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[bookmark: _Toc241179697]Abstract
Online retailers rely more and more on artificial intelligence to tailor recommendations, aim ads, and handle customer interactions. Even so, AI-powered marketing works only as well as shoppers allow, resting on their trust, clear disclosure, and how they feel about companies using their personal data. This study looks at how digital marketing driven by AI connects to the buying behaviour of Amazon shoppers across the United Kingdom and India. Whether shoppers in those two markets react differently is another question this paper addresses. The research was framed by a positivist philosophy, using a cross-sectional, quantitative approach. A structured online questionnaire of 25 five-point Likert-scale questions provided the primary data. A total of 100 Amazon customers were surveyed: 50 based in the UK and 50 in India. All analyses were run in SPSS, drawing on descriptive statistics, Pearson correlation, regression, and comparative tests. Looking at the descriptive data, shoppers in both markets had largely neutral or divided attitudes toward Amazon's AI marketing. Across both groups, the metrics for trust and transparency averaged out higher than any others. For UK respondents, links connecting AI personalisation and purchase influence to actual buying behaviour were weak and largely failed to reach statistical significance. The Indian cohort, on the other hand, showed notably firmer positive correlations. Purchasing behaviour correlated positively with AI personalisation, but its link to purchase influence was the strongest of all. While privacy concerns mattered across both cohorts, they were especially tied to how Indian respondents viewed other facets of AI-marketing. These results point to AI-powered marketing having a stronger behavioural impact on the Indian consumers surveyed, though a cross-sectional study cannot prove cause and effect. The authors recommend providing explainable, relevant recommendations, tightening privacy safeguards, being transparent about data practices, and handing users more control over personalisation. Later studies ought to sample larger, representative groups while formally evaluating whether trust mediates these outcomes and privacy concerns moderate them.
Keywords: Amazon, artificial intelligence, consumer buying behaviour, consumer trust, digital marketing, India, personalisation, privacy, United Kingdom.
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[bookmark: _Toc236995394][bookmark: _Toc241179698]1. Introduction
[bookmark: _Toc236995395][bookmark: _Toc241179699]1.1 Background of the Study
Both digital marketing and e-commerce have come to depend on artificial intelligence in significant ways(Davis, 1989).. Companies can now gather, sort, and make sense of vast volumes of customer data far faster than older approaches ever permitted (Davis, 1989). Such records might cover past purchases, search queries, browsing habits, ad engagement, and customer touchpoints across digital services(Davis, 1989).. Looking broadly at AI across digital marketing, Ziakis and Vlachopoulou (2023) show that tools like machine learning, predictive analytics, natural language processing, and recommendation engines are being deployed more and more to read customer habits and sharpen marketing choices. Taken together, current research shows AI reshaping not just marketing plans, but also the interactions customers have with firms (Davenport et al., 2020). Marketers can apply AI across several fronts, from audience analytics and content production to communication and service delivery (Huang and Rust, 2021). Turning customer records into practical marketing steps takes the right technology, reliable figures, and sound calls from management (Campbell et al., 2020).
Personalisation stands out as one of the main ways digital marketers put AI to work(Gefen, Karahanna and Straub, 2003). By tracking how customers act, AI tools spot trends and use them to suggest items, target ads, and send out copy that feels tailored to each shopper(Gefen, Karahanna and Straub, 2003). Tailored interactions narrow down the choices a shopper has to sift through, making it quicker to land on the right product (Kumar et al., 2019). Looking at past habits allows predictive analytics to project what a buyer might want next, though how well it works comes down to how good and relevant the underlying data is (Madanchian, 2024). On retail sites, these tools can touch every phase of the purchase path, starting with first discovery and research and running through to vetting goods and deciding to buy(Nguyen, McClelland and Thuan, 2024). Because of this, personalisation ties directly into how customer journeys are evolving across both online and physical settings (Nguyen, McClelland and Thuan, 2024). That shift belongs to a wider wave of digital transformation reshaping both company workflows and the customer experience across multiple sectors (Paul et al., 2024).
Exposure to marketing powered by AI does not automatically lead every customer to accept it or respond in a good way(Nguyen, McClelland and Thuan, 2024). Shoppers might find AI handy and practical, but it can just as easily strike them as baffling, invasive, or impossible to direct(McKnight, Choudhury and Kacmar, 2002). Studies on how people encounter AI highlight a few major pain points: customers often fail to grasp how it works, feel they have lost agency, and cannot tell how automated systems make up their minds (Puntoni et al., 2021). While people often let algorithms handle tasks they see as objective, they tend to push back much more when subjective judgement or taste comes into play (Castelo, Bos and Lehmann, 2019).Research on personalised ads shows that simply tailoring content is not enough; timing, placement and the depth of that tailoring decide whether it works (Bleier and Eisenbeiss, 2015a). How shoppers react to personalised marketing also hinges on how much they trust the company behind the ad (Bleier and Eisenbeiss, 2015b).
A customer can welcome a well-aimed recommendation and still feel uneasy about where the company got the data behind it (Aguirre et al., 2015). According to privacy calculus theory, people weigh what they stand to gain from personalised features against what they might lose by handing over personal data before choosing an online service (Zhu et al., 2017). Companies have to approach privacy as an operational, ethical, and marketing duty, not just a box to tick for legal or technical compliance (Martin and Murphy, 2017). The problem matters even more with AI, given findings that people often lose faith in a business if they think their data is going to an algorithm instead of a human being (Lefkeli, Karataş and Gürhan-Canli, 2024).
Amazon offers a useful backdrop for looking into these dynamics(Jain and Chaudhary, 2025). At the same time, Amazon illustrates that marketing influence is not just a matter of whether sales go up immediately (Dash et al., 2024).  Looking at Amazon customers in the United Kingdom alongside those in India is also valuable (Office for National Statistics, 2024). Shoppers in that kind of market may be thoroughly accustomed to buying online, receiving targeted ads, and navigating recommendation algorithms (Government of India, 2023). This study is built directly on those circumstances. Rather than taking it for granted that AI-based marketing shifts buying habits, this research starts without that assumption (Stecuła, Wolniak and Aydın, 2024).
[bookmark: _Toc236995396][bookmark: _Toc241179700]1.2 Research Problem and Research Gap
A Report by EY, 2024, Reported that the retail industry within the international market is moving towards the field of artificial intelligence, thus altering the way the marketers conduct business at a mind-blowing pace (Campbell et al., 2020). A good number of customers will not completely trust AI systems (Lefkeli, Karataş and Canlı, 2023). The openness of AI-generated product suggestions is called into question by others. Customer confidence about online marketing activities is also determined by privacy (Lefkeli, Karataş and Canlı, 2023). The stricter data protection regulations in the majority of the countries add new compliance burdens to the companies operating AI-based marketing technologies (Campbell et al., 2020). Such regulation requirements promote organisational robust transparency, consumer confidence as well as ethical implementation of AI in international retail markets efficiently today (Campbell et al., 2020).  This study contains many gaps, there is a scarcity of research comparing customers of Amazon in developed and developing countries (Seifian, Shokouhyar and Bahrami, 2023). Very little is done in terms of a one-on-one comparison of trust, transparency and privacy (Seifian, Shokouhyar and Bahrami, 2023).
[bookmark: _Toc236995397][bookmark: _Toc241179701]1.3 Research Rationale and Significance
This research would have valuable academic and practical implications as it broadens the information on AI-controlled consumer purchasing behaviour (Zahara, 2025). It has a big and varied customer base which allows significant comparative analysis (Zahara, 2025). 
The result can be used to enhance AI-based marketing strategies by marketers, and enhance consumer privacy (Bhardwaj et al., 2024). Businesses which engage in e-commerce are able to deliver a customised experience without losing their customer trust (Bhardwaj et al., 2024).
[bookmark: _Toc236995398][bookmark: _Toc241179702]1.4 Research Aim 
To test the way in which AI-positioned digital marketing can be used to shape the consumer purchasing behaviour through comparative analysis of the Amazon users within the United Kingdom and India.
[bookmark: _Toc236995399][bookmark: _Toc241179703]1.5 Research objectives 
1. To identify how AI-based digital marketing impacts customer buying behaviour.
2. To test the mediation theory of consumer trust between AI-driven digital marketing and consumer buying behaviour.
3. To investigate how privacy concerns moderate the relationship between AI-powered digital marketing and consumer trust.
4. To compare the differences in consumer responses to AI-powered digital marketing between Amazon customers in the UK and India.
5. To make recommendations on how AI-powered digital marketing can be improved and enhance consumer trust and privacy issues.
[bookmark: _Toc236995400][bookmark: _Toc241179704]1.6 Research Questions 
[bookmark: _Toc236995401]RQ1: What are the perceptions of Amazon customers in the UK and India towards the digital marketing practices at Amazon supported by AI?
RQ2: What is the impact of AI-powered digital marketing on the buying behaviour of Amazon customers in the UK and India?
RQ3: How does the consumer trust towards AI-based digital marketing impact Amazon consumers in the UK and India when making buying decisions?
RQ4: How privacy issues influence consumer trust and purchasing behaviour with AI-powered digital marketing in customers on Amazon in the UK and India?
RQ5: How do customers in the UK and India (of Amazon) differ in their reactions to AI-driven digital marketing, consumer trust, privacy concerns and purchasing behaviour?
[bookmark: _Toc241179705]1.7 Methodology Overview
In this research, a positivist research philosophy is embraced. Positivism advocates the objectivity of consumer attitude and behaviour measured (Ali, 2024). The research method type will be deductive research strategy whereby the already existing theories, and proposed relationships will be tested. Research hypotheses and research variables are formulated with the usage of theoretical concepts developed. It selects a quantitative research design that will help in the collection of systematic and quantifiable data. Through statistical analysis, any two Amazon users in the United Kingdom and that of India can be compared. In this study, the study design is cross-sectional study design which measures data at one point. The structured online questionnaire with the use of Google Forms will be a primary source of data collection. The members will be composed of active customers of Amazon in the two countries. Here, convenience sampling will serve to recruit fifty respondents who will be interested in participating and twenty-five respondents of each nation (Ali, 2024).
The questionnaire will contain 25 closed ended 5-point standard Likert qusetions.  They will be on a scale of strongly agree to strongly disagree (Rahayu, Muktiarni and Hidayat, 2024).
[bookmark: _Toc236995402][bookmark: _Toc241179706]1.8 Dissertation Structure
This thesis is presented as a dissertation with six chapters, each one of them is relevant and makes sense. The first chapter is introduction, it presents background, research problem, research reasons and research questions. Chapter Two reviews the literature on the AI-powered digital marketing practices. It looks into the consumer trust, AI transparency, and privacy in this area. Chapter Three explains how the research methodology that was chosen was conducted. It is the rationale of the philosophy, method, sampling method and data collection instruments (Rahayu, Muktiarni and Hidayat, 2024). The fourth chapter gives statistical results of analyzing questionnaires. These findings are discussed in Chapter Five and compared with previous reviewed literature in Chapter Two to see the findings in relation to the research objectives. It makes comparisons with the prevailing literature sought in Chapter Two. The sixth chapter is the final chapter wherein some practical key recommendations are provided to bring the dissertation to a close. The information presented in the chapters logical order is logical. The combination of the chapters makes them fully meet the objective of the research. This organization guarantees the proper structure and well-established flow of dissertation. It takes the reader on a logical and orderly research process. The input of individual subsequent chapters therefore helps in the overall argument. 

[bookmark: _Toc241179707]Chapter 2. Literature Review
[bookmark: _Toc241179708]2.1 Introduction
The chapter summarizes the findings of the available literature on AI and digital marketing as well as consumer buying behaviour (Chakrabarty and Sinha, 2025). It examines some of the previous studies to develop a clear image of the functions of artificial intelligence in merchant selection in e-business(Dinev and Hart, 2006). The main ideas, which are analysed, are the digital marketing powered by AI, consumer buying behaviour, consumer trust and privacy problems (Sharma et al., 2023).
[bookmark: _Toc241179709]2.2 Concept of Artificial Intelligence in Digital Marketing
The AI in digital marketing is applied to gather and process customer data in bulk to comprehend consumer preferences and behaviour (Ziakis and Vlachopoulou, 2023). It helps businesses to offer individualised content as well as propose merchandise, predict needs of the customers and even communicate with the customers in a much improved manner(Ziakis and Vlachopoulou, 2023). The emergence of the e-commerce trade and the increased usage of the internet have made companies pour more resources in the digital marketing that is computerized by AI(Ziakis and Vlachopoulou, 2023).
[bookmark: _Toc241179710]2.3 AI-Powered Digital Marketing Strategies Used by Amazon
Amazon can be considered one of the best companies that deploy AI to boost digital marketing and customer experience (Jain and Chaudhary, 2025). The company has also integrated AI in the majority of its marketing processes to understand more about customer behaviours and provide individual shopping experience(Jain and Chaudhary, 2025). 
Another important AI technology, which Amazon implements, is targeted advertising(Zahara, 2025). The AI allows examining customer information, such as browsing history, purchase history, and demographic traits, and showing ads that will be relevant to the particular user (Zahara, 2025). 
Amazon also takes advantage of chatbots and virtual assistants based on AI to provide improved customer service (Zahara, 2025). These systems will result in real-time replies to questions of customers, will also assist with product search, will recommend appropriate products to customers and finally will help the customers follow up on their orders(Awad and Krishnan, 2006). AI chatbots allow the customers to chat whenever they want to and acquire instant help without the human representatives (Zahara, 2025). In addition, AI is involved in dynamic prices and predictive analytics in Amazon(Zahara, 2025). Dynamic pricing also allows the company to automatically adjust the prices of the products based on the requirements on the market, competitor prices, client behaviour and inventory (Jain and Chaudhary, 2025).
[bookmark: _Toc241179711]2.4 Consumer Buying Behaviour
Consumer buying behaviour is the process by which people recognize their needs and then seek information, compare actions available in the market, purchase and determine their satisfaction with the purchase (Roy and Datta, 2025).LocalCircles Consumer Trust Survey 2023 revealed that Indian online shoppers rely heavily on reviews; with 89-percent of them saying that they read reviews before making a purchase and 73-percent stating that online reviews are safer than brand advertisements (Mubeen et al., 2025). Consumers now insist on getting faster services in a shorter time, personalised suggestions and seamless buying experience in the online platforms(Mubeen et al., 2025). It has been reported that in 2024, retail e-commerce sales around the globe amounted to more than US6 trillion and are steadily growing more, indicating a rising inclination of the consumers towards online shopping (Vyas et al., 2023). Customers are habitual of shopping around along with reviewing the customer review, as well as product recommendation options before buying the products(Mubeen et al., 2025). Positive remarks, complimentary review of the products and reliable shipping product often increases product buying efficiency among the consumers via online shopping (Vyas et al., 2023). A very important factor to online buyer behaviour is confidence(Mubeen et al., 2025).. Online transactions also entail giving personal and financial information and thus a consumer is more likely to buy the product of a companythey believe to be trustworthy (Roy and Datta, 2025). 
[bookmark: _Toc241179712]2.5 Impact of AI-Powered Digital Marketing on Consumer Buying Behaviour
The dynamic and the impact that businesses can exert on the shopper and his purchases have evolved with the help of AI-driven digital marketing which has introduced new groundbreaking frontier to the field of mainstream marketing (Abhay Singh Rajawat, Prakash and Chauhan, 2025). Customers and their past purchases and search behaviour can be studied through AI recommendation systems to provide up the products that, based on personal preferences, are relevant. One of the bright examples of this strategy can be considered Amazon.(Sharma et al., 2023).
Instead of being relevant to everyone who uses the product, AI can identify the interests of the particular customer and recommend them a few ads that are more likely to attract the customers to their attention. (Sathish, Avula and Channabasava, 2026). Predictive analytics assists the companies to predict the customer demand in future and come up with more efficient marketing campaigns (Abhay Singh Rajawat, Prakash and Chauhan, 2025).
[bookmark: _Toc241179713]2.6 Consumer Trust as a Mediating Variable
Consumer trust is one of the determining factor of online purchases (Bednarz, Aziewicz and Wysinski, 2025). Individualised suggestions, tailored adverts and chatbots are forms of AI that will boost the consumer trust in the improvement of shopping experiences (Rahim and Shah, 2026). According to Edelman (2024 Trust Barometer), approximately 71% of people have said that trust in a brand influences their buying behaviors with firms by indicating the role of the brand as a factor (Bednarz, Aziewicz and Wysinski, 2025). However, confidence would be broken when the people think that AI machines are not transparent or have a prejudice (Rahim and Shah, 2026). 
[bookmark: _Toc241179714]2.7 Privacy Concerns as a Moderating Variable
Privacy issues are those of the concern of consumers over the collection, storage and utilization of the personal information by the business (Malhotra, Kim and Agarwal, 2004).Widely used AI based digital marketing uses customer data like browsing history, purchasing, location and on-line behaviour data(Khadiza Tasnim et al., 2025). Therefore, consumer attitudes towards AI-driven marketing may be impacted by the issue of privacy (Khadiza Tasnim et al., 2025). A 2024 Cisco Consumer Privacy Survey has discovered that around three-quarters of the consumers would not shop with organisations which do not adequately secure personal information(Khadiza Tasnim et al., 2025). The finding highlights the greater importance of privacy protection in the context of online advertising (Celestin, 2025).The United Kingdom and European Union General Data Protection Regulation and the digital personal data protection Act 2023 in India provides that organisations have to collect and utilise personal information in a responsible manner (Khadiza Tasnim et al., 2025).
[bookmark: _Toc241179715]2.8 Comparative Perspective: Amazon Customers in the UK and India
[image: ]
Table: Customers in the UK and India
UK and India are two key Amazon markets, but they differ drastically in terms of the maturity of digital and consumer behaviour development, and technology adoption. Statista (2025) also says that the UK sources one of the greatest number of people engaging in online shopping in Europe (Statista, 2025). Whereas India has one of the largest user bases of the Internet in the whole world, with its internet user numbers over 900 million users (ETtech, 2025). The two countries also vary in terms of their consumer expectations. Researchers of the UK assign more importance to data privacy, data security and transparency as their consumers are more familiar with digital regulations, such as GDPR(Tam and Ho, 2006). These differences might affect the consumer confidence, the adoption of AI technology and buying habits (Dash et al., 2024).  In spite of these discrepancies, in both nations, consumers enjoy the artificial intelligence-based services of Amazon, such as individualized suggestions, targeted adverts, AI chatbots and predictive delivery (Dash et al., 2024).
[bookmark: _Toc241179716]2.9 Theoretical Foundation of the Study
Technology Acceptance Model (TAM)
[image: ]
Figure: Technology Acceptance Model (TAM)
Source: (Charness and Boot, 2020)
The Technology Acceptance Model (TAM), describes reasons why individuals accept or reject new technologies (Musa et al., 2024). According to this theory, technology acceptance can be determined by two key factors, that is, it is provided that the perceived usefulness and perceived ease of use are determined(Musa et al., 2024).
Stimulus Organism Response (SOR) Theory
[image: ]
Figure: Stimulus Organism Response (SOR) Theory
Source: (Huang, 2023)
The Stimulus Organism Response (SOR) Theory, is a statement of how consumer behaviour is affected by external environmental factors (Purwanto, Pancaningrum and Juwita, 2022). This theory says the inner psychological state of a person will be affected by a stimulus that will in turn affect behavioural response (Purwanto, Pancaningrum and Juwita, 2022). 
Privacy Calculus Theory
[image: ]
Figure: Privacy Calculus Theory
Source: (Zhu et al., 2017)
The Privacy Calculus theory is an account of how consumers balance the advantages and risks of exploring personal data on the Internet (Cloarec, Meyer‐Waarden and Munzel, 2024). The consumers in this theory adjust the benefits of service personalisation to the risk of privacy invasion and then make a choice of whether to disclose the personal information or not(Cloarec, Meyer‐Waarden and Munzel, 2024). 
[bookmark: _Toc241179717]2.10 Research Gap
The former studies have exhaustively investigated AI-driven digital marketing, consumer-purchasing behaviour, consumer trust and privacy concerns (Chakrabarty and Sinha, 2025). However, most research has been building their research on the developed countries or a single-market with an in-depth analysis on the contrast of the developed and developing economy based on research. In the UK and India, a very weak literature on the comparison of Amazon customers is presented(Sathish, Avula and Channabasava, 2026).
[bookmark: _Toc241179718]2.11 Conceptual Framework
Based on the reviewed literature, the theoretical framework of the present study is then built after which the selection of theoretical framework (Chakrabarty and Sinha, 2025). The customer buying behaviour is the dependent variable and AI-powered digital marketing is the independent variable. The mediating variable is consumer trust since it shows the impact of AI-based marketing on buying choices (Sharma et al., 2023).























[bookmark: _Toc238478891][bookmark: _Toc241179719]Chapter 3: Methodology
[bookmark: _Toc238478892][bookmark: _Toc241179720]3.1 Research Method
The method of research in this study is quantitative research; the sources of data obtained from primary data and primary data collection methods used is structured online questionnaire. This approach is designed to evaluate the consumers' perception of AI in the Digital Marketing, their trust in AI, Privacy concerns, Purchasing behaviors of Amazon customers in UK and India (Abdullah, 2025). 
[bookmark: _Toc238478893][bookmark: _Toc241179721]3.2 Research Onion
[image: Research onion development for this framework Developed by author based ...]
Figure: Research Onion
Source: (Ali Memon, 2025)
The framework of The Research Onion is used for making methodological decisions regarding research philosophy, research method, data collection and data analysis. Positivism research design, exploratory research design method, deductive method, survey technique (cross sectional), data collection technique with questionnaire using Google Forms digital and data analysis technique by SPSS (Aditi M Jain and Ayush Jain, 2025). These align with the main objective of find out how AI powered digital marketing utilises the purchasing conduct of Amazon customers on both market and UK. The method is Positivism, while the deductive approach, the quantitative and informatic approach are used as methodological approaches.
They assist each other in positivism = objective measurement, deduction = transform a relationship to a testable hypothesis, quantitative research = numerical evidence, sampling = identify participants, questionnaires = standardise the responses, SPSS = assist analysis ( Ali Memon, 2025). 
[bookmark: _Toc238478894][bookmark: _Toc241179722]3.3 Research Philosophy
It is appropriate to use positivism because the study relates to measurement of the perception of consumers, study of the relationship between AI related digital marketing and the growth of consumers' trust, and study on how the issue of privacy affects consumers' buying behaviours, scientifically using statistics. It introduces objective measurement, its responses are numbers which agree to the standards and can be ordered for comparison (Asante et al., 2022). The Likert questionnaire responses yield similar types of numerical values which can support statistical analysis and hypothesis testing for AI Marketing, Trust and Consumer differences between UK and India, and privacy (Barroga et al., 2023). 
[bookmark: _Toc238478895][bookmark: _Toc241179723]3.4 Research Design
The exploratory research design is used to explore information about consumers' perception and the patterns of the relationship between the components of AI-powered digital marketing, trust, and purchasing behavior, with the goal of uncovering new insights and challenges (Beyari and Garamoun, 2022). This will be conducted by using cross-sectional survey technique in one particular period of time(Bolesnikov et al., 2022). 
In this study, this was not done to simply describe the frequency or characteristics, rather, to explore relationships and differences between countries, a descriptive design was not used (Bunea et al., 2024). 
[bookmark: _Toc238478896][bookmark: _Toc241179724]3.5 Research Approach
The study has a deductive approach because it is started by establishing a relationship in the literature that will be tested empirically. Proposal acknowledges where you take it for granted that you are aware of relationships (Casula, Rangarajan and Shields, 2021). The approach builds on five hypotheses which focus on the positive relationship between AI-driven marketing and purchasing behaviour (H1), the effect of consumer trust on purchasing behaviour (H2), the mediating relationship of AI marketing and consumer trust to purchasing behaviour (H3), the negative influence of privacy concerns on levels of consumer trust (H4), and differences in the experience of the different customers of the Amazon marketplace (H5). Natural next steps from the theoretical and hypotheses are a questionnaire measurement and research statistical tests (Chen, Tu and Zeng, 2024).
[bookmark: _Toc238478897][bookmark: _Toc241179725]3.6 Research Sampling and Participants
The target population is Amazon customers that have bought within the last 12 months in the UK & India. There are a total of 100 participants to be included in the sample—50 UK and 50 Indian customers. Anyone who had created an account with Amazon or has bought something from Amazon in the last 6 months (Hendricks-Sturrup, Zhang and Lu, 2022). The proposed sample size was to have been smaller representing 50 samples from each country, which the study has now been expanded to 100 samples, but maintaining equal number for each country (Khandelwal et al., 2024).
[bookmark: _Toc238478898][bookmark: _Toc241179726]3.7 Data Collection
The data to be collected will be primary data which is obtained from a structured Google Forms questionnaire of 25 close-ended questions. A five point Likert Scale (Strongly Disagree 1 – Strongly Agree 5) will be used to evaluate each of the core items (Madanchian, 2024a). The items will be part of the questionnaires corresponding to the conceptual framework. AI-powered marketing convergence will feature some of the best online marketing products, such as AI-powered personalised suggestions, targeted marketing, and AI-powered chatbots. Other items will be measuring perception of an organisation, level of trust and transparency, privacy concerns and buying behaviour (Madanchian, 2024b). 
The areas of effective distribution and a regular flow of answers and quick export of data, Google Forms will be effective. As proposed, a test will be held prior to the main survey to identify any ambiguous questions and/or technical issues (Marjerison, Zhang and Zheng, 2022). 
[bookmark: _Toc238478899][bookmark: _Toc241179727]3.8 Data Analysis
Only relevant answers to questions in the questionnaire will be downloaded from Google Forms and the answers will be checked, coded and analysed using SPSS. Answers that do not convey a message entirely or consist of a series of different answers will be retrieved first before they are analyzed and Likert answers will be translated into a code of 1 through 5. For descriptive statistics, responses frequencies, percentages, means and standard deviations will be used, as applicable, on characteristic of responding parties and their responses (Mondal, Mondal and Soni, 2023). The reliability analysis will be conducted for multi items constructs to ensure the reliability of these constructs. A comparison will be conducted as it's a comparison of the 50 UK specified with 50 Indian specified. Where appropriate inferential tests will be used to analyse the hypotheses (Ramezani, 2026).The data obtained from surveys is structured and can be analyzed with SPSS computer program (Redda, 2026). 
[bookmark: _Toc238478900][bookmark: _Toc241179728]3.9 Research Viability and Reliability
The methodology is viable as it is independent of geographical constraints and posted data enables participation by respondents with either country to take part remotely (Singh and Sagar, 2022). Google Forms are simple to share, collect information from, and 100 particular people won't require a lot of the dissertation's sources. Equal comparisons can be made among country groups.
Reliability is related to the stability of measuring. All of the boys and girls will be given the same questionnaire and likert scale, so that there will be less variation than would accrue when using different instruments (Yusof, Teo and Ng, 2022). 
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1. Informed Consent
The participants will receive clear instructions before filling out the questionnaire regarding the goal of this research, the procedure (How to participate in the research), the length of participation in the research, as well as whether or not participation is possible (Zumitzavan, 2025). Prior to collecting data informed consent will be sought.
2. Voluntary Participation
Then participation will be voluntary - if a person decides not to become part of the research study, or chooses to terminate his or her research study participation for any reason, there will be no disadvantages to him/her. No one will be required to partake in any of the activities.
3. Anonymity and Confidentiality
Unnecessary data gathered will be identified as such, unless used for the identifying time. The information that is required to be gathered in terms of the questionnaire, will be gathered in anonymous and group format respectively; the group format is indicated by the fact that it is not possible to clearly identify the person who would have answered the questionnaire with the information that is being gathered through this form (Abdullah, 2025).
4. Provide security for Personal Information
During the study process, respondents will not be requested to enter passwords, payment details, order numbers, accounts details or any other details that aren't necessary during the study process. Data will be collected that will be channelled towards the objective of the research.
5. Data security, Academic usage
All the information collected will be handled and processed securely and systematically solely by studies approved. ( Zumitzavan, 2025) There will be confidentiality and the information won't be used for anything other than academic research by authorised individual and organisations with specific purpose only.
6. Ethical Approval
The ethical conditions of the institutional setting(s) (if applicable) would be adhered to and ethical approval provided prior to embarking on primary data collection. The following would ensure that the research process takes care of the participants autonomy, privacy, confidentiality and overall welfare.


[bookmark: _Toc238478902][bookmark: _Toc241179730]Chapter 4: Findings
[bookmark: _Toc238478903][bookmark: _Toc241179731]4.1 Introduction to Findings
In this chapter, the outcomes of the primary data in the form of two structured questionnaires completed by Amazon customers in the United Kingdom and India, in which 50 responses are considered valid and 100 responses are considered the total number of all responses in this chapter, are presented. 
[bookmark: _Toc238478904][bookmark: _Toc241179732]4.2 Descriptive Findings
Descriptive statistics have demonstrated that the scores expressed by respondents in the two countries were generally close to the neutral mid-level of a five-point scale (3.00) that suggests that the perception of the AI-driven marketing of Amazon was predominantly not high but moderately positive. In the UK sample, the mean score for AI Personalization was 3.036 (SD = .614), Purchase Influence was 3.048 (SD = .693), Trust and Transparency was 3.152 (SD = .765), Privacy Concerns was 3.100 (SD = .729), and Purchasing Behaviour was 3.012 (SD = .766). In the Indian sample, AI Personalization averaged 2.880 (SD = .727), Purchase Influence 2.988 (SD = .720), Trust and Transparency 3.168 (SD = .743), Privacy Concerns 2.972 (SD = .728), and Purchasing Behaviour 2.996 (SD = .794).
These values suggest that the respondents in the United Kingdom were slightly more likely to have a more positive score of purchasing behaviour based on the recommendations made by Amazon as more personal and were slightly more inclined to trust and transparency and were less concerned with the level of privacy. The means of the two countries are however quite close in absolute (typically less than five point scale) meaning that, on the level of simple averages, the overall attitudes of the consumers in the UK and the Indian market towards AI-powered marketing are more broadly similar, albeit, as the inferential test below would reveal, the correlations between the two constructs in the two markets are significantly different. The t-test (one sample) was applied to make sure that all ten mean scores (5 constructs in the two countries) were significantly not equal to zero (p =.000 in all situations), which does not imply anything about the difference between the two countries, but just the fact that the mean scores are not random numbers between one and five.
The two samples also showed a similar distribution of opinion between the samples and tended to be generally similar in standard deviations which were between 0.61 to 0.77 in the UK and 0.72 to 0.79 in India. 
[bookmark: _Toc238478905][bookmark: _Toc241179733]4.3 Correlation Findings
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Figure 1: Correlation Analysis
Pearson correlation analysis was utilized to analyse the relationship between AI Personalization, Purchase Influence, Trust and Transparency, Privacy Concerns and Purchasing Behaviour in both UK and Indian sample (Split File by Country Code). Its results indicate that the difference between the two markets is amazing. The UK sample was also characterised by weak correlation between the five constructs and all these correlation were statistical significantly. AI Personalization was weak-boriging-significant positively related with Privacy Concerns (r =.280, p =.049), and Trust and Transparency were weak-boriging-significant positively connected with Privacy Concerns (r =.300, p =.034). The other ones were the not significant ones as AI Personalization influence with Purchasing Behaviour (r =.131, p =.364), Purchase Influence with Purchasing Behaviour (r =.266, p =.062) and Trust and Transparency with Purchasing Behaviour (r =.096, p =.508). The pattern indicates that the perception of AI personalization, trust, and purchase influence are independent of each other to a large extent in the context of the customers of Amazon in the United Kingdom and lack a strong correlation with the real-life purchasing behaviour in this sample.
This is much different with regards to the Indian sample: there is positive but moderate to moderately strong and significant correlation with all the five constructs. AI Personalization correlated strongly with Purchasing Behaviour (r = .515, p = .000), with Privacy Concerns (r = .511, p = .000), with Purchase Influence (r = .510, p = .000), and with Trust and Transparency (r = .411, p = .003). Purchase Influence also exhibited a strong correlation with Purchasing Behaviour (r =.588, p =.000), the strongest single relationship in the entire matrix and Privacy Concerns (r =.516, p =.000). Trust and Transparency was also correlated with Privacy Concerns (r =.535, p =.000), Purchasing Behaviour Privacy Concerns (r =.374, p =.008). These findings indicate that amongst Indian Amazon customers, AI-enabled personalization, the effect of AI-based advice on purchasing behaviour and attitude to the AI system and awareness of the privacy concern are all strongly interdependent; and each of those is moderately connected to the actual buying behaviour. This means that Indian consumers are exposed to AI-enabled marketing as a more atomistic and coordinated one on their purchasing decisions than the UK consumers are exposed to AI-enabled marketing.
The pattern of significance of the correlation matrix of the Indians is another interesting pattern since all the coefficients are significant at the 0.01 level and most of it falls in the range of moderate-to-strong of UK constructs (r =.41 to. 59). All ten pairwise correlation is uniform, not a single relationship or two relationships in particular, which gives more credibility to the perception of the Indian pattern as reflecting a real underlying pattern, as opposed to generation by chance. It is, however, the two significant UK correlations (centred around Privacy Concerns), which are only marginally significant and have p-values towards 0.05 standard which are, however, individual instances of a rule and do not reflect some larger trend.
[bookmark: _Toc238478906][bookmark: _Toc241179734]4.4 Regression Findings
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Figure 2. Regression Analysis Between UK and India
Individually, the countries were predicted by using a series of multiple linear regressions predicting the country with Purchase Influence, Trust and Transparency, Privacy Concerns and Purchasing Behaviour as the predictors. Again, it can be seen that the results are significantly different between the two samples.
For the UK, the regression model was not statistically significant, R = .309, R² = .095, Adjusted R² = .015, F(4, 45) = 1.184, p = .331. This means that these four predictors alone could explain a small percentage of 9.5 percent, but when you take the percentage divided by the sample size, the adjusted R-squared value of .015 is negligible, which means that the model is able to explain practically no variance besides randomness. None of the individual predictors reached statistical significance: Purchase Influence (B = -.004, β = -.004, p = .976), Trust and Transparency (B = .086, β = .108, p = .475), Privacy Concerns (B = .197, β = .234, p = .132), and Purchasing Behaviour (B = .062, β = .077, p = .606). This confirms the weak UK correlations; these constructs are not significant predictors of each other in the UK sample.
For India, the regression model was statistically significant, R = .634, R² = .402, Adjusted R² = .349, F(4, 45) = 7.575, p = .000. The UK model had a significant percentage of 40.2 percent of the variance, which was explained with the four predictors. However, none of the individual predictors reached conventional significance on their own: Purchase Influence (B = .173, β = .172, p = .276), Trust and Transparency (B = .053, β = .054, p = .708), Privacy Concerns (B = .288, β = .288, p = .056, marginal), and Purchasing Behaviour (B = .258, β = .282, p = .063, marginal). An indicator of multicollinearity is a very large overall model with none of the predictors having a very large effect, also consistent with the figure above of the very strong correlation between the predictors in India above (r =.41-.54). This means that AI Personalization strongly and predictively predicts the rest of the four constructs but it is hard to establish the distinct effect as the other two significantly overlap. Privacy Concerns and Purchasing Behaviour have emerged as the strongest single drivers, which are close to the level of significance, and they may be the strongest drivers of the purchasing behaviour after the multicollinearity has been controlled (i.e., through the stepwise regression).
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Figure 3. Histogram for Country Code 1
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Figure 4. Histogram of Country Code 2
The diagnostic graphs generated using the regression analysis were of two kinds; a standardised residual histogram and a standardised residual scatterplot generated on each country separately. 
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Figure 5. Scatterplot for Country Code 1
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Figure 6. Scatterplot for Country Code 2
The scatterplots that is regression standardised predicted values vs observed values of AI Personalization show that the points are quite uniformly spread around the centre without high point of funnel shape and the curve is neither homoscedasticity suggesting, nor non-linear and relationship suggesting. The UK scatterplot shows a quite loose and randomly dispersed cloud of points, also in accord with the non-significant weak regression model above. Indian scatterplot has a more diagonally balanced scatter, with the scatter having one point observed at the upper end; this is in agreement with the stronger and significant regression relationship in India. The combination of these graphs explains that both the assumption of normality and homoscedasticity that was made on the regression was reasonably met in the two samples and therefore the results of the regression obtained before can be interpreted with some level of confidence.
[bookmark: _Toc238478908][bookmark: _Toc241179736]4.6 ANOVA Findings
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Figure 6. ANOVA Test
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Figure 7. T-Test Analysis
One-way ANOVA was conducted by country to determine whether or not there was a significant difference in Limited Purchase Influence, Trust and Transparency, Purchase Privacy and Purchasing Behaviour as long as the level of AI Personalization. For the UK sample, none of the four ANOVA tests reached statistical significance: Purchase Influence, F(11, 38) = .706, p = .725; Trust and Transparency, F(11, 38) = 1.560, p = .151; Privacy Concerns, F(11, 38) = 1.435, p = .198; and Purchasing Behaviour, F(11, 38) = .957, p = .500. This implies that among the UK respondents, varying scores of how strongly a customer perceives AI personalization at Amazon are not linked with statistically significant differences in their trust, their concern with privacy, their score on their purchase influence, or, their purchasing behaviour score.
For the Indian sample, by contrast, all four ANOVA tests were statistically significant: Purchase Influence, F(16, 33) = 3.612, p = .001; Trust and Transparency, F(16, 33) = 3.755, p = .001; Privacy Concerns, F(16, 33) = 2.689, p = .008; and Purchasing Behaviour, F(16, 33) = 3.115, p = .003. This indicates that the perceived AI personalization among Indian Amazon customer has a strong relationship with big variations in trust, concern of privacy, and influence to purchase and ultimately buying behaviour. 
[bookmark: _Toc238478909][bookmark: _Toc241179737]4.7 Comparative Summary of UK and India Findings
A blend of the four analyses composes a relative homogeneity of the entire image. Descriptively, both British and Indian consumers show similar average attitudes towards such marketing by Amazon AI-based, with a high concentration, which is close to the center of the line of neutrality. This surface similarity is however interrupted by the underlying inferential statistics which reveal the fact of inherent vastly different underlying structure of the two markets. The five constructs are highly independent and weakly associated dimensions in the UK: most of the correlations are not significant, the model of regression has extremely low amount of variance and ANOVA indicates that there is no significant variance in grouping effect. It shows that the UK buying behaviour is not driven entirely by AI personalisation and, therefore, the AI-assisted marketing is a result of a small player on the defeater stage compared to the availability of other, more significant elements.
In India the reverse is true: all correlations in India are very significant and strong, the regression is explaining a very significant 40 percent of the variance and the ANOVA shows that the differentiation in the four outcomes variables was significant. This indicates that the AI-driven personalization, trust, privacy awareness, and purchasing influence is a closely connected system among the Indian Amazon shoppers and this relationship is influential on purchasing behaviours to a considerable degree in contrast to the UK. 
Responses: India
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The above pie charts in Figure , display the answers from 50 respondents to a question about the personalised recommendations and targeted advertising made by Amazon. first statement, 34% strongly disagreed, and 20% disagreed with Amazon's personalised product recommendations being relevant to my shopping interests. So, 54% held a negative opinion, in total. 18% were neutral, with 16% agreeing and 12% strongly agreeing, for a total of 28% positive responses. That's a finding that shows over 50 percent of respondents weren't very attentive when following the Amazon suggestions. 
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Opinions on the second question about how recommendations inspire customers to try products they wouldn't have thought to consider were split. Overall, 44% did not agree or strongly disagreed, while 34% did agree or strongly agree. The other 22% chose the neutral choice. A good number of participants felt that Amazon's recommendation system was of discovery value, though this was not the strongest of the feelings expressed. It is possible that recommendations could facilitate product discovery for some consumers, but not all the consumers in the sample. 
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The third statement, ‘Amazon's advertisements are usually relevant to my needs and interests' was answered negatively by 44% (22% strongly disagreed and 22% disagreed). 32% responded positively (14% Agreed and 18% Strongly Agreed). Another 24% were undecided. Advertisements that were targeted for the users were thus considered bad, but opinions were split. Overall, the results showed a consistent trend with more negative than positive answers for each of the three statements. The most negative responses were for product recommendations, with 54% reporting that the recommendations were not relevant to them. Targeted advertising had the largest neutral response (24%), and product discovery had the highest positive response (34%). The results indicate that Amazon's personalisation features offer some benefit, especially by steering customers to new products, but that the relevance of such features is still very limited. This indicates a mismatch between algorithmic targeting and consumer interests, thus locating the gap. Amazon might need to get better at the accuracy of its recommendations; make use of more up-to-date customer preference information and give users more control over the personalisation of their recommendations. These charts, however, do not represent the effectiveness of the algorithms in real life, but rather, the participants' perceptions of its effectiveness.
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The pie charts in Figure A2 show the answers from 50 respondents, on the convenience, product-matching and purchasing influence of Amazon's AI-powered marketing tools. 20% said they agreed and another 20% strongly agreed that “Amazon's AI capabilities enhance the convenience of online shopping.” This results in 40% of the population responding positively. On the other hand, 10% strongly disagreed and 24% disagreed, totaling 34% negative. There was a large individual response category for 'Neutral' (26%). The results indicate that a significant portion of Amazon's AI tools is enhancing the shopping experience for its patrons. However, the relatively high neutral and negative responses show that this benefit is neither experienced nor recognised consistently by all users. 
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The fifth question focused on the role of Amazon's AI marketing in helping consumers easily discover products they prefer. In total, 28% agreed and 14% strongly agreed (a combined positive response rate of 42%). On the other hand 22% disagreed and 14% strongly disagreed, representing a total negative response of 36%, with 22% being neutral. This is the best outcome of these three statements. It suggests that the AI-driven marketing approach adopted by Amazon can indeed have a real-world application in streamlining product searches and bridging the gap between consumers and potentially relevant products. The gap between positive and negative answers is just six per cent, though. Thus, the findings should be seen as a general positive trend, and not as strong evidence of customer satisfaction. 
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Concerning the 6th statement, 22 percent strongly disagreed and 22 percent disagreed with the idea that Amazon's personalised recommendations affect what products I consider buying. The total negative response was thus 44%. By contrast, 20% agreed and 16% strongly agreed, equating to a 36% positive response. 20% had a neutral response. These findings reveal that personalised recommendations have a positive impact on product consideration for some customers, but negative responses are prevalent. Attractive attention may be captured to Amazon's recommendations that are not necessarily pivotal in the purchase decision. Overall, these findings indicate an interesting difference between being useful and affecting behaviour. The overall sentiment towards AI assisting them to find the right products and to make shopping easy was slightly more positive. 
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The pie charts above display the opinions of 50 respondents about the impact of personalised recommendations made by Amazon and the advertisements generated by AI on buying. 20% agreed and 22% strongly agreed that they are more likely to buy a product when Amazon recommends it based on their interests for the seventh statement. This means that 42% of the respondents, overall, were positive. 28% disagreed and 6% strongly disagreed (34% negative response), compared to 24% who were neutral. The results show that recommending items based on interest can drive a substantial share of the respondents to buy the products. The difference of eight percentage points between positive and negative answers is fairly small, however. This implies that personalized recommendations don't have a significant or widespread effect on people's buying decisions. 
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The eighth statement explored the question of whether AI-generated ads on Amazon can influence consumers' buying decisions. Overall, 44% agreed or strongly agreed, the highest ratio of positive responses in this group. However, 22% disagreed and 14% strongly disagreed, leaving a net negative 36%. The other 20% chose the neutral answer. Strongly agree was the highest individual answer response, indicating that there are consumers who consider that AI created ads can be persuasive. However, over a third of those who responded disagreed, indicating that these ads don't reach everyone to the same extent. 
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A total of 42% agreed that Amazon's personalised marketing prompts me to buy more products (26% strongly agreed, 16% agreed), while 8% disagreed and 44% strongly disagreed. The number of people who strongly disagreed or disagreed made up 36% of the total negative response; 22% strongly disagreed and 14% disagreed. An additional 22% were undecided. The findings indicate that personalized marketing can motivate further purchases for some of the respondents, which may be due to highlighting complementary products or previously not considered products. But a large negative group also means that this type of marketing is not always successful in increasing sales. The overall trends were slightly more positive than negative in each of the statements. The highest positive evaluation was seen for ads based on AI (44%), followed by those based on interest (42%) and personalised marketing (42%). This suggests that although Amazon's AI marketing effects are moderate, they are uneven and can influence product consideration and drive purchases. 
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The pie chart in above diagram depict the opinions of 50 respondents on how much impact, trust and perceived reliability their experience has been with Amazon's AI-driven marketing suggestions. In regards to the 10th statement, that "AI marketing on Amazon has influenced my willingness to make purchases", 30% disagreed, and 22% strongly disagreed. This results in a total response of (-52%) or greater than a half of the sample. By contrast, 10% agreed and 14% strongly agreed (24% overall). The other 24% chose the neutral option. The results suggest Amazon's AI-driven marketing efforts have not significantly boosted the likelihood that most consumers will buy products from the company. While customised content can command attention, it might not lead to higher purchase intent for AI marketing. 
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The 11th question explored how confident respondents were in Amazon's AI-driven suggestions when making their purchase decisions. The combined negative response was the highest among this group, with 30% strongly disagreeing and 26% disagreeing. In contrast, 16 percent agreed, and 14 percent strongly agreed, with a total of 30 percent overall, or positive, responses. The other 14% were neutral. This discovery is a key concern for trust. Customers may still be unsure of the accuracy of the recommendation, as well as their commercial purpose or suitability to their individual requirements, even if it might seem relevant. The result indicated that the key to recommendations is that they need to be perceived as transparent, credible and beneficial in addition to being technically personalised. 
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The next statement “I feel Amazon's AI-driven marketing offers recommendations that are usually accurate” showed a relatively positive trend. Overall, 22% agreed and 18% strongly agreed, which represents a total positive response of 40%. 34% responded negatively (26% disagreed and 8% strongly disagreed). 26% were undecided. With the positive responses being six percent higher than the negative, the results are split, but not quite evenly. Some Amazon customers may have a relatively strong impression of the reliability of the recommendations, while others may not have this view consistently. The findings taken together highlight a significant difference between the perceived reliability and trust and behaviour influence. While 40% perceived the recommendations as generally reliable, only 30% trusted the recommendations in their selection of products, and only 24% believed that AI marketing has made them more likely to buy. This means that if something feels technically sound, it doesn't necessarily mean that it is trusted by customers or that they buy. 
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The pie charts in Figure depict the opinions of 50 respondents on Amazon's transparency in recommendations based on AI and the correlation between the transparency of its AI-driven recommendations and customer trust and confidence in purchasing. Thirty percent agreed and 22 percent strongly agreed with the 13th statement, “I feel more confident buying a product when I know why Amazon has recommended it to me.” This yields an overall positive reaction rate of 52% or over 50% of the sample. By contrast, 22% (14% and 8%) disagreed and strongly disagreed. 26% opted for the neutral choice. The results of this study indicate that the level of purchasing confidence can be enhanced by introducing understandable explanations. If customers understand the reasons behind a specific product recommendation, they can feel more empowered in assessing it and evaluating it is more relevant for them. The neutral responses suggest that no single explanation strategy will work for all customers, however. 
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The fourteenth declaration dealt with the provision of Amazon's information as to how personalised recommendations are produced. Overall, 20% agreed and 30% strongly agreed, resulting in a 50% positive response. On the other hand, 16% disagreed and 12% strongly disagreed, for a total of 28% negative, with 22% being neutral. Half of the respondents indicated that the information provided was adequate in their eyes. However, nearly one in ten complains, indicating that the company's rationale for the recommendation process is not equally understood by all users. Amazon might offer some of the details needed for personalisation, but there could be room for improvement with visibility and/or accessibility and/or detail.
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Thirty percent strongly agreed and 16 percent agreed that they would have more trust in Amazon's marketing practices if they were transparent about its use of AI for the 15th statement. So, a total of 46% of the combined positive response was recorded. Thirty-six percent (22% + 14%) disagreed, strongly disagreed, or simply disagreed, while 36% agreed. The other 18% chose the neutral. A significant number of customers (strongly agree) argued that transparency is especially crucial. There's a flip side, though: The 10 percentage-point gap between positive and negative answers also suggests that transparency isn't solving all the problems with AI-driven marketing. Combined, the results show that there is a significant correlation between explanation, transparency and customer confidence. The most consistent positive feedback was that they understood the reason for recommending the product (52%) with the perceived sufficiency of Amazon's info trailing at 50%. In addition, 46% thought that transparency would boost their trust in Amazon's marketing. The pattern indicates that customers try to make a selection based on more than just the accuracy of the recommended services. They also appreciate clear explanations of the recommendations and how their data was utilized. 
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As presented in figure the pie charts illustrate the concerns of 50 respondents regarding Amazon’s collection, use, storage and protection of personal data for AI-powered marketing. Since the statements are framed around concern, agreement represents a higher level of concern, while disagreement indicates a lower level of concern. For the sixteenth statement, “I am concerned about the amount of personal data Amazon may use for personalised marketing,” 16% agreed and 20% strongly agreed, producing a combined concern level of 36%. In contrast, 32% disagreed and 18% strongly disagreed, meaning that 50% did not express concern. The remaining 14% selected the neutral option. These findings suggest that half of the respondents were relatively comfortable with, or unconcerned about, the amount of data used by Amazon. Nevertheless, more than one-third expressed concern, which represents a substantial minority whose confidence could be affected by extensive data collection. 
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The seventeenth statement examined concerns that browsing and purchasing histories may be used to target advertisements. Overall, 16% agreed and 16% strongly agreed, giving a combined concern level of 32%. Conversely, 18% disagreed and 28% strongly disagreed, resulting in a combined disagreement level of 46%. A further 22% remained neutral. This indicates that respondents were generally less concerned about the use of their behavioural history for advertising than about the overall amount of personal data collected. One possible interpretation is that targeted advertising based on browsing and purchase activity has become familiar to many online shoppers. However, familiarity should not automatically be interpreted as informed consent or complete confidence in the practice. 
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A notably different pattern emerged for the nineteenth statement, “I worry about how Amazon stores and protects the personal information used by its AI systems.” In total, 40% agreed and 10% strongly agreed, producing a combined concern level of 50%. In contrast, 14% disagreed and 14% strongly disagreed, giving a combined disagreement level of 28%, while 22% remained neutral. Agree was the largest individual response category. Therefore, information storage and protection generated considerably greater concern than either the amount of data collected or its use for targeted advertising. Taken together, the findings reveal that respondents distinguished between different aspects of data privacy. Participants appeared comparatively accepting of Amazon using personal data and behavioural history to personalise marketing, but they were more concerned about what happens to that information after it has been collected. Concern increased from 32% for targeted use of browsing and purchasing history to 36% for the amount of data used and reached 50% for data storage and protection. This pattern indicates that information security, possible unauthorised access and uncertainty about long-term data handling may be more important to respondents than personalisation itself. The results have important implications for Amazon’s AI marketing practices. Customer confidence may be strengthened by clearly explaining what information is collected, why it is required, how long it is retained and which safeguards protect it. Customers should also be given accessible privacy controls and meaningful choices concerning personalised advertising. 
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The pie charts  present the opinions of 50 respondents on the impact of data transparency, the reliability of personalised AI marketing and recommendations on their willingness to buy from and continue using Amazon. The 14% who agreed and 16% who strongly agreed for the 20th statement were less likely to make purchases on Amazon if they felt their personal data was being used without enough transparency. So, 30% stated that lack of transparency would hinder their buying from Amazon. On the other hand, 24% disagreed and 20% strongly disagreed, with a total disagreement of 44%. 26% chose the neutral option. These findings indicate that lack of transparency might deter a significant share of customers, while it could not have a direct effect on the purchasing behaviour of the largest share of customers. The large neutral response also suggests some doubt if data concerns would lead to the actual decision not to buy.
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 That more positive trend continued with the 21st statement, which read, “I am more inclined to buy from Amazon when the AI-assisted marketing is relevant to me. Overall, 24% agreed and 24% strongly agreed, for a total of 48% positive response. A total of 34% disagreed (18%) or strongly disagreed (16%). The other 18% were neutral. This is the best positive answer of these three statements. It means that when the marketing information is more relevant to customers, it can raise purchase intention by making it more personalised. However, the mixed result, with 34% saying it didn't work for them, means that personalisation isn't equally effective across consumers. The combined percentage of people who agreed or strongly agreed with the 22nd statement about continuing to use Amazon if the recommendations powered by the AI tool are still relevant and useful is 34% (16% agreed and 18% strongly agreed). A 34% had a negative opinion, with 22% disagreeing and 12% strongly disagreeing. 
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The next largest individual response category was the neutral option, representing 32% of the respondents. This split indicates a lack of confidence that helpful and valuable advice is enough to ensure that customers will continue to use the product. Other things respondents may take into account that can influence their decision to stay with Amazon include price, product quality, delivery performance, customer service, privacy and trust. Combined, these findings suggest that personalisation has a more immediate impact on purchase intention than does recommendation reliability on continued platform use. Almost half of the respondents reported being more likely to purchase when AI marketing matched their needs, whereas only 34% linked useful and reliable recommendations with continued use. Moreover, 30% said that lack of transparency could affect their purchase intention. 
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The pie chart below provide a summary of the results from 50 respondents regarding the correlation between transparency, privacy protection, customer trust and the impact of Amazon's AI-driven digital marketing on purchasing habits. 20% strongly agreed and 22% agreed that “I am more likely to trust Amazon when their AI marketing practices are transparent,” for a 42% positive rating for the twenty-third statement. By comparison, 20% disagreed and 16% strongly disagreed, for a total of 36% negative. The other 22% chose the neutral option. There was a split of opinion in the respondents' answers, but positive answers outnumbered negative ones by six points. This suggests a move towards more trustworthy Amazon AI marketing could boost the trust of potentially a significant segment of its customers. But, responsible use of data and reliable recommendations must be there to support transparency before it can foster wider customer trust. 
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For the twenty-fourth statement, “Strong privacy protection would make me more likely to buy something from Amazon” 20% agreed and 16% strongly agreed, with a combined positive response of 36%. On the other hand, 22% disagreed and 22% strongly disagreed, resulting in a total of 44% negative answers. Another 20% were not interested. The results indicate that the positive effects of privacy protection on willingness to purchase may be limited for most of the respondents. Consumers might not expect privacy protection as an extra feature to get them to buy, but as something that happens automatically. However, the 36% positive result is significant as low levels of privacy protection might detract from consumer confidence in a large number of people. 
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The 25th statement gauged the impact of AI-powered digital marketing tools on purchasing behaviour, in general. 34% agreed (18%) or strongly agreed (16%). On the other hand, 48% (32% disagree and 16% strongly disagree) indicated that they disagreed. 18% had no opinion. As a result, nearly half of the respondents were not convinced that the AI-powered digital marketing efforts of Amazon positively impacted their purchasing behaviour. This finding indicates that recommendations or ads using AI are not necessarily causing a positive behavioural reaction. All these indicate that there is a distinct difference between building trust and influencing purchases. Transparency was moderately positively received as 42% of respondents said they would trust more if it was more transparent. Of those surveyed, however, only 36% said that good privacy protection would make them more willing to buy and only 34% said that the use of AI marketing would have a positive impact on their purchasing behaviour overall. Ethical and transparent use of AI could create the environment that fosters customer trust, but it is not the sole driver of sales. 
Responses: UK
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The three pie charts below present the perceptions of 50 respondents about the relevance of Amazon's personalised recommendations, their usefulness for product discovery and the relevance of targeted ads. 42% strongly disagreed and 10% disagreed with the first statement, namely, Amazon's personalised product recommendations are relevant to my shopping interests. This amounted to a negative response from over 50% of those polled, as the combined negative response was 52%. By contrast, 12% agreed and 20% strongly agreed, for a total of 32% positive. The other 16% chose the neutral. The results indicate that although most respondents felt the personalised product recommendations made by Amazon matched their shopping preferences, they did not feel they matched their shopping preferences closely. Close to a third admitted they had had a good experience, but the outcome shows just how far Amazon's algorithmic recommendations are from the tastes of many shoppers. 
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The second question analyzed if Amazon's suggestions enable customers to find products they may not have considered. Overall, 36% disagreed and 12% strongly disagreed—combined negative response 48%. On the other hand, 20% agreed and 6% strongly agreed, which represents a total of 26% positive responses. Another 26% were undecided. The negative answers were therefore 22 percentage points above the positive answers. This means that the recommendation system did not consistently help with product discovery in the sample. It is also interesting to see that the proportion of positive and neutral responses is equal which indicates that some respondents either noted limited discovery benefits or were not sure about how strongly recommendations affect their product awareness. 
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A different trend was seen when considering the third statement, “The ads Amazon shows me are mostly relevant to my needs and interests.” Overall, 26% agreed and 16% strongly agreed, which combined is a positive response of 42%. 22% (16% disagreed and 6% strongly disagreed) responded negatively. The neutral response was the highest individual response category, with the remaining 36% choosing it. Personalised product suggestions were, therefore, not evaluated as positively as targeted ads. However, the high neutral response shows that there is a high degree of uncertainty and this does not demonstrate strong agreement across the sample. Combined, the findings show that there is a difference between Amazon's recommendation system and advertising system. When it came to personalised product recommendations, most of the respondents doubted their relevance and discovery value, while a relatively positive response was obtained for targeted advertisements. This could be because the ads were more relevant to people's needs at the moment than the products that were recommendable via Amazon. But with large neutral numbers for advertising, perceived relevance is not consistent. 
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The three pie charts are designed to present the perceptions of 50 respondents about the convenience, product-matching ability and purchasing influence of Amazon's AI-powered marketing features . The fourth statement read, ‘Amazon's artificial intelligence features have helped my online shopping experience to be more convenient', 28% agreed and 16% strongly agreed. The overall positive response is 44%. A total of 30% (20% disagree and 10% strongly disagree) indicated that the situation was unfavorable. 26% chose the neutral option. Positive responses were thus 14 percentage points higher than negative responses. This indicates that Amazon's AI capabilities enhance the convenience for a significant portion of their customer base, possibly by streamlining product searches and making it easier to consider fewer options. The overall neutral and negative responses, however, indicate that these benefits are not found consistently for all.
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 The fifth question analyzed how easy it is for the respondents to locate products that they prefer based on the AI-based marketing of Amazon. Overall, 18% agreed and 22% strongly agreed, which equated to a combined positive response of 40%. On the other hand, 16% strongly disagreed and 8% disagreed, totaling 24% of the negative responses. The third largest single response category was the neutral option (36%). While the positive responses were more than the negative, the percentage of neutral responses does show some level of uncertainty on the effectiveness of product matching using AI. The recommendations might be useful for some respondents, but may not be obviously identified as being generated by AI for product searches for others. 
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In the case of the sixth statement, “Amazon's personalised recommendations have an impact on what I think I should buy”, 28% disagreed and 16% strongly disagreed. This yields a total negative response of -44%. By comparison, 16% agreed and 14% strongly agreed (for a total of 30%). The rest were neutral, 26%. Therefore, there were 14 percentage points more negative responses than positive ones. The result shows that personalised recommendations have little impact on most of the respondents' purchase consideration. Customers are not required to click the link to products they are recommended, without letting the recommendation influence their interest in buying the product. The results of these tests collectively show a significant difference between functional use and behavioural influence. Overall, the respondents had positive opinions on the convenience of Amazon's AI capabilities and their usefulness in product matching. They were less likely to say that personalised recommendations affected their product consideration, 
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The three pie charts in figure  illustrate the opinions of 50 respondents about the impact of AI-based advertising, AI-driven personalised marketing and Amazon's interest-based recommendations on their buying habits. 28% agreed and 10% strongly agreed with the statement “I am more likely to buy a product when Amazon recommends it for my interests”, giving a total of 38% agreement. Turning to others, 22% disagreed and 20% strongly disagreed, for a total of 42% negative answers. 20% chose the neutral option. Respondents' views were divided closely at four percentage points, with negative responses being marginally higher. Some customers may be influenced by the interest-based recommendations, but there is no clear positive impact on the sample. 
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The eighth question explored whether participants felt prompted to buy something after seeing an AI-generated ad on Amazon.The eighth question was if the AI-generated ads on Amazon would encourage respondents to make a purchase. Overall 24% agreed and 16% strongly agreed, which is a combined positive response of 40%. On the other hand, 20% disagreed and 10% strongly disagreed, which makes a total of 30% of the people that disagreed. Another 30% was undecided. The overall sentiment was positive, with 10% more respondents saying they were encouraged to buy due to AI-generated ads.The overall sentiment was positive, with 10% more respondents indicating they were encouraged to buy as a result of AI-generated ads. Overall, the large neutral group does not seem to be very confident in the influence that advertisements have on their purchasing decisions, however. 
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The most positive was in response to the 9th question, “Amazon's personalised marketing makes me want to buy more products”. Overall, 32% agreed and 22% strongly agreed, for a total of 54% positive. The number of respondents who answered negatively was 30%, with 22% disagreeing and 8% strongly disagreeing. The other 16% chose the neutral option. When it comes to encouraging consideration of additional products, over half of the respondents agreed that personalised marketing was successful, suggesting that this tactic is effective in this regard. The findings combined show that AI marketing can impact various stages of the customer's buying decision process. Overall, interest-based recommendations had a slightly negative response, whereas ads generated by the AI had a moderately positive response. Positive responses were highest for personalised marketing reporting its biggest influence on additional purchasing (54%). This indicates that Amazon's AI-driven marketing approach might be better suited to driving more purchases from additional items in the shopping cart than it is to driving first-time purchases of products. The results have significant implications for Amazon's marketing program. Personalised suggestions can add value if they are used to offer relevant additional products when shopping. But over-recommended or mismatched recommendations might not be effective or even seem intrusive. Amazon should therefore focus on relevance, timeliness and control over customers, rather than just on the sheer quantity of the recommendations that are displayed. These findings are self-reported, and reflect buying intention patterns, not the impact of AI-driven marketing on actual sales.
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The three pie charts illustrate the respondents' views on the influence , trustworthiness and reliability of Amazon's marketing recommendations based on AI. The combined positive response for the tenth statement, “AI-powered marketing on Amazon has increased my likelihood of making purchases”, was 38% (24% agreed and 14% strongly agreed). By contrast, 22% disagreed, and 14% strongly disagreed, for a total of 36% negative responses. Twenty-six percent chose the "neutral" option. The gap between yes and no answers was very small (just two per cent), meaning that the answers were split almost evenly. So, the results aren't clearly conclusive that Amazon's AI marketing capabilities have a positive or negative impact on sales conversion. 
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The 11th question was if the respondents would trust Amazon's AI based recommendations when choosing the product to consider. In total, 28% agreed and 14% strongly agreed, totaling 42% positive. On the other hand, 14% disagreed and a further 14% strongly disagreed, giving a net negative response of 28%. An additional 30% was undecided. The positive answers were 14 percentage points more than the negative responses, which is a moderate level of trust in Amazon's recommendations. The biggest individual response category, though, was neutrality, indicating that many respondents were unsure and didn't have a strong opinion on either side.
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 For the 12th statement, “I believe that Amazon's AI marketing gives me suggestions that are generally reliable,” 14% agreed and 20% strongly agreed, for a total 34% affirmative response. On the other hand, 28% disagreed and 12% strongly disagreed, which is a combined negative response of 40%. The other 26% chose the neutral answer. A higher proportion of negative responses (6%) than positive responses (1%). This suggests that consumers were skeptical of the validity and reliability of the AI-driven suggestions from Amazon. The overall results show a multi-faceted relationship between Trust, reliability and purchasing behaviour. Participants expressed moderate satisfaction with the use of recommendations to consider products, and lower satisfaction with the general reliability of these recommendations. Likewise, there was a nearly split response on the impact of AI-based marketing on the likelihood of purchase. This implies that customers can take advantage of Amazon's suggestions as a primary source of information without depending entirely on them or relying on these hints to make their final purchase. The result suggests that Amazon should differentiate between getting customers' eyes on their site and gaining their trust. 
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The three pie charts in  Figure  illustrate the perceptions of 50 respondents about the reasons for giving explanations of AI recommendations, the transparency of Amazon and the potential impact of transparency on customer trust. 28% agreed and 26% strongly agreed that they feel more confident buying a product when they know why Amazon has recommended it to them for the 13th statement. This gives a resultant positive response of 54%, which is greater than 50% of the sample. 24% disagreed and 14% strongly disagreed, giving a total negative response of 38%. 8% chose the neutral option. This is a relatively low degree of neutrality, suggesting that the majority of respondents had a definite opinion. The results indicate that providing understandable explanations can be a useful way to improve customers' confidence in a purchase when they can determine the relevance and usefulness of the recommended products. 
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The fourteenth statement analysed if Amazon currently offers enough detail on how their recommendations are personalised. Overall, 20 per cent ‘agreed' and another 20 per cent ‘strongly agreed', equating to 40 per cent positive. On the other hand, 12% strongly disagreed and 20% disagreed, giving a total negative response of 32%. The balance 28% were neutral. The large neutral group shows a mix of uncertainty in their answers, with positive responses being 8 percentage points greater than negative ones, but there were questions about whether Amazon already explains this. This could be a sign that customers can't consistently see, understand or remember information about the recommendation process. 
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20% agreed and 26% strongly agreed that they would trust Amazon's marketing more if there were transparency regarding its use of AI, for the 15th statement, resulting in a combined positive response rate of 46%. By contrast, 26% disagreed and 16% strongly disagreed (a combined negative response of 42%). Another 12% opted for the neutral choice. 4 per cent more people had a positive response than a negative response, indicating a close split in opinion. While transparency could boost consumer trust for lots of, it probably won't solve every consumer concern with AI-powered marketing. Combined, these results show that explanations are especially meaningful to customers at the time of recommendation. Most (54%) said that having an understanding of the reason for the product suggestion led to increased purchasing confidence. Only 40% felt that Amazon does currently have enough information regarding personalised recommendations. This 14% disparity means that there exists a potential transparency gap between the information customers want and what they feel they currently have. 
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The three pie charts display the concerns of 50 respondents about the amount of their personal data used by Amazon, the use of their browsing and purchasing history for targeted advertising, and the storage and protection of information used by AI systems. These statements are negatively phrased, so that answers of 'agree' show high concern and answers of 'disagree' show low concern. On the 16th statement “I'm worried about the amount of personal data Amazon is able to use for personalised marketing”, 18% agreed, and 24% strongly agreed. This gives a composite worry score of 42%. In comparison, 28% disagreed and 16% strongly disagreed, meaning that 44% did not express concern. The other 14% chose the neutral one. The gap in opinion between "concerned" and "uncertain" respondents was just two percent, indicating a split in opinion was nearly even. The results thus indicate that the volume of data to be used for personalisation is still a debated topic among customers. 
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The 17th one looked at whether the browsing or buying of the respondents could be used to target ads. In total, 16% agreed and 20% strongly agreed, resulting in a 36% overall level of concern. On the other hand, 36% disagreed and 8% strongly disagreed, which equals 44% disagreement. Another 20% indicated they were neither averse nor approving. The results suggest that the highest percentage of the respondents were not concerned with the use of their behavioural history for targeted advertising. This could be a familiarity with personalised advertising in online shopping. Yet, the 36% who are concerned continue to be a significant population whose trust could be secured through clear data practices and consent. 22% agreed and 24% strongly agreed that I am concerned about the way Amazon stores and secures the personal information used by its AI. As such the level of concern for the combined statements was created at 46%, the highest of the three statements.
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By contrast, 28% disagreed and 8% strongly disagreed, totaling 36% disagreeing. The other 18% chose the neutral response. The results indicate that the security and protection of information was more of a concern to respondents than the use of information for personalised advertising. Combined, these findings show that consumers have a difference in perception of the collection, use and protection of their personal information. The lowest level of concern was about the use of browsing and purchase history in targeted ads (36%) followed by the use of personal data (42%) and data storage and protection (46%). This suggests that a large number of consumers are willing to have their data used to provide customised services, but are not sure about how well their data is being safeguarded following collection. Amazon ought to be giving clear information about the sorts of data that are gathered, how it's utilized to enable customisation, the length of time it's kept and the security measures taken to ensure their security. 
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The three pie charts present the responses of 50 respondents on how they think data transparency, personalised AI marketing and reliability of recommendations may impact their buying decisions, and their continued use of Amazon. The same number, 22%, agreed and 16% strongly agreed with the 20th statement, which said: I would be less likely to buy products from Amazon if I felt my personal information was being used without adequate transparency. Because of this, 38% agreed that not enough transparency might make them less likely to buy from Amazon. 26% disagreed and 16% strongly disagreed, for a total of 42% disagreed. 20% chose the neutral answer. The margin of agreement and disagreement is four percentage points; this shows that the respondents were very close. 
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The following 21st question investigated if customers would be more inclined to buy from Amazon if the marketing used AI was tailored to their needs. Overall, 16 per cent agreed and 24 per cent strongly agreed, for a total of 40 per cent positive. On the other hand, 16% disagreed and another 16% strongly disagreed, giving a total of 32% negative responses. Twenty-eight percent were not affected. There was a positive trend for purchase intention for some consumers, with the number of positive responses 8% higher than negative responses, suggesting a positive effect for relevant personalisation. 
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However, the relatively high neutral group indicates that personalisation isn't always acknowledged or might not be a key factor in the purchasing decision. 20% agreed and 22% strongly agreed that they would keep using Amazon if its AI-powered recommendations are still relevant and accurate. This yields an overall increase of 42%. 26% disagreed and 12% strongly disagreed (combined negative response 38%). Another 20% opted for the neutral choice. The difference was only four percentage points, but there were more positive responses. Hence, useful and reliable recommendations can help to ensure that customers continue using the service, but should not be considered a strong or generally applicable incentive to keep customers. Overall, the results indicate a moderate and conditional effect of AI personalisation on buying intention and platform duration, suggesting a modest, yet significant, potential to enhance these user outcomes. 40% were saying they use personalised marketing and 42% said they use it again and again because of the useful and reliable recommendations. Meanwhile, 38% said lack of transparency in the data would make them less likely to buy. The findings indicate that personalisation is only adding value when it is accompanied by transparency, reliability, and responsible data use. Amazon should thus strike a balance between the commercial advantages of personalisation and the expectations of customers with regards privacy and control.
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The three pie charts present the overall results of the impact of transparency and privacy protections on customer trust and the Amazon's AI-driven digital marketing on purchasing behaviour. 50 responses were received and used for the results. 18% agreed and 16% strongly agreed that they trust Amazon more when its AI marketing practices are transparent (for the 23rd statement), resulting in a combined positive response rate of 34%. The same proportion (34%) disagreed, with 16% disagreeing and 18% strongly disagreeing. The next largest option was neutral with 32% marking it. 
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 The 24th statement asked whether there would be a rise in their willingness to buy from Amazon if they had greater privacy protection. In general, 18% agreed and 20% strongly agreed, which represents a total of positive responses of 38%. On the other hand, 20% said that they disagreed and another 20% strongly disagreed, for a total of 40% negative. Another 22% didn't respond. There was no definitive trend in the difference between positive and negative responses, just two percentage points. Whilst privacy protection is important to customers, it's a core responsibility that could not be considered as a standout extra feature that drives sales. 
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16% agreed and 20% strongly agreed with the 25th statement, 'Overall, I feel Amazon's AI-driven digital marketing has a positive effect on my buying habits' yielding a joint positive response rate of 36%. By contrast, 48% disagreed, and 26% strongly disagreed. The other 16% chose the neutral. So, negative responses were higher by 12 percentage points compared to positive responses. This indicates that almost half of the respondents did not perceive Amazon’s AI-powered marketing as having a positive influence on their purchasing behaviour. The results are overall taken with a pinch of salt. There was no clear consensus nor among respondents that transparency leads to trust, or that privacy protection enhances willingness to purchase. Most significantly, the top two most negative responses to this overall evaluation were recorded. This indicates a need for data transparency and security in AI-driven marketing, but it does not guarantee the effectiveness or commercial viability of marketing, it only promotes transparency and security. 
[bookmark: _Toc238478910][bookmark: _Toc241179738]4.8 Summary of Key Findings
In conclusion, the findings have indicated that, though the UK and Indian Amazon consumer behaviour with regards to the interaction with AI-inspired marketing have been revealed to be practically the same in the two countries, the impact that AI has on the decision-making behaviour of the two different countries is quite distinct. Close, high, and stable correlations between AI personalization and purchase influence, trust and transparency, privacy issues, and purchasing behaviours indicate that the view that AI-intelligent digital marketing does not have a real and quantifiable impact on buying behaviours of Indian customers is confirmed by the Indian sample results. 




[bookmark: _Toc241179739]Chapter 5 : Discussion 
[bookmark: _Toc241179740]5.1 Introduction
This chapter will discuss the findings in Chapter 4 with regards to the research aim, research questions and the theoretical framework and previous literature. The study investigated the relationship between the use of AI technology in digital marketing and the purchasing behavior of the Amazon consumer in the United Kingdom and India. Special focus on AI personalisation, influence over purchases, trust and transparency, privacy issues and purchasing patterns. The most significant result is not the significant difference between the countries' mean scores. Instead, it is the various ways in which the 5 constructs are linked. Overall, the attitudes of the UK and Indian respondents were comparable, with moderate to neutral levels of overall attitude, while the correlations between constructs were stronger and more consistent in the Indian sample. The discussion is thus divided into two sections: one on consumer opinion and the other on the nature of the relationships between variables(Adomavicius and Tuzhilin, 2005). 
[bookmark: _Toc241179741]5.2 Consumer Perceptions of Amazon's AI-Powered Marketing (RQ1)
The first research question was focused on the perception of Amazon UK and India customers towards AI-enabled digital marketing. The descriptive results indicate that there was neither a strong positive nor a strong negative perception. In the UK, the range of construct was between 3.012 (purchasing behaviour) and 3.152 (trust and transparency). They were between 2.880 for AI personalisation and 3.168 for trust and transparency in India(Xiao and Benbasat, 2007). These scores range from 1 to 5, with 3.00 representing a neutral or ambivalent position, rather than positive acceptance (Ziakis and Vlachopoulou, 2023; Sharma et al., 2023). The present results indicate that personalisation does not necessarily lead to a positive evaluation. Customers might be aware of the convenience of recommendations but at the same time not be sure of their relevance or repetitiveness, or if personal information is being used. The distributions of the responses confirm this interpretation. For instance, 54% of the respondents in the reported frequency analysis said they would feel more confident about purchasing a product once they knew why it was being recommended, while only 40% felt they had enough information about the Amazon's personalisation on their recommendations. The 14-point gap here reflects a real transparency gap—explanations are deemed valuable, but the current level of explanation is not always perceived as adequate. Meanwhile, 34% considered recommendations to be reliable, and 40% disagreed. (Xiao and Benbasat, 2007). 
[bookmark: _Toc241179742]5.3 AI-Powered Marketing and Purchasing Behaviour (RQ2)
The second research question focused on the link between AI-driven digital marketing and consumer purchasing habits. These results for the UK are inconclusive. AI personalisation showed a weak and non-significant correlation with purchasing behaviour (r = .131, p = .364) and purchasing influence also had a positive albeit weak and non-significant relationship with purchasing behaviour (r = .266, p = .062). The results for the UK ANOVA were also not significant, including for purchasing behaviour, F(11, 38) = .957, p = .500. Overall, these findings do not provide a strong link between self-reported purchasing behaviour and perceived AI personalisation in the UK sample. The results of the Indian studies are different. Purchase influence showed the highest level of reported correlation with purchasing behaviour (r = .588, p < .001) and AI personalisation was moderately correlated with purchasing behaviour (r = .515, p < .001). The Indian ANOVA for purchasing behaviour was also significant F(16, 33) = 3.115, p = .003. The findings suggest that the high level of satisfaction with the AI personalisation feature by the Indian respondents is associated with higher purchase influence and purchasing behaviour. This aligns with the literature, which indicates that personalized recommendations, such as those relevant to the user, can help to reduce search costs for information, focus the attention of the user and increase the likelihood of purchase (Madanchian, 2024; Ziakis and Vlachopoulou, 2023). It also provides a rationale for the same digital technology to be differently behaviourally relevant in markets. The size and direction of the impact, however, should not be exaggerated. The country specific regression in Chapter 4 included purchase influence, trust and transparency, privacy concerns and purchasing behaviour as predictors and AI personalisation as the dependent variable. The Indian model was significant and accounted for 40.2% of the variance in AI personalisation (R-squared = .402; adjusted R-squared = .349), while the UK model only accounted for 9.5% of the variance and was not significant (R-squared = .095; adjusted R-squared = .015). This is strong evidence for the constructs to be a more coherent system in the Indian data. It's not, however, a direct regression test, proving that AI personalisation predicts purchasing behaviour. That conclusion would need a model that had the purchasing behaviour as the dependent variable(Wang and Benbasat, 2007). 
[bookmark: _Toc241179743]5.4 The Role of Consumer Trust and Transparency (RQ3)
The third research question explored the impact of trust in AI in marketing on purchasing. Theoretically, trust was placed as the psychological process by which an external marketing stimulus can turn into a behavioural response (Purwanto, Pancaningrum and Juwita, 2022). There is no strong evidence in the UK of a trust-purchase pathway. The purchasing behaviour showed weak, non-significant correlation with trust and transparency (r = .096, p = .508) and the regression coefficient for purchasing behaviour was not significant. This indicates that attitudes towards transparency do not translate into consistent behaviour on purchases in the UK. Trust can become a fundamental expectation in a matured e-commerce system and not necessarily a unique selling point. The price, the product, its availability, its delivery, reviews and existing loyalty have more influence than minimum security and transparency assumed by consumers. Plausible, but an interpretation since those other factors were not measured in the questionnaire. In India, trust and transparency were significantly connected with the wider network of AI-related constructs. The overall pattern of significant relationships is demonstrated in the correlation matrix, which includes significant positive correlations between trust and transparency and privacy concerns (r = .535, p < .001). This provides further evidence that trust is built within a broader assessment of personalisation, information use and platform reliability, and not as a standalone trust. It also aligns with research that has suggested that consumers react more positively to AI if it is seen as reliable, comprehensible, and in their best interests (Lefkeli, Karatas and Canli 2023; Cloarec, Meyer-Waarden and Munzel 2024). The frequency results bring some color. 42% said there was less trust if the information on how the AI was used is made public, while 46% responded that it would lead to increased trust. The answers to the question of whether the use of transparent AI marketing increased trust were evenly split, with 34% responding positively and another 34% responding negatively, while 32% answered in the middle. Transparency is needed but it's not enough(Tucker, 2014).
[bookmark: _Toc241179744]5.5 Privacy Concerns and the Personalisation-Privacy Paradox (RQ4)
The fourth research question explored the impact of privacy issues on trust and buying behavior. The findings indicate that privacy is not just a disincentive. Privacy concerns were also linked to AI personalisation and trust and transparency, albeit not strongly, but there was a weak, yet significant relationship in the UK for both (r = .280, p = .049) and (r = .300, p = .034) respectively. In India, privacy concerns were positively related to AI personalisation (r = .511, p < .001), purchase influence (r = .516, p < .001), trust and transparency (r = .535, p < .001) and purchasing behaviour (r = .374, p = .008). The positive direction – higher engagement with AI marketing and higher awareness/care about privacy – also occurred. It is not intended to be read as an argument for privacy being a driver of purchase. This corresponds to a pattern that is very similar to Privacy Calculus Theory. Personalisation is also valued for its convenience and relevance, but is also feared by consumers because of the process of data collection, storage and use (Zhu et al., 2017). Similarly, Cloarec, Meyer-Waarden and Munzel (2024) talk about a personalisation-privacy paradox, consumers' desire for customisation, and their desire for control over personal information. The current information conforms to that tension. The greatest concerns were with the storage and protection of data (46%), the amount of data used for personalisation (42%), and the use of browsing and purchase history to target advertising (36%). The respondents seemed more willing to have their data used to provide a service that could be seen than unaware of the potential for it to be protected after collection. Responses to the purchase were split as well. For 38%, a lack of transparency would lead to a decrease in purchase likelihood, and 42% did not agree. Thirty-eight percent said they would be more willing to purchase if there was more privacy protection, while 40% disagreed(Lambrecht and Tucker, 2013). 
[bookmark: _Toc241179745]5.6 Comparison Between the UK and India (RQ5)
The fifth research question focused on what the differences are between the customers in the UK and India. The best comparison is to note a difference between the similar averages of attitude and the dissimilar patterns of relationships. The average scores were not significantly different, indicating that there were no systematic differences between the two groups. However, most of the correlation, regression, and ANOVA results were weak and non-significant for the UK, while most of the results were strong and significant for the Indian data. The difference is thus “structural” – the three concepts of AI personalisation, trust, privacy and buying responses seem to function as a set in India, while as three distinct judgements in the UK. One explanation is based on the technology acceptance model. Acceptance of technology depends on the perceived usefulness and ease of use (Musa et al., 2024). Recommendations in an expanding digital marketplace could be more linked to purchase response if the higher decision support provided to the Indian consumer is perceived as useful when it comes to personalisation. Recommendation systems and targeted advertising may be more commonplace for consumers in the UK (Paul et al., 2024). 
[bookmark: _Toc241179746]5.7 Overall Theoretical and Practical Implications
The findings support the three theories used in the dissertation but have to be qualified. First, the default of Technology Acceptance Model is that personalisation will resonate more with consumers if they feel they are benefiting from it, but the neutral means that exposure to AI is not the same as acceptance(Luo et al., 2019). Secondly, the Stimulus-Organism-Response model is more evident in the Indian sample, where personalisation, trust, privacy and purchasing behavior are co-related. 
[bookmark: _Toc241179747]5.8 Critical Interpretation of the Evidence
There are a number of factors in the evidence that make interpretation difficult. Convenience sampling was used for the sample, which comprised 50 respondents in each country. This is enough for a descriptive comparison, but does not allow for more generalisation of findings to all Amazon customers in the UK and India. Common-method effects and socially desirable responding can boost observed correlations among the constructs, which were self-reported at a single time point. Buys intention and perceived influence are also different from actual transactions. Another problem is the high level of interdependence of the Indian variables. If the bivariate correlation is strong and the regression coefficients are non-significant, this means that there is variance shared or multicollinearity. This does not break the overall pattern, but it does not allow for confident ranking of the individual impact of trust, privacy or purchase influence(Wedel and Kannan, 2016). 
[bookmark: _Toc241179748]5.9 Chapter Summary
In this chapter, the results of these research questions and the theoretical framework have been discussed. There were generally no strong opinions or descriptions of the difference between national mean scores in terms of customers' views of Amazon's AI marketing. Under this similarity, there was a definite difference in the inferences drawn. In the UK, purchase influence was only weakly associated with AI personalisation, trust, and privacy concerns and purchasing behaviour, whereas in India it was consistently and moderately associated with all these four.
[bookmark: _Toc241179749]Table 5.1: Synthesis of Findings by Research Question
	Research question
	Key evidence
	Interpretation
	Strength of conclusion

	RQ1: Perceptions
	Means close to 3.00 in both countries; trust/transparency highest.
	Attitudes are mixed and cautious, not strongly positive.
	Descriptive; no valid between-country mean test reported.

	RQ2: Buying behaviour
	UK relationships weak/non-significant; India r = .515 and .588 with purchasing behaviour.
	AI-related perceptions have greater behavioural relevance in India.
	Moderate evidence of association; no causal conclusion.

	RQ3: Trust
	UK trust-purchase relationship non-significant; trust integrated with other constructs in India.
	Trust is conditional on relevance, reliability and transparency.
	Mediation is theoretically plausible but not formally tested.

	RQ4: Privacy
	Privacy linked to other constructs, especially in India; data-security concern reached 46%.
	Consumers balance personalisation benefits against data risks.
	Privacy is salient; moderation is not confirmed.

	RQ5: Country comparison
	Similar means but sharply different correlation, model-fit and ANOVA patterns.
	The main difference is relational structure, not average attitude.
	Consistent comparative signal, with limited generalisability.












[bookmark: _Toc241179750]Chapter 6: Conclusions and Recommendations
[bookmark: _Toc241179751]6.1 Introduction
With this final chapter, the study on how AI-driven digital marketing affects the buying behaviour of Amazon shoppers in the United Kingdom and India draws to a close(Grewal, Roggeveen and Nordfält, 2017). Specific attention was given to AI personalisation, purchase influence, consumer trust, transparency, privacy concerns, and purchasing behaviour(Acquisti, Brandimarte and Loewenstein, 2015). 
[bookmark: _Toc241179752]6.2 Overview of the Study
The project grew out of the rapid adoption of AI across digital marketing channels. On its platform, Amazon applies AI to tailor product recommendations, focus advertising, order search listings, and manage customer service interactions. Such systems can make shopping faster and unearth relevant products, yet they prompt real questions about how accurate the suggestions are, how transparent the platform is, whether users can trust it, and how their data gets handled(Pavlou, 2003).
[bookmark: _Toc241179753]6.3 Conclusions Addressing the Research Questions
[bookmark: _Toc241179754]6.3.1 How Customers Perceive AI-Powered Marketing
The first research question asked how Amazon shoppers in the UK and India viewed AI-driven digital marketing. Neither cohort leaned heavily positive or heavily negative in their answers. For most constructs, the means settled very close to the neutral benchmark of 3.00.
 UK scores averaged between 3.012 for purchasing behaviour and 3.152 for trust and transparency. Indian participants produced mean values between 2.880 for AI personalisation and 3.168 for trust and transparency. In both countries, trust and transparency earned the highest mean rating. 
[bookmark: _Toc241179755]6.3.2 Purchasing Behaviour and AI-Powered Marketing
The second research question addressed how AI-powered digital marketing relates to consumer purchasing behaviour. The two samples produced contrasting results. In the UK sample, the link between AI personalisation and purchasing behaviour was weak and lacked statistical significance (r = .131, p = .364). A weak positive association also appeared between purchase influence and purchasing behaviour (r = .266, p = .062), but it did not meet the standard threshold for statistical significance. Nothing in these results points strongly to a link between perceived AI personalisation and what the surveyed UK consumers reported buying. Stronger associations came out of the Indian data. A moderate positive correlation emerged between AI personalisation and purchasing behaviour (r = .515, p < .001). Of all the measures, purchase influence correlated most strongly with purchasing behaviour (r = .588, p < .001). Indian participants who took a more positive view of Amazon’s AI suggestions were accordingly more likely to say those recommendations had shaped their purchases(Venkatesh et al., 2003).
[bookmark: _Toc241179756]6.3.3 Transparency and Consumer Trust
The focus of the third research question was what consumer trust and transparency contribute. While trust mattered in both countries, it failed to serve as an automatic or straightforward conduit between personalisation and buying decisions. When shoppers saw recommendations as dependable and could tell why specific items were being suggested, their reactions tended to be far more positive(Spector, 2019). 
[bookmark: _Toc241179757]6.3.4 Concerns Regarding Privacy
The fourth research question looked into the ways privacy worries related to consumers' trust and their buying habits. Across both participant cohorts, privacy emerged from the data as an active and meaningful concern. Participants voiced particular unease regarding the volume of personal data pulled into marketing campaigns, how browsing and transaction logs were deployed, and whether their records remained securely stored. Concern over privacy tracked positively alongside several AI-centric measures, an effect especially visible among the Indian participants(Hayes, 2022). 
[bookmark: _Toc241179758]6.3.5 Comparing the UK and India
In the fifth research question, responses from Amazon shoppers in the UK were set against those in India. Mean construct scores stayed fairly consistent across the board, hovering near the neutral midpoint. Where the two groups truly diverged was not overall attitude, but how strongly the variables tied to one another. Among UK respondents, associations linking AI personalisation, purchase influence, trust, and buying behaviour were weak and largely fell short of significance. India's data, on the other hand, showed ties between those same measures that were both stronger and far more dependable. One explanation may be that in a market where digital commerce is expanding quickly, shoppers place a higher value on tailored suggestions. Shoppers in the UK might already take recommendation engines for granted as an ordinary feature of buying online(Hayes, 2022). 
[bookmark: _Toc241179759]6.4 Concluding Summary
As this study shows, marketing driven by AI will not inevitably generate higher sales or warmer customer attitudes. Whether it works hinges on people finding the recommendations helpful, accurate, and dependable, while also feeling comfortable with how their data gets handled. Across both the UK and Indian samples, respondents mostly reported neutral or mixed views. Even so, the closer associations found among Indian respondents suggest that AI-led personalisation and buying influence matter more directly to how they actually act. For the UK, the findings suggest shoppers might well notice AI marketing, yet keep it from swaying their stated buying choices in any serious way. Privacy, transparency, and trust do not sit apart from the wider customer experience. Instead, they help set the terms for whether shoppers will tolerate personalisation at all. When customers suspect their information is handled unfairly, even spot-on product suggestions can lose their appeal. Likewise, reassuring privacy policies will rarely drive purchases if what gets recommended misses the mark. The broad takeaway is therefore qualified: AI marketing has the potential to aid consumer choices, but keeping it effective over time demands genuinely helpful recommendations, clear explanations, user control, and ethical data practices.
[bookmark: _Toc241179760]6.5 Practical Recommendations
[bookmark: _Toc241179761] 6.6.1 Make Recommendations More Relevant
Amazon needs a routine mechanism for checking whether suggested products still match what buyers currently want. Users need ways to strip out topics they no longer care about, fix mistaken assumptions about their tastes, and flag suggestions that miss the mark. Success needs to be tracked through relevance, customer satisfaction, and whether people keep coming back, instead of relying purely on click counts.
[bookmark: _Toc241179762]6.6.2 Offer Clear Explanations
Shoppers need brief, plain-English reasons explaining why a given item appeared in their feed. A note might clarify, for instance, that an item surfaced because of an earlier search or an explicit preference the buyer set. These notes need to stay away from technical terms and give shoppers a direct way to alter the underlying data.
[bookmark: _Toc241179763]6.6.3 Give Customers More Direct Control
Amazon needs an easy-to-reach dashboard where people can check, tweak, pause, or wipe their suggestion settings. Giving users this level of oversight makes the platform feel less invasive and helps build trust in how it picks items.
[bookmark: _Toc241179764]6.6.4 Build In Privacy from the Start
Data collection must stay strictly limited to what is required for an explicit, stated goal. Amazon needs to be upfront about the data it gathers, why that data matters, how many months or years it stays stored, and whether third parties ever see it. Safeguards should be baked directly into the system's architecture rather than patched in after users start complaining.
[bookmark: _Toc241179765]6.6.5 Base Strategy Changes on Direct Evidence
Teams should appraise marketing approaches market by market, leaning on dedicated customer feedback and controlled experiments. The stronger ties seen in India warrant deeper research, but that finding is not a license to push heavier targeting without solid privacy rules.
[bookmark: _Toc241179766]6.6.6 Balance Performance Metrics
Commercial metrics like conversion rates need to be weighed alongside customer-focused measures, such as complaints, corrections to recommendations, opt-outs, trust, and satisfaction. Taking that approach would let Amazon spot tactics that generate immediate sales at the expense of the long-term relationship with the customer.
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Questionnaire
Q1. Amazon's personalised product recommendations are relevant to my shopping interests.
Q2. Amazon's recommended products help me discover products that I might not have considered previously.
Q3. Amazon's targeted advertisements are generally relevant to my needs and interests.
Q4. Amazon's AI-powered features make my online shopping experience more convenient.
Q5. Amazon's AI-based marketing makes it easier for me to find products that match my preferences.
Q6. Amazon's personalised recommendations influence the products I consider purchasing.
Q7. I am more likely to purchase a product when Amazon recommends it based on my interests.
Q8. AI-generated advertisements on Amazon can encourage me to make a purchase.
Q9. Amazon's personalised marketing sometimes encourages me to purchase additional products.
Q10. AI-powered marketing on Amazon has increased my likelihood of making purchases.
Q11. I trust Amazon's AI-powered recommendations when deciding which products to consider.
Q12. I believe Amazon's AI-powered marketing provides recommendations that are generally reliable.
Q13. I feel more confident purchasing a product when I understand why Amazon has recommended it to me.
Q14. Amazon provides sufficient information about how personalised recommendations are generated.
Q15. Transparency about Amazon's use of AI would increase my trust in its marketing practices.
Q16. I am concerned about the amount of personal data Amazon may use for personalised marketing.
Q17. I am concerned that my browsing and purchasing history may be used to target advertisements.
Q18. I worry about how Amazon stores and protects the personal information used by its AI systems.
Q19. Privacy concerns make me less comfortable with highly personalised marketing on Amazon.
Q20. I would be less likely to purchase from Amazon if I believed my personal data was being used without sufficient transparency.
Q21. I am more likely to purchase from Amazon when its AI-powered marketing is personalised to my needs.
Q22. I would continue using Amazon if its AI-powered recommendations remain useful and reliable.
Q23. I am more likely to trust Amazon when its AI marketing practices are transparent.
Q24. Strong privacy protection would increase my willingness to purchase from Amazon.
Q25. Overall, I believe Amazon's AI-powered digital marketing positively influences my purchasing behaviour.
Responses: India
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Responses: UK
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	Term
	Definition

	Algorithm
	A set of computer-based instructions used to analyse information, identify patterns and produce decisions or recommendations.

	Artificial Intelligence (AI)
	Technology that enables computer systems to perform tasks normally requiring human intelligence, such as learning, prediction and decision-making.

	AI Personalisation
	The use of AI to adjust advertisements, offers and product recommendations according to an individual customer’s interests and previous behaviour.

	AI-Powered Digital Marketing
	The application of AI technologies to analyse customer information, personalise marketing content, automate communication and predict consumer responses.

	Analysis of Variance (ANOVA)
	A statistical test used to examine whether average scores differ significantly across two or more groups or categories.

	Chatbot
	An automated digital system that communicates with customers through written or spoken messages and provides information or assistance.

	Composite Mean
	An average score calculated by combining responses from several questionnaire items that measure the same concept.

	Consumer Buying Behaviour
	The actions and decisions customers make when identifying, evaluating, purchasing and using products or services.

	Consumer Trust
	A customer’s willingness to rely on a business or technological system because it is considered reliable, honest and secure.

	Convenience Sampling
	A non-probability sampling method in which participants are recruited because they are available and willing to participate.

	Correlation Analysis
	A statistical method used to measure the direction and strength of a relationship between two variables.

	Cross-Sectional Research
	A research design that collects information from participants at one particular point in time.

	Data Privacy
	The protection and responsible management of personal information collected, stored and used by an organisation.

	Digital Marketing
	The promotion of products or services through digital channels, including websites, search engines, email, mobile applications and social media.

	E-Commerce
	The buying and selling of products or services through websites, mobile applications and other online platforms.

	Likert Scale
	A survey measurement scale that asks respondents to indicate their level of agreement or disagreement with a statement.

	Machine Learning
	A form of AI that enables a computer system to learn from data and improve its predictions without being directly programmed for every decision.

	Mediation
	A statistical relationship in which one variable explains how or why another variable influences an outcome. In this study, consumer trust was theoretically proposed as a mediator.

	Moderation
	A statistical relationship in which the strength or direction of an association changes according to the level of another variable. Privacy concern was theoretically proposed as a moderator.

	Natural Language Processing (NLP)
	AI technology that allows computer systems to understand, analyse and produce human language.

	Personalisation–Privacy Paradox
	The situation in which consumers value personalised services but are simultaneously concerned about the personal information required to provide them.

	Predictive Analytics
	The use of historical and current data to estimate future customer needs, preferences or behaviour.

	Privacy Calculus Theory
	A theory proposing that consumers compare the expected benefits of a digital service with its possible privacy risks before deciding whether to use it.

	Purchase Influence
	The extent to which marketing activities, recommendations or promotions affect a customer’s consideration and purchasing decisions.

	Recommendation System
	An AI-based system that analyses customer information and suggests products or services that may be relevant to the user.

	Regression Analysis
	A statistical method used to examine how one or more independent variables are associated with or predict a dependent variable.

	Reliability
	The extent to which a research instrument produces consistent and stable measurements.

	Stimulus–Organism–Response Framework
	A theory explaining how an external stimulus influences an individual’s internal evaluation, which may then produce a behavioural response.

	Statistical Significance
	An indication that an observed statistical result is unlikely to have occurred by chance under a stated null hypothesis.

	Technology Acceptance Model (TAM)
	A theory proposing that perceived usefulness and ease of use influence a person’s acceptance of technology.

	Transparency
	The extent to which an organisation clearly explains how its AI systems operate and how customer information is collected and used.

	Validity
	The extent to which a research instrument accurately measures the concept it was designed to measure.
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