionnaire or similarresearch instrument?

Use of interviews?

Use of focus groups?

Use of participantdiaries?

Use of video or audio recording?

Use of computer-generated ogfiles?

Participantobservation with their knowledge?

Parlicipant observation wilhout their knowledge?

“Access 10 personal o Confidentalormation WiGUTE pancipants' Speciic
consent?

“Adminisiration of any QUestons, (est SUmul, presentaion Thal may be
experienced as physically, mentally or emotionally harmful/ offensive?

‘Performance of any acis which may cause embarrassmentor affectsefr-
esteem?

Investigation of participants involvedin ilegal activities?

Use of procedures that involve deception?

‘Administration of any substance, agentor placebo?

Working with live veriebrate animals?

Procedures that may have  negative impacton the environment?

o|o|o|oje| o | o | o |o|o|a|a|a|a|a|=

e e e e o

“Ofher primary data colleciion methods. Please Indicate The fype of Gata
collection method(s) below.

Details of any ofher primary data collecion method:

(s box shoud expandss you ype)

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

I YES to any question, then no research activity should be undertaken untilfull ethical
approval has been obtained.
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SECTION E: Intended Participants

Who are the intended participants:

<
m
4]

z
5

Students or staff at the University?

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

Vulnerable adults?

Children and Young People under the age of 187 (Consent from Parent, Carer or
Guardian will be required)

Prisoners?

Young offenders?

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

People engaged in illegal activities?

o|lo|o|o|o|o(r|o

AR AR - R A=A -]

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
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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?

"About 100 respondents will participate in this research. Oniine
platforms will be used to recruit the participants who will be
approached with the help of social media networks, online
communities and personal contacts. The survey will be
distributed  electronically and participants that have
experience with using e-commerce platforms like Amazon will
be approached on an individual level and will be asked to
participate on a voluntary basis.

11

Who will the participants be?

The participants will be adults aged over 18 years old and
who have already used e-commerce platforms, especially
Amazon, to shop online. The participants can be students,
working individuals and general consumers who actively shop
products online.

12

How will you identify the
participants?

The participants will be identified Using the oniine piatorms
where individuals usually hold online shopping discussions or
engage in online shopping activities. The researcher will
distribute the survey fink in social media platforms, online
community and personal networks. Those who have former
experience with using the e-commerce platforms wil be
invited to participate voluntarily.
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Tnformation for participants:

YES

NA

13

Wil you describe ihe main research procedures o paricipants n
advance, so thatthey are informed aboutwhatto expect?

4

Wil youtell participants thattheir participation i voluntary?

15

‘Will you obtain written consentfor paricipation?

16

Wil you explain o participants hat refusalto paricipate in e
research willnot affecttheir treatmentor education (i relevant)?

7

T ihe research s observational,willyou ask paricipants for their
consentto being observed?

18

Wil youtell participants thatthey may withdraw from e research at
any time andfor any reason?

19

With questionnaires, wil o give paricipants the option of omiting
‘questions they do not wantto answer?

20

Wil youtell participans that their data wilbe freated with full
confidentialty andthat,if published, twill ot be identiiable as theirs?

21

Wil you debrief paricipants atthe end of their pariicipation, ina way.
appropriate fothe type of research underiaken?

2 =@ =|o|o|oss

o|lo|lo|lo|o|o|ola|lo

o|lojo|lo|le|e|=lolo

22

If NOto any of above questions, please give an explanation

You should be able o ick VES forall of hese questons. I oL, then expiain why notin this box.

Information for participants:

YES

NA

24

Wil participants be paid?

25

s specialistelectrical or other equipmentto be used with participants?

26

“Are there any financial or ofherinferests o the investgator or
University arising from his study?

27

"Will the research actvity involve defiberately misleading paricipants in
any way, or the pariialor full concealmentof the specific study aims?

o|lo|ojo

o|lo|ojo

28

I YES to any question, please provide ful details

Vou should be able o fick NO for mostof fhese questions For any cases hat you have icked
YES then provide details inthis box.f you are using camerasivoice recorders to record

interviews, then please state thatin this box.
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SECTION F: Anticipated Risks.

“Outline any anticipated isks that may adversely affect any of the paricipants, the
researchers andor the University, and the steps that will be taken to address them.

Risks 0 paricipants,
1 | For example: sector-specifichealtn & safety, emotional distress, financaldisclosure, physical

harm, transfer of personal data, sensitive organisational infomation Ifyou have identified in
section Dthat there are no partcipants, then enter N/A and go skip to question 3.

RSk To paricipants o

There is the possibilty ofaslightinconvenience
or fatigue among the participants iling in the | 11 respondents wil have the free will of
online questionnaire. Certain participants might | paccooc e 0 TS B ISR O
become slightly uncomortable when respoNding | ayare of the objectives of the study prior o
to questions concening their online ShoPPING | filing the survey. No personal identifying
behaviour or personal views on the digital | nec > oo S B8 BEEATE TV
marketing technologies. The confidentiality offe | questionnaire, incuding names, addresses or
responses ofthe paricipants s 150 a small ik | Coptact atats. The patticipants wil sl be
when data is not managed properly. biven the choice of leaving out certain
questions, which they do not want to respond
to, and they are allowed to discontinue the
survey any time before it is submitted. The
responses will be anonymous, and will be
utilized only in academic research

Tresearch acivily may InclUde Sensiive, SMBarTaSSIng oF UpSEling Topics (2.3, SExual oIy,
drug use) orissueslikely o disclose information equiring urther action (e.g. ciminal actvity).
give details ofthe procedures to deal with these issues, including any supportiadvice (e.0.
helpline numbers) o be offered to partcipants. Note hatwhere applicable, consent procedures
‘should makeit clear that ifsomething potentialy or actually ilega is discoveredin the course of a
project,itmay need to be disclosedto the proper authoriies

“The STudy WiTRoTConTain SensTive, ofensive of FAUmATENg malirs. The questions Wil STpIy
address the experiences of the participants regarding online shopping and Al-assisted
personalisationin e-commerce platforms. The survey will not contain any questions pertaining to
illegal activiies and personal health, financial information or other sensitive issues.

Risks To the Tnvestigator
3| Forexample: personal health &safety, physical harm, emotional distress, fisk of accusation of
‘harmiimpropriety, corflctofnterest

RSKTo The invesTgator W ST e TR TS TR ST
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“TRE researcher can be SUBeCieato Tow Tevels of
Stress associated with handiing the research
process, such as dissemination of questionnire
gathering of the responses and data analysis.

The Tesearcher Wil bt organized e
conduct of the research and adhere to the
university research guidelines. Online survey
s o be used, and it willnot pose any physical
safety hazards related to in-person data
collection.

niversiynsttational fsks

For example: adverse pubicity,financial oss, data protection

RSk To The Unversity:

The possibilties of misdealing with research
data has a minor threat of tainting the reputation
of the University or create a problem of data
protection.

oW SR TR B TR TRy

The data obtained will be processed in
compliance with the ethics and laws of
research in universities and data protection.
The data will be saved in a safe place as files
will be password-protected, and itwill not be.
uiiized in any other way except academic
purposes inthis research project.

Environmental fisks.

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

RSk To The EnviToRment

No physical activiies, materials or procedures of
this research are harmiul to the environment,

o

The entire study will be carried out online.
through the use of digital tools and this
implies that there will be no effects on the
environment.





image24.png
SECTION G: Feedback, Consent and Confidentiality

f you have identified n section D thatthere are no participants, then enter skipthis section and
continueto section H.

T

Feedback

‘What de-briefing andfeedback will be providedto participants, how willthis be done andwhen?

The pariGipants Wil be given a brief Gescrpion of e purpose of the research prior 1o e
‘questionnaire. The survey will be followed by appreciation of participation. In case the.
participants wantto get more information about the research or study outcome, they will be in a
position to access the researcher using an email address included in the survey information
section. This will enable the participants to seek more information or explanation on the study in
case they need them.

Tformed consent

Describe the arrangements to nform potential participants, before providing consent, of whatis
involvedin participating. Describe the arrangements for participants to provide full consent before:
data collection begins. I gaining consentin this way s inappropriate, explain how consentuill be.
obtained and recordedin accordance with prevailing data protection legislation.

“The participants wilbe advised of e fesearch objecive, voluntariness of paricipation and Use.
ofthe data priorto filling the questionnate. Since the survey wil be done online through Google.
Forms,the first page of the survey wil serve as a consentform. On this page an informative page
will be given on the study and how by clicking the Next button or Agree bution and going to the.
‘questionnaire you will be giving an informed consentto take part inthe research. The participants
Wil also be told that they could quitfilling the questionnaire at any moment in case they do not
wantto do i

‘Confidentialty 1 Anonymiy.
‘Set out how anonymity of participants and confidentialty will be ensuredn any outputs. i
‘anonymityis notbeing offered, explain why this s the case.

“There willbe full anonymmity and confidertialty of fe paricipants in e fesearch. The survey vl
notinclude any personalidentifable data like names, addresses, telephone numbers or e-mmail
No information will be shared without the consent of the respondents whose responses will be.
reated as anonymous and will be utiized in the academic context of his research project only.
The data that will be collected will be kept in safe hands and will be accessible only 1o the.
researcher and the research supenvisor. In the process of reporting the results, the data will be.
given outin aggregated form such that individual participants cannot be determined.





image25.png
SECTION H: Data Protection and Storage

‘Doesthe research acivity mvolve personal data (as defined by fhe General
DataProtection Regulation 2016 ‘GDPR' and the Data Protection Act 2018 | YES | NO
“DPAY?

“Personal data” means any Information relating foan ideniied or
identiiable natural person ( data subject). An identiiable natural
ersonis one who can be identified, directly or indirecty, in
particular by reference to an identifersuch as a name, an

1 identiication number,focation data, an oniine identifieror o one or o |m
more factors specifico the physical, physiological, genetic, mental,

‘economic, cultural or social identity of that natural person. Any
video or audio (ecodings ofpartcieants.s consideredtobe
persona data

I YES, provide a description of the data and explain why ths data needs to be collected

This Includes aUGIoNIde0 Gaia of paricipants but can also Include IP addresses andusemames
Names, addresses and emais also count, as do consentforms.

outd expandas you ype

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

TSpecialcalegory data” means SenSTe personal Gala ConsEg of

information as o the data subjects”
(a) racialor ethnic origin,
(8)poitical opiions,
(¢)refgious befes or other belefs of a simiar nature,

3 () membershi of a trade union (witin the meaning of the Trade

Union and Labour Relations (Consoidation) Act 1992), o |m

(€) physicalor mental heaithor condition,

(8 sexual e,

(9) genetics,

(1) biometr oata (a5 used for 1D purposes),

TTYES, provide a descrption of the special Category Gata and explain why this data needs o be.
collected:

What counts a5 sensiive will dfer between cullures. Any information on benaviour hatis notin
accordance with cultural norms would count as sensitive personal data.
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SECTION I: Use of Al tools.

Use of generative Al and other Al-based tools
There are a number of ethical issues relating to the use of generative Al
and other A-based tools, including data securiy, output bias, and output
emors. In general you should assume that any generative Al or other Al-

based tool that you pay to use is more secure and accurate than one | YES No NA
which is free to use

Will the research use Al tools to do any of the following

1 [ Capture data? o " o
2 | Generate andor edi text? ] ® o
3 | Generate graphics? ] o a
4 | Generate video? ] o a
5 | Generate soundimusic? ] o a
6 | Generate code? o o a
7 | Generate synthetic data? o ® ]
8 | Analyse data? o ® o
9| Analyse personal or sensitive data? ] ® o
10 | Classify data? o o ©
11| Do youintend to use the free version of any Al tools? o " o

fyou have answered YES to any of questions O1-011, please provide justification detailing why this is

necessary forthe research

There will be no generative Al or Albased applications that will be sed in the research process

12 | The researcher will camy out all the aspects of the research process such as data collection,

analysis and writing as per the university academic integrity requirement.
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SECTION J: Declaration

The iformation which | have provided is comect and complete 1o the best of my knowledge |
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 | 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 ukiresearchiresearch-ethics/

Date:
1 | Signature of applicant: | Md Kausar Hosen
10103/2026
2 | Supenvisor. Ebad Banissi. Date:10/03/2026

3 | Signature:

Ehad bt
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