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[bookmark: _Toc228533658]Abstract
With Amazon UK as a case study, this dissertation investigates and answers whether data-driven digital marketing (DDDM) has an impact on customer engagement and purchase behaviour in regard to the mediational role of customer experience (CX). With their focus on consumer data, analytics and algorithmic systems to personalise marketing strategies and optimise decision-making processes, if organisations ever needed a regulatory push in the context of rapid digital transformation, they have it now. Nevertheless, research that investigates these practices from the lens of the consumer behaviour is rather scant.
This qualitative research design based on secondary data analyses draws on the insights from academic and industry reports, and user-generated content and synthesises the findings through a thematic analysis. Our findings suggest DDDM is a system of behavioural influence, where personalisation through algorithms creates convenience for customers and greater reliance on platform recommendations, by reducing effort. Consumers' engagement is agile, cross-platform and inter-platform taking place amongst digital ecosystems.
It also provides evidence of a privacy−trust paradox: consumers prefer personalisation but they do not want their data misused or their privacy compromised. Importantly, customer experience plays a key role as a mediation variable between DDDM practice and purchase behaviours. Positive experience fosters trust and conversion whereas negative experience is a strong deterrent of consumer behaviour.
This study adds to our understanding of DDDM by re-framing it as a socio-technical system and its mediation by CX strategies. As such, it also suggests implications for formulating context-specific and demand-centric balanced digital marketing campaigns.
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[bookmark: _Toc228533660]1.1 Background of the Study
The rapid digitisation of information today has transformed marketing practice. More and more companies use data analytics for decision making, artificial intelligence to develop marketing strategies and algorithms to provide highly relevant and responsive marketing communications. In this new environment data-driven digital marketing (DDDM) is one of the most exciting buzz words in marketing practice. Data-driven digital marketing refers to the use of consumer data, analytics and digital technologies to support decision-making in marketing, to increase effectiveness of marketing campaigns and to enhance customer engagement (Wedel and Kannan, 2016). Rather than focusing, mainly on old-fashioned demographic segmentation or "creativity by instinct", companies take advantage of big data sets to learn consumers' preferences, forecast their behaviour and to offer more relevant content.
With the rise of online shopping, the adoption of data-driven marketing has accelerated. The data collected by e-commerce websites have unimaginable potential in understanding, thanks to the information available from consumers' surfing patterns, purchase history, search requests and even their media interactions. This data allows marketers to construct sophisticated predictive and recommendation models that can be shaped in and real-time to influence the consumer journey. The studies on marketing analytics show that digital data allows companies to personalise promotions, product recommendations, pricing and marketing strategies to further boost their performance (Davenport, Guha and Grewal, 2020). As a consequence, marketing strategies are largely driven by advanced analytics instead of conventional advertising.
Within the context of the digital economy, customer engagement and customer experience have become key yardsticks of organisational success. Customer's engagement is the psychological and behavioural loyalty that consumers form with the brand based on interactions and participation in brand-related activities (Brodie et al., 2011). Engaged customers are more likely to show loyalty, spread positive word about them, and have long-term relationships with organisations. Digital technologies give us many channels in the form of personalised recommendations, targeted advertisements, and interactive platforms to engage companies with consumers.
Similarly, customer experience (CX) has attracted a lot of attention in marketing research and practice. Customer experience is the sum total of the interactions through different stages of the customer journey of pre-purchase, purchase, and post-purchase experiences within an organisation (Lemon and Verhoef, 2016). In digital retail environments, customer experience is determined by website usability, personalisation, convenience, and perceived relevance of marketing communications. Effective data-driven marketing can improve the customer experience to offer relevant recommendations and ease the search effort to improve the overall efficiency of the purchasing process.
Another significant dimension of digital marketing is its impact on the purchase behaviour of consumers. Purchase behaviour, the decision-making process and behaviour of consumers in the selection and purchase of products or services. In online retail environment, purchase decisions are made by different factors such as perceived usefulnessness, trust, perceived risk, and convenience (Pavlou, 2003). Data-driven marketing techniques - including personalised recommendations, predictive analytics and targeted advertising - can have a major impact on consumer purchasing behaviour by showing them relevant options at the right time in the customer journey.
When it comes to data-driven marketing strategies, Amazon has emerged as a leader among the global e-commerce players. It operates sophisticated algorithms, machine learning and predictive analytics software to track customer behaviour and its personalisation. Its product recommendation engine informs the users about the items they might be interested in based on their past online behaviour, past purchases and the behaviour of others with similar interests. According to several studies, recommendation algorithms are significantly contributing to the company's revenue by increasing the rate of product discovery and stimulating the purchase impulse (Gomez-Uribe and Hunt, 2016). In addition, the firm employs data-driven marketing strategies such as dynamic pricing, targeted email and advertising strategies and real-time analytics to streamline the customer experience.
The United Kingdom is one of the largest and most developed e-commerce markets in Europe, and millions of consumers use the Internet to shop regularly. Within this market, Amazon has carved a place for itself as a leading digital retailer and a massive selection of products and services are available through Amazon. The scale and technological sophistication of its operations in Amazon make it an ideal context for examining the implications of the use of data-driven marketing on customer engagement and purchasing behaviour.
Despite the general acceptance of data-based marketing, academic learning on its wider implications is incomplete. While the existing research often focuses on the economic gains of data-driven marketing - such as better conversion rates and revenue - there is relatively less focus on the perspective of the consumer. In particular, little research has been done on the effect of data-driven marketing practices on customer engagement and purchase behaviour via the mediating effect of customer experience. Understanding these dynamics is becoming of increasing importance as organisations try and bring a balance between personalisation, privacy and customer trust in our digital environment.
[bookmark: _Toc228533661]1.2 Research Problem
Although the adoption of data-driven digital marketing has been central to modern e-commerce marketing strategies, the academic literature is still very much skewed towards the effects on organisational performance so far as consumer experiences are concerned. Many research efforts focus on measuring the effectiveness of advertising in terms of click-through rates, effectiveness of advertising, and increases in revenue, while, doing relatively few studies about how consumers think about and react to data-driven marketing practices.
This literature review points out the lack of information on the behavioural and experiential outcomes that result from data-driven marketing. Personalised and targeted marketing can result in efficiency and convenience, but pose challenges around privacy, surveillance and excessive data collecting. For some consumers personalised recommendations make the products easier to find, while others may react to it as manipulated or spyware (Bleier and Eisenbeiss, 2015). Such contradictory attitudes suggest that the relationship between data-driven marketing and consumer reactions is not so straightforward.
Furthermore, literature commonly defines customer experience as a direct result of marketing practices instead of an intermediary mechanism that plays a role in customer engagement and buying decisions. However, marketing theory would suggest that customer experience plays a critical role in the development of behavioural responses. Positive experiences can boost engagement and trust while negative experiences can cause disengagement and low purchase intention.
In the context of the digital retail sector in the United Kingdom there is still limited empirical and conceptual research examining the impact of data-driven marketing practices on customer engagement and purchasing behaviour in the context of large-scale e-commerce platforms. Given the technological sophistication and the influence on the market made by Amazon, studying this organisation will allow an opportunity to further understand the mechanisms of how data-driven marketing affects the way we purchase.
Therefore, the central research problem addressed in this dissertation is the poor understanding of the influence of data-driven digital marketing practices and customer engagement and purchase behaviour through customer experience in the context of large-scale e-commerce platforms.
[bookmark: _Toc228533662]1.3 Research Aim
The aim of this research is to assess the effect of data-driven digital marketing practises on customer engagement and purchase behaviour with a case study of Amazon UK, with a specific focus on the mediating role of customer experience.


[bookmark: _Toc228533663]1.4 Research Objectives
The objectives of the study are:
1. To critically analyse how concepts and dimensions of data-driven digital marketing are devised in contemporary e-commerce.
2. To analyse the relationship between the data-driven digital marketing practises and customer engagement within the Amazon UK.
3. To investigate the role in data-driven digital marketing has on the purchase behaviour and conversion decisions of customers.
[bookmark: _Toc228533664]1.5 Research Questions
1. What are the data-driven digital marketing practices of Amazon UK?
2. How does data-driven digital marketing impact customer engagement among Amazon UK customers?
3. What is the data-driven digital marketing impact on customer purchase behaviour and conversion intentions?
[bookmark: _Toc228533665]1.6 Significance and Relevance of the study
This research is significant on a number of fronts. Academically, it is a contribution of the theory of online marketing and consumer behaviour in empirically investigating the analytics of data-driven digital marketing, engagement, purchase behaviour and customer experience in organisational practice. The geographical focus on Amazon UK provides geographical detail to what is typically a global or US-focused discipline.
In terms of managerial implications, the paper provides evidence for managers who want to strike the balance between personalisation, customer engagement and customer trust. With increasing regulatory and customer concern over the use of data, knowledge of how customers' responses to data-driven marketing strategies becomes essential. Consequently the findings could be applied in the development of customer-focused digital marketing to enhance retailing whilst maintaining good customer experience.
[bookmark: _Toc228533666]1.7 Scope of the Study
This study of the effectiveness of data-driven digital marketing is limited to a major e-commerce organisation with particular reference to Amazon in the United Kingdom (UK). This research explores the main variables such as data-driven digital marketing, customer interaction, customer experience and consumer behaviour.
This study attempts the analysis of secondary data for research using qualitative approaches in the form of academic papers, annual reports, case studies, etc. related to Amazon's digital marketing. This allows a comprehensive scan of existing knowledge and insights that can be preserved to continue with a successful methodological rigour suitable for post-graduate level research.
[bookmark: _Toc228533667]1.8 Structure of the Dissertation
The structure of this dissertation is organised in five chapters.
Chapter One provides the introduction to the research topic with the background of the study, the research problem, research aim, research objectives, and research questions. It also describes the significance and scope of the research.
Chapter Two gives an extensive review of the relevant academic literature in relation to data driven digital marketing & customer engagement, customer experience, and purchase behaviour. The chapter also builds the conceptual framework that is used to conduct the study.
In Chapter Three the research methodology adopted in the research is described. It tells about the research philosophy, research design, method of data collection, analytical approach and ethical considerations.
Chapter Four is the result of the research findings and explains in connection with existing literature. The analysis reveals some key themes which are related to the influence of data driven marketing on customer engagement and purchase behaviour.
Chapter Five concludes the dissertation by summarising the key findings, outlining the implications for both theory and management, discussing the limitations of the study and suggesting directions for future research.
[bookmark: _Toc228533668]1.9 Important Phase
The most important phase of this research is the process of integration of the data collection and the thematic Analysis where the secondary qualitative data is turned into knowledge. This involves the process of identifying relevant data sources, the application of systematic coding and developing a coherent theme that is in relation to the research question. Special care is taken into consideration of the need for analytical rigour and the need for uniformity with the theoretical model of the literature review. Again, the importance of this phase is the relation in the process of combining the knowledge from these cases and the analysis of empirical work to make the research resulted in a valuable product. The controlled process of this phase makes sure that the results are true to the consumer understanding of data driven digital marketing, experience and behaviour outcomes based on the selected scope of research.










[bookmark: _Toc228533669]Chapter 2: Literature Review
[bookmark: _Toc228533670]2.1 Introduction
This chapter presents a critical review and synthesis of the academic literature pertinent to data driven digital marketing (DDDM) and how it affects customer engagement and purchase behaviour, especially by mediating the effect of customer experience (CX). The literature review places the current study within known theoretical arguments, exposes relevant empirical results and any gaps that warrant the research focus.
Over the last decade, marketing scholarship has undergone a transformation (budding transformation) with the development of digital technologies, which have allowed the gathering, storage, and analysis of massive amounts of behavioural data (Wedel and Kannan, 2016). This shift has seen organisational capabilities change, which has allowed organisations to employ personalised, precise and automated marketing strategies, with the aim of manipulating consumer responses on a real-time basis. The integration of data analytics and artificial intelligence (AI) into marketing practices has in turn led to the emergence of DDDM as a major strategic approach in contemporary marketing (Davenport, Guha and Grewal, 2020).
Although there is ample research on technical and economic benefits of DDDM (e.g., increase in conversion-rates, revenue growth etc.), the literature shows that there is a relative lack of consumer centric research that explore how these practices focus on subjective experiences, emotional responses and decision processes (Bleier and Eisenbeiss, 2015). In particular, CX as a mechanism to link marketing stimuli to engagement and purchasing behaviour has still not been explored sufficiently.
This literature review commences with the discussion of digital transformation in marketing followed by a detailed discussion on data driven digital marketing. It then reviews customer engagement, online purchase behaviour and customer experience as separate but related. Relevant theories such as Technology Acceptance Model (TAM), Stimulus - Organism - Response (S O R) framework and Relationship Marketing Theory are integrated to provide the theoretical basis. The chapter also takes into consideration ethical issues surrounding privacy and trust in data intensive marketing environments. Finally, a conceptual framework is proposed and important gaps in the literature are mentioned for justifying undertaking the present study.
[bookmark: _Toc228533671]2.2 Digital Transformation in Marketing 
Digital transformation is how digital technologies are integrated into every aspect of the business, changing the way organisations interact with their customers and operate internally fundamentally (Verhoef et al., 2021). In the marketing world, digital transformation refers to the adoption of digital platforms, data analytics, AI, and mobile technologies towards upgrading marketing capabilities. This shift has resulted in a change of the traditional marketing paradigms, with an emphasis on customisation, immediacy and interactivity (Chaffey and Ellis Chadwick, 2019).
The evolution of marketing exhibits a transformation from mass marketing (including homogenous segmentation and mass communication) towards personalised marketing enabled by digital technologies. Initial approaches to digital marketing, including e-mail marketing and basic website analytics, relied upon simple data and tracking tools. But the growth of digital channels - such as web, mobile apps, social media and IoT devices - means a dramatic growth in the variety and volume of data available to marketers (Kannan and Li, 2017).
This, combined with recent advancements in data processing, storage and analytics, has allowed companies to leverage big data for decision making (McAfee et al., 2012). The use of digital information systems allows firms to capture online activity of their customers, analyse and respond to those behaviours with relevant information and promotions. This is in harmony with the bigger idea of real time marketing where the data driven learning process is used as input to optimise campaigns (Lamberton and Stephen, 2016).
Online businesses are the prime examples of the digital revolution and its impacts on marketing. These platforms are in a highly competitive environment where convenience, relevance and speed is what consumers are looking for. This means a lot of investment in technology to support individualised suggestions, variable pricing and automated interactions between the consumer and the organisation (Grewal, Roggeveen and Nordfelt, 2017).
For all the benefits it brings, there are challenges to digital transformation. They are faced with increased complexity managing large and varied data sets and require investments in analytics skills and teams to manage these data sets. More importantly, digital transformation presents concerns related to privacy, data security and ethical considerations of customers' data. As consumer concerns on how their data collected and used is growing, consumers are becoming more sensitive and demanding of transparency and control of their data (Martin and Murphy, 2017).
Studies of digital transformation raises the need for corporations to pursue innovation with engagement in ethics in digital transformation. Data analytics will improve the accuracy and efficiency of a firm but this will also require a firm to consider the regulatory and consumer sensitivities around data privacy. This challenge of using technology and doing the right thing in marketing is an important contextual backdrop from which to consider DDDM.
[bookmark: _Toc228533672]2.3 Data Driven Digital Marketing DDDM 
[bookmark: _Toc228533673]2.3.1 Conceptualisation and Definition
Data driven digital marketing (DDDM) is a phrase to describe marketing strategies and techniques that draw on data regarding consumers, as well as analytics, to inform strategies and personalise and optimise communication and engagement outcomes (Wedel and Kannan, 2016). Rather than relying on retrospective and aggregate metrics, as conventional marketing, DDDM emphasises predictive and real time approaches.
The growth in DDDM is matched by growth in digital data and analytics tools. Data from online activities - including browsing behaviour, click stream, search and transactional data - provide marketers with information at a micro level of who, what and when consumers preference to purchase (contextual factors). This allows companies to deliver tailored content, promotions and messages at scale to better align with the consumer, avoiding sensory fatigue.
[bookmark: _Toc228533674]2.3.2 Theoretical Foundations

1. Technology Acceptance Model (TAM): TAM assumes that user's adoption of the technology is determined by perceived usefulness and ease of use (Davis, 1989). In the context of DDDM, personalised interfaces and easy and intuitive digital interactions can make consumers feel more useful thereby increasing engagement and purchase likely.
2. Stimulus-Organism-Response (S O R) Framework: Suggested by the S O R framework is the idea that external stimuli (i.e., targeted ads, personalised messages) cause internal processes (i.e., perceptions, emotions) and, in turn, result in behavioural responses (Mehrabian and Russell, 1974). Within DDDM, marketing stimuli may influence cognitive and affective states that form a part of customer experience and subsequent engagement.
3. Relationship Marketing Theory: This theory highlights the importance of long-term customer relationship as opposed to the one-time transactions. Relational bonds can be improved with DDDM by generating such personalised experiences that trust and loyalty are raised (Morgan and Hunt, 1994).
[bookmark: _Toc228533675]2.3.3 Key Practices in DDDM
DDM covers a set of different practices that use data analytics:
· Personalisation: Providing individual-level personalised content that protects people's personal preferences.
· Recommendation Systems: Use of predictive analysis in recommending products and services that people are likely to be interested in.
· Behaviourial Targeting: Serving Advertisements based on Observed user Behaviour
· Dynamic Pricing: Growing prices based upon supply, demand & user profile dynamically in real time.
· Programmatic Advertising: Automated purchase of display advertising via availability of data insights.
· Predicive Analytics:Predictive analytics Forecast future behaviour. based on historical data.
Recommendation systems have interested substantial research. For example, research show that algorithmic recommendations increase product discovery and impulse estimates (Gomez Uribe and Hunt, 2016.) These systems can analyse huge data sets using machine learning systems to spot patterns which can be used to make personalised suggestions.
[bookmark: _Toc228533676]2.3.4 Benefits and Limitations
Benefits: DDDM has a number of strategic benefits, some of them are:
· Improved precision targeting / segmentation.
· Increased rates of conversion through personalised experiences.
· Improved customer loyalty with relevant communication.
· Real time marketing optimisation of campaigns and offers.
Yet, despite the benefits, DDDM does have some issues and obstacles. One key concern is that of over personalisation, where highly personalised messages could be perceived as being creepy or controlling. Research has shown that excessive personalisation can result in privacy concerns and distrust (Bleier and Eisenbeiss, 2015).
Further, the use of algorithms can lead to concerns over issues of fairness and bias. Unless the data for analysis is representative or has any biases in the past (relating to the predictive models), there is a strong chance of unfairness. This has implications for ethical and regulatory considerations of marketing.
[bookmark: _Toc228533677]2.4 Customer Engagement 
[bookmark: _Toc228533678]2.4.1 Defining Customer Engagement
Customer engagement is conceptualised as a multi dimension construct which includes the cognitive, emotional and behavioural dimensions (Brodie et al., 2011). It represents the depth of the psychological investment and interaction of customers with a brand. Unlike traditional concepts assigned to elements such as satisfaction, engagement stresses on participation and connection.
[bookmark: _Toc228533679]2.4.2 Dimensions and Measurement
Customer engagement may be interpreted in terms of three main dimensions:
· Cognitive Engagement: The level of mental attention and focus that a customer gives to a brand.
· Emotional Engagement: The feeling or affective responses related associated with brand interaction.
· Behavioural Engagement: Observable actions such as repeat visits, sharing content, and word of mouth advocacy.
Researchers argue that engagement is not limited to transactional behaviour, such as co-creative activities, including user generated content and community participation (van Doorn et al., 2010).
[bookmark: _Toc228533680]2.4.3 Engagement in Digital Contexts
In today's digital contexts, customer engagement is a dynamic combination of technology affordances, platform features and personalisation via data analytics. Websites and digital platforms (e.g., e-commerce, search engines, social media) create critical spaces for customers to engage in value co-creation through activities like browsing, reviewing, sharing and purchasing. This is further enhanced by data-driven digital marketing (DDDM), which sellers can use to deliver highly relevant content, and thus enhance engagement (Hollebeek et al, 2019).
It's highly immersive features like product recommendations, advertisements and news feeds, and the ability to "like", comment and share, that drive user engagement on digital channels such as Amazon, Google, Instagram, TikTok and Facebook. Such channels leverage data-driven insights to present consumers with relevant and customised content to increase user dwell times on channels and to encourage user engagement. For instance, tailored recommendations on online shopping platforms or algorithmically curated streams of video in social media can increase immersion and intensity of immersion.
Yet, engaging online is more than just personalisation by the technology. It can be also influenced by psychological and socio-relational factors such as trust and transparency. The changing attitudes of consumers around their data affects their engagement. Personalisation can be valued by some for its benefits of convenience and relevance, but can also be viewed as intrusive due to privacy concerns and may reject personalisation practices (Bleier and Eisenbeiss, 2015).
Further, the omnichannel nature of digital ecosystems implies engagement is not unidimensional but can involve different digital channels. Potential customers may discover a product using Google, interact with the product using Instagram, read reviews about the product using TikTok and buy a product using Amazon. Such varied channels stress the importance of integration, transparency and trust in the digital environment.
[bookmark: _Toc228533681]2.4.4 Engagement Outcomes
Engagement is linked to a range of positive outcomes including increased loyalty, positive word of mouth and high lifetime customer value. It also effects purchase behaviour through strengthening emotional and cognitive connections to brands. However, scholars mention that too heavy or intrusive segmentation or targeting can be detrimental to engagement if consumers perceive their privacy is being violated.
[bookmark: _Toc228533682]2.5 Online Purchase Behaviour 
[bookmark: _Toc228533683]2.5.1 Conceptualising Purchase Behaviour
Purchase behaviour is the psychological, emotional and behavioural assessments consumers make when recognising a need, seeking alternatives, and deciding to purchase. For online purchase behaviour, trust, risk, convenience, user-friendliness and information quality are important factors (Pavlou, 2003).
In an online environment, consumers do not have direct contact with actual products, and it is dominated with online cues and design. The ease of use, design, recommendations, and reviews are critical in consumer decision-making. In this digital purchase environment, data-driven digital marketing strategies are fundamental to minimising search costs and enhancing relevance and the purchase decision-making process.
Importantly, online purchase behaviour is connected with consumer platform engagement. They engage with multiple platforms such as Google, Instagram and TikTok. For example, consumers may begin the journey to purchase by doing a Google search, where the search engine results page (SERP), advertisements and reviews all help to supply some of the initial purchase considerations. Social media platforms (e.g. Instagram and TikTok) are also used, which also play a part in driving purchase intentions through content from influencers, reviews and recommendations.
This tight link with purchase behaviour represents a shift from a linear "decision" to interactive "engagement". Users search among platforms, are engaged with media, search for information and form purchase intentions. So, prior to purchase, engagement is undertaken.
As such, to understand purchase behaviour in the digital environment, a multi-dimensional approach to both functional (e.g., convenience, ease of use) and experiential (e.g., engagement, trust and emotion) factors should be considered. Digital marketing practices, such as data mining, are vital to enhance these factors which in turn drive short- and long-term purchase behaviours.
[bookmark: _Toc228533684]2.5.2 Digital Influences on Purchase Behaviour
Consumer purchase behaviour in digital environments is greatly influenced by information availability as well as interactive features. Personalised recommendations lower search costs and help to point to relevant options to make decision processes more efficient (Grewal, Roggeveen and Nordfelt, 2017).
Trust is critical when it comes to online purchase behaviour, and especially in the context of payment security and data privacy. If the consumers trust a platform, then they are going to complete bankruptcy transactions. On the other hand, perceived risk, such as fear of financial and privacy risk, can discourage purchases.
[bookmark: _Toc228533685]2.5.3 Online Customer Journey
Online customer journey is the pathway of interactions and decision-making processes that customers take in their interaction with digital platforms, from discovering the product or service to post-purchase feedback. In today's DDDM world, this journey is no longer sequential but rather an iterative and highly data-driven process. Customers progress through several phases: search, consideration, purchase and after-purchase assessment, interacting with various digital touchpoints along the way.
In DDDM environments, the online consumer journey is considerably affected by algorithmic tailoring and predictions. Algorithms monitor consumer activity, including search terms used, past purchases, and web pages visited, to provide relevant information at each touchpoint. This allows companies to impact both the information consumers access and their decision-making journey. For example, such recommendations can expedite product discovery and targeted offers can influence purchase decisions.
And this journey is not confined to one platform, but spans across search, social, and e-commerce platforms. Users may start with a discovery search, consume and interact with content through social networks and make a purchase in an e-commerce platform. The interdependencies of the journey underline the need for integration across channels.
[bookmark: _Toc228533686]2.5.4 The Role of DDDM
DDM impacts the purchase behaviour by influencing the perception of relevance and convenience to the consumers. Recommendation systems, for example, inform consumers about the products within their choices to get these to match their taste and this are more likely to convert into a sale. However, research also shows that too much personalisation or the perception of being "tracked" can decrease purchase intentions as a result of privacy concerns (Aguirre et al., 2015).
[bookmark: _Toc228533687]2.5.5 Interconnection with Theories
The SOR model is useful to understand the influence of the stimuli of data (for example, personalised messages) on internal states (for example, trust, perception), which lead to behavioural responses (purchase decisions). Similarly, TAM indicates that if the digital interfaces are considered useful and easy to use, then consumers are more likely to engage and complete purchases (Davis, 1989).
[bookmark: _Toc228533688]2.5.6 AIDA Act in the Context of Data-Driven Digital Marketing
Attention, Interest, Desire, and Action (AIDA) is foundational in understanding the impact of marketing messages on consumer decision-making throughout a series of steps. This model is still highly applicable in data-driven digital marketing (DDDM), although it is substantially improved by the incorporation of real-time data monitoring and personalisation algorithms.
In the attention phase, digital media platforms use targeted ads, search engine optimisation and personalised content streams to grab a consumer's attention in a crowded information space. At the interest stage, DDDM leverages targeted and personalised content delivered based on user preferences and past behaviour, ensuring higher chances of continuing engagement. At the desire stage, algorithms provide tailored product recommendations, customer ratings and reviews, and dynamic pricing models to enhance the customers' emotional and cognitive desire for a particular good or service. Lastly, the action stage is supported by user-friendly interfaces, one-click purchasing options and personalised rewards, making the conversion process as smooth as possible.
[bookmark: _Toc228533689]2.6 Customer Experience (CX) 
[bookmark: _Toc228533690]2.6.1 Understanding Customer Experience
Customer experience is a term used to describe the experience of the brand as a whole generated by all the interactions with a brand throughout the customer journey. It includes functional, emotional and social dimensions (Lemon and Verhoef, 2016). Unlike satisfaction, which is an outcome measure, CX is a capture of the cumulative and lasting impression created through in-app bucket-belts before, during and after purchase.
[bookmark: _Toc228533691]2.6.2 Components of CX
· Functional: Usability, easiness of navigation, efficiency of transaction.
· Emotional: Feelings and affective responses triggered from interactions.
· Social: Social Interactions with other customers or communities.
CX is such a strategic construct because it has a direct business impact on engagement, loyalty, and the general experience of the brand.
[bookmark: _Toc228533692]2.6.3 CX in Data Driven Environments
DDDM can improve CX through the means of personalised and seamless experiences. For example, personalised recommendations make decisions less demanding, so they are more perceived as more convenient. Dynamic content is dynamic to individual preferences - allows for improved relevance and satisfaction. (Verhoef et al., 2021)
However, negative experiences can arise where personalisation is seen as intrusive or practices linked to the use of data are not transparent. Trust is a highly important factor when determining CX and violations of trust can have profound consequences on the quality of experience.
[bookmark: _Toc228533693]2.6.4 Mediating Role of CX
Although CX is recognised as an important outcome of marketing activities, less is known about its potential role as a mediator between marketing practices (stimuli) and behavioural outcomes (response). CX can be conceptualised as the internal state in which data driven marketing plays a role in influencing engagement, and this influences purchase behaviour. Positive experiences can create trust and engagement which can lead to higher purchase intentions and loyalty.
[bookmark: _Toc228533694]2.7 Privacy, Trust and Ethics Issues 
[bookmark: _Toc228533695]2.7.1 Privacy Concerns
The gathering and application of personal information is the basis for DDDM. However, consumers have growing concerns about the data collection, storage, and use of their information. The Personalisation Privacy Paradox refers to the tension between consumers who are staying away from their privacy for the sake of personalised services (Aguirre et al., 2015). While consumers are interested in relevance and convenience, they can resist practices that feel intrusive or not transparent.
[bookmark: _Toc228533696]2.7.2 Trust as a Moderator
Trust is very important for moderating response to data driven marketing. If consumers trust a brand, it is more likely for them to be willing to share data and accept personalised marketing. Trust is developed through openness, security promises, and constant and ethical behavior (Martin and Murphy, 2017). Conversely, breaches of trust - such as data leaks, and perceived misuse of information - have long lasting negative effects on engagement and purchase intentions.
[bookmark: _Toc228533697]2.7.3 Ethical Considerations
Ethical issues in DDDM include consent, data security and fairness in algorithmic decision making. Organisations have to act not only to comply with regulation (i.e., GDPR), but also regarding ethical considerations beyond the legal requirements. Ethical data practices can overly affect customer perceptions of authenticity and integrity which can then shape customer overall experience and trust.
[bookmark: _Toc228533698]2.8 Conceptual Framework 
Based on the literature reviewed, the present study proposes a concept of framework whereby data driven digital marketing practices influences customer engagement and purchase behaviour where customer experience act as a mediate mechanism. The framework combines core theoretical insights from TAM, the S O R model and Relationship Marketing Theory to develop the dynamic pathways by which data driven stimuli affect internal states (e.g., perceptions, emotions) and behavioural responses that follow.
· Data Driven Digital Marketing (Stimulus): Personalisation, recommendation systems, behavioural targeting, dynamic pricing
· Customer Experience (Organism): Functional and emotional and social influences of the whole interaction.
· Customer Engagement, Purchase Behaviour (Response): Degree of cognitive, emotional, and behavioural involvement, actual purchase decisions.[image: ]

Figure-01: Conceptual framework, Data-Driven Digital Marketing influences Customer Engagement and Purchase Behaviour, with Customer Experience
Source: Created by author
This framework recognises the complexity of consumer responses in digital environments as well as the fact that CX plays an active role in shaping the way in which marketing stimuli are internalised and transformed into engagement and purchase outcomes.
[bookmark: _Toc228533699]2.9 Literature Gap 
A review of the existing literature shows a number of pertinent gaps:
1. Consumer Centric Focus: Many of the research that has been conducted on DDDM focuses on organisational performance outcomes (e.g., conversion rates, ROI) rather than consumer perceptions, experiences, and subjective responses. A limited number of studies offer in-depth knowledge of consumer perceptions of and responses to data-driven marketing stimuli.
2. Mediating Role of CX: While CX is recognised as a significant outcome of marketing practices, its potential role as a mediator between data driven marketing and behavioural outcomes, hasn't been much explored before. Most empirical work uses CX as an end variable for its drowning and not an intermediary mechanism.
3. Contextual Limitations: Much of existing research is focused in the North American markets with a lack of focus on European contexts like Amazon UK where the regulatory environment (e.g., GDPR) and cultural aspects may influence consumer response differently.
4. Qualitative Understanding: While quantitative studies are a staple of research in this area, there are relatively few qualitative studies that examine the "grunt" work of experiences and meanings associated with personalised marketing from a consumer perspective. Qualitative data could provide a rich case study for trust, privacy concerns and emotions.
Overcoming these challenges is important to enhance, envy the understanding of consumer experience in the data driven marketing landscape.
[bookmark: _Toc228533700]2.10 Conclusion 
This chapter has reviewed the literature related to digital transformation, data driven digital marketing, customer engagement and online purchase behaviour, customer experience, and relevant ethical issues. The review shows that DDDM has strategic benefits for organisations, but to understand what DDDM does to consumers we need a complex and multidisciplinary approach.
The integration of theoretical frameworks such as TAM, the S O R model and the Relationship Marketing Theory provides a solid foundation to conceptualise the data-driven stimuli influence on internal states that is customer experience and in turn engagement and purchase behaviour. The discussion of privacy, trust, and ethical considerations drives the need for responsible data practices that can shape consumer responses.
Despite good progress in the scholarly field, there are still several gaps in the literature especially related to the mediating role of customer experience and the need for consumer centric qualitative insights in contextualised settings such as the UK e commerce market.
Building upon such insights, the following chapter describes the research methodology employed in this study covering such issues as the philosophical stance, research design, methods of data collection and procedures of analysis.




















[bookmark: _Toc228533701]Chapter 3: Research Methodology
[bookmark: _Toc228533702]3.1 Introduction
This chapter offers extensive and proper explanation of research methodology used to conduct the study to achieve the aim and objectives of this research. The research examines the relationship between DDDM, customer experience (CX) and customer engagement and purchase behaviour, specifically the mediating effect of CX in Amazon UK.
The choice of a meaningful methodology is critical for the research to be credible, rigorous and aligned with the research question. The decision to choose a methodology is not random; it is influenced by philosophies, research questions and the nature of knowledge that is sought to be obtained from the research. In this research, the research question is about consumers' perceptions and interpretation of the data driven marketing strategies, and therefore, a methodological approach which can capture the subjective meaning and experiences is needed.
Given the nature of the research problem which is exploratory and interpretative, this research takes the qualitative research strategy, which is complemented by secondary data analysis. This allows the analysis of consumers' perceptions, attitudes and experiences, which are important drivers for customer engagement and buying behaviour online. Unlike quantitative research strategies which are more analytical and measurable, the qualitative research strategies focus more on contextualisation, meanings and complexities, which underpins this research.
Furthermore, the study adopts an interpretivist research philosophy along with an inductive research approach, which are in accordance with the objective of coming up with insights from data as opposed to testing pre-existing hypotheses. This methodological configuration allows the researcher to discuss patterns and themes which come out of the qualitative data and enable a nuanced understanding of the relationships between DDDM, customer experience and behavioural outcomes.
This chapter is divided into a number of sections. Section 3.2 deals with the research philosophy which includes ontological and epistemological assumptions. Section 3.3 explains the approach to the research and justifies the use of inductive reasoning. Section 3.4 describes the design of the research and the reason why a qualitative case study research strategy was chosen. Section 3.5 presents the methods of data collection, accompanied by detailed justification of secondary and qualitative data sources.
[bookmark: _Toc228533703]3.2 Research Philosophy
[bookmark: _Toc228533704]3.2.1 Overview of Research Philosophy
Research philosophy is a term related to the underlying beliefs and assumptions about the nature of reality and knowledge that inform the research process (Saunders et al., 2019). It affects the way in which research is conducted, the way in which data is interpreted, and the way in which conclusions are drawn. In the context of business and management research, the most popular paradigms for philosophy of science that get discussed are positivism, interpretivism, realism and pragmatism.
The positivism starts with the assumption that reality is objective and measurable through empirical observation and quantitative analysis. Interpretivism on the other hand emphasise the subjective nature of reality, and understand social phenomena through the senses that individuals give them. Realism is a mixture of the two, recognising an external reality but the fact that it is interpreted through human perception. Pragmatism has a practical stance and emphasizes what is best to answer the research question.
Given the nature of this study, interpretivism is identified as the best philosophical stance for this study.
[bookmark: _Toc228533705]3.2.2 Ontological Position: Subjectivism
Ontology deals with what reality is. This study uses a subjectivist ontological stance that holds that reality is socially constructed and it differs from one person to another.
In this research, the construct of customer engagement, customer experience and data-driven marketing are not, well, fixed and concrete. They are rather constructed from individual and cultural processes as well as attitude. For instance, one consumer may consider personalised recommendations as useful and convenient, whereas another may consider them to be creepy or manipulative. Not only does this multiplicity of meanings pose a challenge to build a philosophical perspective that allows multiple realities.
A subjectivist ontology is therefore appropriate as it enables the researcher to probe such different takers by understanding how different consumers construct meanings in response to data-driven marketing practices.
[bookmark: _Toc228533706]3.2.3 Epistemological Position: Interpretivism
Epistemology is the manner of generating knowledge and understanding it. This study involves an interpretivist epistemological position, which emphasizes the study of social phenomena in terms of what individuals attribute meaning to them.
For this research, interpretivism is particularly well suited to inquire about complex and unique phenomena like consumer perceptions, emotions and experiences. Consumers do not all perceive data-driven marketing activities, such as personalisation and recommendations, in the same way. Rather, the effects of this practice are mediated by the individual's interpretation of it.
By using an interpretivist method of study, an attempt will be made to try to capture these interpretations and give a deeper insight into consumer behaviour. This approach also recognises that the construction of knowledge is co-constructed by both the researcher and the data and that there is a need for reflexivity and careful interpretation.
[bookmark: _Toc228533707]3.2.4 Rationalization for Interpretivism
First, the research focuses on subjective constructs, such as trust, engagement and customer experience, that cannot be fully understood by objective measure.
Second, the purpose of the study is to explore consumer perceptions and interpretation, which are in their nature, diverse and context dependent.
Third, interpretivism is aligned with the use of qualitative data, which is rich and offers detailed information about human behaviour.
Fourth, the study aims to fill in the gap in the literature relating to consumer-centric perspectives which needed to be explored in depth rather than statistical analysis.
[bookmark: _Toc228533708]3.2.5 Critical Evaluation of Interpretivism
Despite the strength of its methodology, there are limitations to using interpretivism. One major challenge is the possibility of researcher bias: interpretations might be biased by the views of the researcher. Additionally, findings may be of limited generalisability.
However, these limitations are addressed through methodological rigour such as transparent data analysis procedures, triangulation and reflexivity.
[bookmark: _Toc228533709]3.3 Research Approach
[bookmark: _Toc228533710]3.3.1 Inductive Research Approach
This study takes an inductive approach to research in which research about research takes place by generating insights and theoretical understanding from data (rather than testing pre-existing hypotheses).
Inductive reasoning is particularly suitable for qualitative research because patterns, themes and relationships can be identified from the data using this method. In this work the inductive approach helps in exploring how data-driven marketing practices affect customer engagement and purchase behaviour via the customer experience.
[bookmark: _Toc228533711]3.3.2 Justification of Inductive Approach
The reason for the inductive approach is that:
· Seeking to draw inspiration, learning and inspiration from the past, the research examines less-developed areas in particular the mediating role of customer experience
· existing theories do not explain the complexity of consumer responses
· The aim of the study is to produce new theoretical insights
[bookmark: _Toc228533712]3.3.3 Deductive vs Inductive (Critical Comparison)
A deductive approach would entail testing postulations that are made by theory. While useful in terms of confirming existing knowledge, there is a risk of a complex behaviour being oversimplified.
The inductive approach fights on the other hand, provides scope for flexibility and further exploration, making it more suitable for this research.
[bookmark: _Toc228533713]3.3.4 Critical Reflection
Inductive research can be criticised for being subjective. But with this research, to ensure the rigour, there is systematic analysis and clear documentation.
[bookmark: _Toc228533714]3.4 Research Design
[bookmark: _Toc228533715]3.4.1 Qualitative Research Strategy
A qualitative research strategy is adopted to reach the depth of consumer perception and experience.
[bookmark: _Toc228533716]3.4.2 Case Study Design
A qualitative case study approach is used in this research, with Amazon UK as the case of study. Case study research design is well acknowledged as a suitable method to study complex phenomena within real-world contexts, especially when the boundaries between the phenomenon and context are not clear (Yin, 2018).
Amazon UK is selected as a case company as it employs extensive and sophisticated DDDM practices. Through the deployment of sophisticated algorithms, recommendation engines, dynamic pricing and personalised communications, Amazon is an ideal case study to consider the impact of DDDM on consumer behaviour. And its dominant position in the UK economy ensures it provides a timely and relevant context in the examination of consumer experiences online.
The case study approach offers an opportunity to examine the attitudes and experiences of consumers with data-driven marketing. It offers triangulation across various data sources including of academic literature, industry reports and consumer views to bolster and inform the study.
However, case studies are recognised to possibly lack generalisability. In this research, we seek to achieve analytical, as opposed to statistical, generalisation where the research novelty adds to and informs the knowledge of DDDM and can be applied to other scenarios.
[bookmark: _Toc228533717]3.4.3 Critical Evaluation
While case studies limit generalisability, it still allows for analytical generalisation which is suitable for this research.
[bookmark: _Toc228533718]3.5 Data Collection Methods
[bookmark: _Toc228533719]3.5.1 Secondary Data
This research makes extensive use of secondary data, which is data that has been previously gathered and published by other researchers, firms or organisations. Secondary data is well suited for this study, as it enables the examination of large-scale, real consumer behaviour and marketing practices that may otherwise be difficult to access.
This study used data from:
· Refereed journal articles
· Industry and market research reports
· Corporate communications and documents
· Online customer feedback and evaluations
Secondary data has a number of benefits. First, it provides data sets that refer to the "real world" in a number of alternative settings and over a longer time horizon. This supports the external validity. Second, it is quick and cheap and so, time-consuming analysis can be undertaken. Third, it allows data triangulation, improving the analysis.
But there are also problems with secondary data such as questions of relevance, validity and context. This analysis examines a number of reputable and timely secondary sources, if possible seeking out peer reviewed and reliable sources.
[bookmark: _Toc228533720]3.5.2 Qualitative Data Sources
This study's qualitative perspective is drawn from various types of consumer-created online content, which yield valuable insights into consumer attitudes, opinions, experiences and behavioural outcomes.
· Customer reviews from e-commerce platforms
· Online forum and community discussions
· Social media user-generated content
These are particularly relevant because they provide authentic consumer insights without being altered, thus showing real reactions to strategically targeted data uses in marketing. These data are not derived from surveys or interviews, and have not been biased by the researcher, and so display a lower risk of response bias.
Further, data from online sources contain rich and dynamic information that capture a wide range of consumer perspectives. For example, reviews usually contain information on satisfaction, value perceptions and trust, whereas social media activities reflect engagement, congruence of the brand and emotional appeals.
However, it's important to note that this data can vary in terms of quality. To account for this, the study uses stringent selection criteria, and takes into account potential sources of data.
[bookmark: _Toc228533721]3.5.3 Sampling Strategy
The present research adopts a purposive sampling approach, a non random sampling method often used in qualitative studies. This method is based on the researcher choosing data sources that best fit the research purpose.
In this case, the research sampling strategy involves the selection of qualitative data related to customers' engagement with data-driven digital marketing techniques on Amazon UK. The selection criteria include:
· Relating to customer behaviour and engagement
· The involvement of insights into personalisation, trust, and experience
· Data source timeliness and quality
The adoption of purposive sampling is appropriate as the study is not seeking to obtain a representative sample, but to explore specific phenomena elaborated. The study analyses data that is relevant and significant and by selecting information rich sources, it ensures that the analysis is relevant.
Moreover, the use of purposive sampling enables the researcher to consider the data sources in relation to the theoretical framework and study questions, thereby increasing the validity and relevance of the study.
Yet, it is recognised that purposive sampling could lead to selection bias. To mitigate this bias, the research uses multiple sources of data, and provides a clear account of the sampling process.
[bookmark: _Toc228533722]3.5.4 Critical Evaluation
Limitations include possible bias tendencies and lack of control over the quality of data, which is dealt with through careful selection and triangulation of data.
[bookmark: _Toc228533723]3.6 Data Analysis Techniques
[bookmark: _Toc228533724]3.6.1 Overview of Data Analysis Strategy
The analysis of qualitative data is an important stage of the research process because it requires the transformation of raw data into meaningful insights that can answer the research questions. In this study, data, in the form of qualitative information obtained from secondary sources such as customer reviews, online forums, digital consumer feedback is analysed using the concept of thematic analysis. This approach is well known for its flexibility, systematic structure and compatibility with interpretivist research as well (Braun and Clarke 2006).
Thematic analysis allows for the identification, organisation and interpretation of recurring patterns (themes) within qualitative data. It is especially suitable for this research due to the opportunity to explore subjectivity experiences and perceptions in relation to data-driven digital marketing practices. Given that the research interest is to understand the interpretation of, and response to, such practices by consumers, thematic analysis offers a structured, yet flexible framework in which to capture such complexities.
[bookmark: _Toc228533725]3.6.2 Justification of Thematic Analysis
The choice to write a thematic analysis is rationalized on a number of grounds.
First, thematic analysis combination with the philosophical approach of interpretivism is very compatible because it emphasizes on the meaning and experiences, rather than quantifying the variables. This aligns with the research objective of studying consumer's perception towards data-driven marketing.
Second, this type of analysis is appropriate for analysing secondary qualitative data, which may be unstructured and diverse in nature. The method enables the researcher to organically organise such data into meaningful themes.
Third, thematic analysis has a degree of analytical flexibility and allows the researcher to discover both explicit (semantic) and implicit (latent) meaning in the data. This would especially prove to be important when attempting to understand complex constructs such as trust, engagement, and customer experience.
Fourth, compared to other qualitative methods such as grounded theory or discourse analysis, thematic analysis is not so restrictive and does not require to develop a full theoretical model. This makes it suitable for research which seeks to discover patterns and generate insights rather than creating absolutely new theories.
[bookmark: _Toc228533726]3.6.3 Phases of Thematic Analysis
The thematic analysis for this study is based on a six-phase framework suggested by Braun and Clarke (2006):
1. Familiarisation with Data
The initial stage of the analytical process is a phase of familiarisation with the data. During this phase, the researcher immerses in the gathered secondary data, which may include scholarly journal articles, industry publications, organisational publications and user-generated online data, such as online reviews and forum posts.
This is not a cursory reading, but rather a process of learning through multiple reads. The researcher engages in systematic reading and re-reading of the text to gain a detailed understanding of the content (semantic meaning) as well as its implication (latent meaning). This involves paying particular attention to recurring themes, contradictions and contextual factors related to data-driven marketing techniques, customer interactions, trustworthiness and customer experience.
In this research, it also involves categorising the data according to the type of sources and their relevance to the research questions. For instance, industry reports are analysed for insights on the implementation of DDDM, and customers' own content is analysed for insights on customer experience and perceptions. At this point, preliminary observations and memos are written to capture insights which are used in the subsequent coding.
2. Generating Initial Codes
In the second stage, initial codes are generated to set the foundation for analyses. Coding involves the identification and labelling of relevant segments of data that address the research questions. In this research, coding is done manually and in an iterative manner in order to remain immersed in the data.
Data is analysed through close reading, and meaningful data segments that represent key ideas, concepts or themes are labelled with descriptive or interpretive codes. These are abbreviated tags that summarise the data segment. For instance,expressions about personalised recommendations may be labelled as "personalisation effectiveness", while sentiments of concern over how data may be used may be labelled as "privacy anxiety" or "data mistrust".
Notably, the coding in this research is both inductive and deductive. Inductive coding involves letting themes emerge from the data without forcing them into expectant themes, whereas deductive coding refers to coding based on theoretical constructs identified from the literature review, such as dimensions of customer engagement, trust and customer experience.
The coding process adopt an inclusive approach, capturing all relevant segments of data. If a data segment captures more than one concept, it could be given multiple codes. For example, a consumer comment that appreciates personalised recommendations but worries about the tracking of their data could be coded with both the code "perceived relevance" and "privacy concern".
3. Searching for Themes
After the initial codes have been generated, the next phase is to search for themes. This stage focuses on analysing the inter-relationships between the codes and categorising them into higher-level themes that capture significant aspects of the data.
Themes are not simply groups of similar codes; they are interpretive entities that capture meaningful themes of the research question. In this project, the researcher will scrutinise all codes and consider how they can be grouped into appropriate themes that respond to the research questions.
For instance, codes like "personalised product recommendations", "price discrimination" and "personalised advertising" are organised under a theme like "algorithmic personalisation". Likewise, codes such as "data transparency", "privacy concerns" and "trust issues" are grouped under a theme like "privacy-trust paradox".
This is an analytical and theoretical process. The researcher will need to move beyond merely descriptive labelling of the data to discern patterns and connections between items. The researcher can draw on the use of visual analytic techniques, such as thematic maps or diagrams, to explore relationships between themes and sub-themes.
Four big themes are developed in this study:
· Behavioural drivers of algorithms and personalisation
· Engagement through ecosystems
· Trust, privacy and ethical considerations
· Customer experience as a moderator
4. Reviewing Themes
After generating initial themes, the next step is to undertake a review and refinement of the themes. This involves ensuring the themes are representative of the data and internally coherent and externally different.
There are two stages of review. One is an evaluation of each theme in terms of the units of data. The researcher considers whether the data in each theme make sense. Where necessary, themes are modified, divided or remerged.
Second, the researcher assesses the themes' fit with the whole data set. This requires evaluating how well the themes represent the data's meaning and fit with the research questions. Themes that do not have enough data or are not relevant to the research questions may be refined or deleted.
In this research, special care is taken to ensure themes are both comprehensive and representative of the data. For instance, the theme of "customer engagement" is expanded to recognise its platform agnostic and interactive nature, rather than a more static construct.
5. Defining and Naming Themes
The last stage is to define and name themes. This is the process of rendering the theme structure into a purposeful analytical story that is communicated in the findings chapter.
Themes are defined to clarify their boundaries, meaning and significance relating to the research questions or purpose. This includes defining the essence of the theme and how it differentiates from other themes. Sub-themes can also be developed to differentiate aspects of the theme.
For instance, the theme of "algorithmic personalisation" may have sub-themes related to "decision support," "reducing cognitive load" and "algorithmic dependence". Likewise, "customer experience" can be broken down into functional, emotional and relational aspects.
There are naming conventions for themes. They should be brief but illustrative of the theme's essence. A key goal in this research is to name themes to highlight the empirical and theoretical aspects.
Beyond the naming of themes, descriptions of how each theme helps to address the research problem is created. This constitutes the findings and analysis chapter; the description, interpretation and literature review is centred on the themes.


6. Interpreting and Reporting
The last stage is the interpretation of the themes and their correlation with the research objectives and theoretical framework. The results of the findings are then presented in an organized and coherent manner.
[bookmark: _Toc228533727]3.6.4 Analytical Rigor and Reflexivity
To ensure rigour in the analysis, the researcher has a systematic approach throughout the process of coding and developing the themes. Reflexivity is also an important consideration, as the researcher must be aware of possible biases and ensure that interpretations are based on the data.
[bookmark: _Toc228533728]3.6.5 Critical Evaluation of Thematic Analysis
While thematic analysis is flexible and in-depth it has certain limitations. The process can be subject to the subjective interpretation of the researcher, resulting in bias. Additionally, thematic analysis does not necessarily offer a theoretical framework in which findings from the research must be fitted into existing literature.
However, these limitations are managed by transparent documentation, systematic coding procedures and adherence to the theoretical framework of Chapter 2.
[bookmark: _Toc228533729]3.7 Research Quality and Trustworthiness
It is important to ensure the quality and credibility of qualitative research. Unlike quantitative research, which relies on statistical measures of validity and reliability, qualitative research is assessed using trustworthiness as yardsticks. This study uses the framework of Lincoln and Guba (1985) that entails credibility, transferability, dependability, and confirmability.
[bookmark: _Toc228533730]3.7.1 Credibility
Credibility relates to the degree of accuracy of the findings in relation to reality of the participants or data sources. In this study, credibility itself is enhanced as follows:
· Data triangulation, such as series of data sources including reviews, forums and academic literature
· Thick Description, detailed explanation of details of findings
· Systematic analysis, maintaining consistency in the coding and development of theme
[bookmark: _Toc228533731]3.7.2 Transferability
Transferability means to what extent conclusions can be transferred to other situations. Even though qualitative research is not interested in statistical generalisation, they are interested in being descriptive enough to make it clear enough for the reader to determine applicability.
In this study, transferability is achieved by detailed descriptions of the research context, in particular, the operations of Amazon UK and its data-driven marketing practices.
[bookmark: _Toc228533732]3.7.3 Dependability
Dependability means consistency and reliability of the research process. This is ensured through:
· Clear documentation of research procedures|
· Transparent data analysis methods
· Logical alignment between research questions and findings
[bookmark: _Toc228533733]3.7.4 Confirmability
Confirmability is a way to make sure the findings have been based on the data and not the bias of the researcher. This is achieved through:
· Maintaining an audit trail of data/data analysis
· Using direct evidence from sources of data
· Ensuring transparency in a reading
[bookmark: _Toc228533734]3.7.5 Critical Reflection of Trustworthiness
While such criteria are given to improve the quality of research, it is recognized that there is a certain degree of interpretation involved in qualitative research. Therefore, there is no possibility for total objectivity. The research however, ensures that interpretations are backed by data and supported by evidence.

[bookmark: _Toc228533735]3.8 Ethical Considerations
Ethical considerations are basic to ensuring research is conducted responsibly and with integrity. Although secondary data is used in this study, the principles of ethics are very relevant in it.
[bookmark: _Toc228533736]3.8.1 Use of Secondary Data
The study draws from publicly available sources of data, such as online reviews and forums. Since the data already is in the public domain, the issues involving informed consent are less complicated. However, there is still a need for caution when handling the data from an ethical responsibility standpoint.
[bookmark: _Toc228533737]3.8.2 Anonymity and Confidentiality
Although the data is publicly available, the study ensures that individual identities are not revealed. Any references to actual users are anonymised in order to guarantee respect of the privacy.
[bookmark: _Toc228533738]3.8.3 Data Protection and Compliance
The research follows data protection regulations that are relevant and principles that comply with GDPR. This includes ensuring that data is used responsibly and is not used to misrepresent.
[bookmark: _Toc228533739]3.8.4 Academic Integrity
All sources are cited appropriately using the Harvard style of referencing. This is to ensure transparency and also prevent plagiarism.
[bookmark: _Toc228533740]3.8.5 Ethical Reflection
While secondary data helps to minimise ethical risks, it lowers the researcher's capacity to obtain consent directly. Therefore, proper attention is paid to the ethical aspects of using publicly available data.

[bookmark: _Toc228533741]3.9 Limitations of the Methodology
Despite its strength, there are some limitations in the methodology chosen, which must be acknowledged.
[bookmark: _Toc228533742]3.9.1 Reliance on Secondary Data
The use of secondary data implies that the researcher does not have much control over the quality and context of the data. The data may not fit completely with the research objectives.
[bookmark: _Toc228533743]3.9.2 Lack of Primary Data
Lack of primary data collection restricts the development of getting direct insights from the participants. This might impact the depth of analysis.
[bookmark: _Toc228533744]3.9.3 Subjectivity in Analysis
Qualitative analysis includes interpretation that may introduce bias. While every attempt is made at ensuring rigour, no guarantee can be made of complete objectivity.
[bookmark: _Toc228533745]3.9.4 Limited Generalisability
The case study approach is focused on a specific context, and there may be some limitations of generalisability on the findings. However, the goal is to obtain analytical rather than statistical generalisation.
[bookmark: _Toc228533746]3.9.5 Mitigation Strategies
These limitations are overcome by:
· Triangulation of data sources
· Systematic analysis
· Transparent methodology
[bookmark: _Toc228533747]3.10 Chapter Conclusion
This chapter has given an extensive and quite justified explanation of the research methodology adopted in this study. The application of an interpretivist philosophy and inductive approach makes an in-depth exploration of consumer's perceptions and experiences possible. The qualitative case study design, backed up by secondary data, forms a strong basis for the data-driven analysis of marketing practices insofar as in the context of Amazon UK.
The application of thematic analysis allows systematic identification and interpretation of the patterns within the data by the application of trustworthiness criteria ensures the credibility and rigor of the research. Ethical considerations have been thoroughly addressed and methodological shortcomings acknowledged and addressed.
Overall, the methodological framework matches well the research objectives and forms a solid basis for the analysis in the next chapter. The next chapter will introduce the results of the study and explain in detail the themes that were identified from the analysis.














[bookmark: _Toc228533748]Chapter 4: Findings and Analysis
[bookmark: _Toc228533749]4.1 Introduction
This chapter discusses the results of the qualitative analysis of secondary data, and provides an evaluative analysis in reference to the study's aims. The research seeks to assess the impact of DDDM on customer engagement and purchasing behaviour, specifically in relation to the role of customer experience (CX) in the context of Amazon UK.
The study adopts a thematic analysis, which is methodically identifying patterns across multiple sources of qualitative data such as academic sources, industry reports and consumer blogs. This chapter does not report descriptive analyses, but analytically built research results, in which themes are constructed by interpretation and integration, rather than recoding.
[bookmark: _Toc228533750]4.2 Theme 1: Algorithm-driven personalisation as a behavioural driver
[bookmark: _Toc228533751]4.2.1 Pattern: Personalisation as an End-to-End Selection Mechanism 
The research reveals that, for Amazon UK, personalisation can't be opt-out, but rather is systemically and systemic pervasive. The findings indicate that nearly all the front-end elements of the website - page layouts, search results, product recommendations, banner advertising and even post-purchase selling emails - are systemically personalised in line with user browsing behaviour and preferences derived from this.
Importantly, this implies that users are interacting with a pre-selected online ecosystem, in which product and information visibility is influenced by data-driven models. In this context, the idea of an objective or impartial browsing environment is nil. Rather, consumers are presented with a marketplace that is artificially filtered and curated - one where algorithmic filtering both defines relevance but also visibility and prominence.
[bookmark: _Toc228533752]4.2.2 behavioural implications: Curated Choice and Cognitive Decomplexity 
The results suggest the application of algorithmic personalisation to consumer decision-making results in the reduced complexity of cognitive effort, and the efficiency of information processing. The system's recommendations and prioritised listings reduce the need for consumer search and deliberation, and hence speed up the decision-making process.
However, this efficiency introduces a critical limitation. Although this leads to greater convenience and effort reduction for the consumer, it also results in more externalised decision-making. The study shows that consumers can rely on algorithmically recommended choices, viewing them as cues or rules-of-thumb for quality and relevance.
This could be configured as a form of bounded rationality where it is not just traditional processes of cognition but also algorithms at play. Importantly, the results also reveal that repeated use leads to habit formation as passive decision making occurs whereby exploration and evaluation is lessened.
[bookmark: _Toc228533753]4.2.3 Key Finding: Development of Algorithmic Dependence 
Our study identifies a development of algorithmic dependence whereby consumers rely upon the algorithmically generated product recommendations as the primary information used for decision making. What this research shows is that, among all users and particularly heavy users, there is a reduction in the use of other sources of information, and a tendency to stick with products recommended by algorithms.
Crucially, this is behavioural, perceptual and cognitive dependence. They implicitly assume algorithms are trustworthy, pertinent and valid. This becomes ensuring that, as we depend on the system, this apparent credibility further rises and our evaluation of the system further declines.
This means, in theory, DDDM helps to shape consumer preferences. This system is both intermediary and sets the range of possible options and quality criteria.
[bookmark: _Toc228533754]

4.3 Theme 2: Diversified yet Integrated Customer Engagement
[bookmark: _Toc228533755]4.3.1 Empirical Evidence: Multiple Platforms Customer Journeys 
The discovery of multi-platform consumer interactions and the fractured but interconnected set of consumer journeys across different platforms the consumer engages with, before their purchase in a retail transaction is the insight. Google, Instagram, TikTok and Amazon are the linked engagement platforms.
Crucially, these platforms fulfil different functions for the decision-making. Search engines are used to access information, social media platforms are used to approve and explore and e-commerce platforms are used to purchase. We propose that consumers proactively leverage the platforms in a sequence, which creates a non linear and cyclical decision-making process.
The research also shows that competition through digital marketing leads to a consistency across platforms whereby information about consumer behaviours on one platform informs personalisation of another. This increases consistency and personalisation, but also data control by the power of platform ecosystems, leading to privacy issues.
[bookmark: _Toc228533756]4.3.2 Behavioural Learning: Engagement Trajectories 
The study reveals engagement should be understood as a process in time, rather than a single instance. The dynamic nature of users' search, evaluation, comparison, return activities across platforms exemplify an engagement journey process.
Such dynamism of engagement challenges conventional approaches to measuring engagement, which emphasise "impacts" of isolated exposures. Instead, engagement progressively and contextually unfolds depending on prior engagement behaviour, platform switching behaviour and the intentions of consumers.
More importantly, the insights indicate that levels of engagement vary throughout the journey. Initial engagement motives are more for information seeking, whereas later engagement motives are more for action-based decisions. This suggests a need for contextual fit in marketing, as the values of engagement tactics shift across the journey.
[bookmark: _Toc228533757]4.3.3 Critical Finding: The Engagement Paradox
One critical finding is the discovery of an engagement paradox, in which the heightened personalisation and targeting associated with DDDM results in greater levels of observable interaction, but not necessarily active engagement and behaviour. The study shows much engagement is passive in nature or algorithmically-driven, and not based on genuine necessity.
Furthermore, we identify those high levels of personalisation lead to content homogeneity: users are fed content showing similar product images and offers.
Critical to this is the notion that metrics of engagement may overestimate the impact of DDDM, by not differentiating between passive interest and active involvement. As a result, they may focus on short-term engagement metrics over longer-term consumer engagement and trust.
[bookmark: _Toc228533758]4.4 Theme 3: The Privacy–Trust Tension in Data-Driven Environments
[bookmark: _Toc228533759]4.4.1 Empirical Pattern: Growing Consumer Awareness and Scepticism 
This study shows a clear growth in consumers' awareness about data-driven consumer engagement, in particular for platforms such as Amazon. Consumers acknowledge data collection and use of their interactions to personalise experiences.
Importantly, this is paired with consumers' increased distrust in the motives and practices of data use. Consumers are engaged in interpretive processing when they perceive how data are used in a helpful or intrusive manner.
[bookmark: _Toc228533760]4.4.2 Behavioural Insight: Privacy–Personalisation Trade-off 
The research shows a privacy–personalisation trade-off, as consumers want the benefits of personalisation, but also voice concerns with preferences. This sets up a two-part assessment, whereby the consumers substitute the value rule for a rule that also takes risk into account.
Finally, the findings show that this is a contextualised trade-off depending on the platform and/or context. Consumers might not be as sensitive to the practice of data mining in the transactional space but might be more sensitive in the social and informational spaces.
[bookmark: _Toc228533761]4.4.3 Key Insight: Trust as a Conditional Factor 
The results show that trust is a conditional and iterative mechanism. Customers will engage in DDDM to the extent that companies are perceived as transparent, fair and accountable.
Importantly, trust is not symmetrical, and is vulnerable; bad times have a stronger impact on trust than good times. For instance, perceptions of personalisation (not necessarily involving personal data collection) can erode trust and cause behavioural disengagement.
Trust, therefore, is an ongoing concern and organisations must continuously maintain trustworthy relationships with ethical behaviour.
[bookmark: _Toc228533762]4.4.4 Ethical Implications: Beyond Compliance to Responsibility
This study reveals that ethical behaviour is more than employing practices according to legal or regulatory requirements; it extends to the inclusion of corporate social responsibility and consumer well-being. But while legal regulations (like data privacy) determine the minimum benchmark, consumers expect organisations to fulfil responsible behaviour.
The study highlights concern with algorithmic bias, lack of clarity in data usage and deceptive consumer targeting, which consumers see as infringing on their autonomy. The research suggests ethical failures can affect trust, as well as long-term brand loyalty.
[bookmark: _Toc228533763]4.5 Theme 4: Customer Experience as a Behavioural Mediator
[bookmark: _Toc228533764]4.5.1 Empirical Pattern: CX as an Integrative Construct
The results support the notion that customer experience (CX) is an integrative and multidimensional construct which combines functional, emotional and relational perceptions. CX integrates the effects of DDDM along the customer journey.
Importantly, CX is not a tangible outcome but an interpretive construct, in which customers assess their experience in the context of expectations, past experiences and value. This makes CX a key driver of behaviours resulting from marketing efforts.
[bookmark: _Toc228533765]4.5.2 Behavioural Insight: CX as a Driver of Engagement 
The insights suggest that a positive CX leads to engagement by producing effortless, relevant, and gratifying experiences. Consumers engage more frequently when platforms offer easy access to desired information and services, provide timely suggestions and perform consistently.
But it also implies that engagement is highly vulnerable to a negative experience, such as being manipulated or having irrelevant information pushed at them. This suggests that there needs to be authentic and consistent online experience.
[bookmark: _Toc228533766]4.5.3 Behavioural Insight: CX and Consumer Behaviour 
This research demonstrates that CX is an important variable in the decision-making process for purchasing, and influences trust, risk and value factors. Good experiences help with the decision-making by reducing risk perceptions and building trust.
Negative experience, however, has very devastating effects - rejection or negative word of mouth. This means there is a need for experience control.
[bookmark: _Toc228533767]4.5.4 Critical Finding: The Experience–Technology Tension
My analysis identifies an interplay between experience and technology optimisation. DDDM efficiency gains from automation compromise trust and authenticity when algorithms are used throughout.
This creates an experience paradox of how efficiency can hinder experience. The research suggests the need to consider a holistic system combining technology and design to ensure trust and authenticity in customer experience (CX), which may not be improved by efficiency.
[bookmark: _Toc228533768]4.6 Synthesis of Findings in Relation to Research Objectives
The research findings address the research objectives in the following ways:
· Objective 1: DDDM is embedded in the design of platforms and thereby impacts on customers' buying behaviour.
· Objective 2: Consumer interaction is multi-faceted, multi-platormic and driven by personalisation and customer experience.
· Objective 3: Customer behaviour is indirectly affected via customer experience, trust and value.
Crucially, the research reveals that the impact of DDDM on behaviour is non-linear, dependent on context and mediated by other factors.
[bookmark: _Toc228533769]4.7 Chapter Conclusion
This chapter has outlined the findings which have detailed how data-driven digital marketing impacts on behaviour such as engagement and purchase behaviour when applied to Amazon UK. The results demonstrate DDDM enhances speed, relevance and engagement but, in turn, brings up important ethical, behavioural, and experience-related challenges.
Customer experience proves to be a moderating factor and the analysis further suggests trust, transparency and balance in DDDM settings. These findings provide a powerful foundation for the following chapter on the theoretical implications.








[bookmark: _Toc228533770]Chapter 5: Discussion
[bookmark: _Toc228533771]5.1 Introduction
In this chapter I describe and reflect on the findings we have reported in Chapter 4 in light of the academic literature on data-driven digital marketing (DDDM), customer engagement, customer experience (CX) and consumer behaviour. Our intention is not to re-state empirical results, but to engage in a critical discussion, building them theoretically to show their value to academia and practice.
This discussion adopts a critical-analytical rather than descriptive interpretation perspective, responding to the implications for theory by extending and extending previous notions. This is in terms of how DDDM affects consumer behaviour, the dynamic role of consumer engagement in the digital ecosystem and the intermediary role of CX between digital systems and consumer behaviour.
[bookmark: _Toc228533772]5.2 Critical Discussion of Key Findings in Relation to Literature
[bookmark: _Toc228533773]5.2.1 Data-Driven Digital Marketing as a Behaviour-Shaping System
This study suggests that data-driven digital marketing in Amazon UK functions as a "behaviour-shaping system", rather than just as a means to boost efficiency in marketing. This distinction is theoretically significant. Although past research, like Wedel and Kannan (2016) decribes marketing analytics as means of improving targeting and the effectiveness of marketing decision-making, this study shows that DDDM has a wider impact than this by shaping the environment in which decisions are made.
This finding aligns with and builds on critical perspectives on digital capitalism, including algorithmic governance and behavioural change. The study shows that, far from adapting to consumer preferences, algorithms create preference architectures through adapting content to preferences, which is structured through the options displayed to consumers. In this vein, DDDM operates as choice architecture, manipulating "choice spaces" in potentially opaque ways.
A key repercussion of this is the creation of a power imbalance between platforms and users. The platforms' access to vast informational and computational resources allows them to forecast, guide and potentially control consumer behaviour. This has implications for consumer independence and resistance, as the-line between enabling and manipulating consumer behaviour is blurred.
Additionally, this study's detection of algorithmic dependence adds to a growing body of research exploring the effects of digital technologies on human behaviour. While previous research by Gomez-Uribe and Hunt (2016) underscores the role of recommendation systems in enhancing satisfaction and transaction revenue, the present findings showcase that continued exposure to recommendation systems may cause behavioural patterns and cognitive disinterest. Users internalise the decision prompts of recommendation algorithms as recommendations, and proactively reduce the likelihood of independent decision making and the exploration of options.
This result could also be explained in terms of bounded rationality, where people use heuristics to navigate decision situations. Here, algorithms serve as external heuristics, outsourcing an aspect of decision-making. This eliminates cognitive effort, but opens up the possibility of cognitive laziness, as consumers rely on system recommendations.
Moreover, this study indicates that DDDM also leads to the homogenisation of consumer experiences, as algorithmic effects emphasise efficiency and predictability over variety and novelty. This could have systemic consequences for the economy, potentially decreasing market visibility for less demanded or mainstream products, and further entrenching mainstream patterns of consumption.
Consequently, this research contributes theoretically by conceptualising DDDM as a socio-technical behavioural influence system that is defined by:
· Embedded algorithmic governance
· Structured choice environments
· Emerging consumer dependence
· Power inequalities between providers and consumers
This alternative conceptualisation runs against the grain of the conventional managerial discourse that views DDDM as inherently good, and instead acknowledges the uncertainty and problematic consequences.
[bookmark: _Toc228533774]5.2.2 Customer Engagement in Digital Ecosystems
Research findings challenge conventional views of customer engagement that often take it as a static, isolated phenomenon. Rather, customer engagement is a multidimensional, dynamic construct, in an interconnected network of digital ecosystems, such as Google, Instagram, TikTok and Amazon.
This revelation builds on Brodie and colleagues' (2011) conception of engagement as a multi-dimensional construct by further suggesting spatial (across platforms) and temporal (over time) dimensions of engagement: engagement is spatialised as extended across platforms and temporalised as extended in time. Sustainable interactions become an interactome, characterised by a shift from informational, social to transactional interaction forms.
Theoretically this means we need to consider engagement as systemic and not just platform specific. Consumers do not engage with brands, but in a brand ecosystem comprising of different platforms.
The key implication of the study is finding the engagement paradox. While previous studies (e.g., Hollebeek et al., 2019) underline the positive influence of personalisation on engagement, the study finds that personalisation has a negative impact on engagement by causing perceptions of mediocrity and lack of novelty.
This paradox highlights the need for a refresh in the current engagement theory, which is often linear in its focus on personalisation as a key driver of engagement. Rather, the findings suggest a hump-shaped relationship (inverted U-curve) between personalisation and engagement, as the engagement increases initially but then decreases due to overstimulation.
Further, the notion of low engagement and high engagement is a necessary contribution. Publicly observable click-through based metrics (e.g., views, clicks) could be due to algorithmically-facilitated attention, rather than interest or commitment. There are implications for the use of current engagement measures.
Behaviourally speaking, the results suggest that engagement is shaped by tech affordances as well as user experience and expectations,
· Perceived relevance
· Emotional resonance
· Content diversity
· User control
This also points to the fact that engagement is not just an outcome of what algorithms might optimise; it is co-produced with technological and user perceptions alike.
As a result, this research adds to the literature through a reconceptualisation of engagement as:
· A process rather than state
· An omni-channel rather than an isolated interaction
· A qualitative construct that needs sophisticated measurement
[bookmark: _Toc228533775]5.2.3 The Privacy–Trust Nexus in Data-Driven Marketing
This research provides a nuanced understanding of privacy, personalisation and trust and builds on existing research. While previous research (Aguirre et al., 2015; Bleier and Eisenbeiss, 2015) suggests a dichotomy between personalisation benefits and privacy concerns, this study demonstrates that it can be very contextual, dynamic and individualised.
This work shows consumers to engage in risk-benefit cognitive evaluation of data-driven practices that involve weighing up perceived benefits (e.g., time saving, personal relevance) against perceived costs (e.g., surveillance, data misuse). This suggests that privacy is not an unconditional constraint but moderating in terms of consumer behaviour.
Importantly, the study reveals evolving, data-wise consumer behaviours reflected in increased awareness, suspicion and vigilance in digital behaviours. This challenges assumptions of naive acceptance of consumers' behaviour and emerges as a key element in the data-driven context.
Trust plays a pivotal role, yet it is a vulnerable element linking DDDM and consumer practices. The study implies that, contrary to the existing models that view trust as an antecedent, trust is:
· Contingent, based on perceptions of openness and fairness
· Dynamic, changing with time and experience
· Asymmetrical, with disproportionate impacts of negative experiences
This builds on and adds to Pavlou's (2003) research on internet trust perceptions by considering ethical and perceptual aspects.
This research also raises the shortcomings of current regulations such as GDPR which concentrate on compliance, rather than consumer perceptions and experience. Compliance may be a necessary, but not a sufficient condition for trust. Consumers want organisations to be ethically responsible by:
· Transparent data practices
· User consent and privacy
· No misleading targeting
This insight highlights the role of ethical legitimacy in influencing customer behaviour, and suggests that trust is not just a functional but also a moral assessment.
[bookmark: _Toc228533776]5.2.4 Customer Experience as a Mediating Mechanism
Another major theoretical implication of this research is the recognition of customer experience (CX) as a mediator between DDDM and engagement and purchase behaviour.
The framework proposed by Lemon and Verhoef (2016) position CX as an outcome, whereas this study identifies CX as a causal mechanism, channelling the impact of DDDM into behaviour. This marks a transition from outcome to process-focused understandings of CX.
The research shows that CX synthesises various factors, such as:
· Functional efficiency
· Emotional satisfaction
· Relational trust
DDDM impacts these aspects via personalisation, convenience and interface design, which affect the quality of experience.
A key finding is the negative weight in CX: negative experiences have a greater effect on behaviour. This is consistent with prospect theory, prioritising risk avoidance in CX design.
In addition, the study reveals an experience technology paradox, with greater automation eroding authenticity and trust. This implies that optimising experience design through technology requires consideration of human-centred design, so efficiency doesn't compromise trust and loyalty.
As such, this study contributes to CX theory by:
· Affirming it as a mediator
· Emphasising its impermanence and imbalance
· Understanding technology and experience co-design
[bookmark: _Toc228533777]5.3 Theoretical Implications 
[bookmark: _Toc228533778]5.3.1 Data-Driven Digital Marketing as a Behavioural Influence System
This study's first theoretical contribution is that it broadens the understanding of DDDM from a functional and efficiency-oriented perspective to a socio-technical infrastructure embedded behavioural influence system. Much of the literature (such as Wedel and Kannan, 2016) tends to view DDDM primarily in terms of its ability to improve targeting and marketing efficiency. Yet, this study's results suggest that this view is theoretically restrictive, since it fails to account for underlying structural and behavioural features of algorithms.
This study supports the argument that DDDM is a form of algorithmic governance that actively filters, prioritises, and recommends information to consumers, by showing that the platforms, such as Amazon, named in this study 'work' by curating the information they display. This resonates with recent interdisciplinary approaches which consider digital platforms to be shapers of behaviour settings rather than simply intermediaries:
Crucially, this view offers a contribution to the theoretical debate, in that it:
· Emphasising the role of algorithms in decision-making
· Acknowledging the constructive role of DDDM when it comes to consumer preferences
· Recognising the power imbalance between organisations and consumers
This reframes the investigation from "how well does DDDM work?" to "how does DDDM impact consumer behaviour and power?" and, along with it, a new lens of critical inquiry.
[bookmark: _Toc228533779]5.3.2 Advancement of Customer Engagement Theory: From Static Metrics to Dynamic Systems
The research contributes to customer engagement theory in two ways: it overcomes static/passive and platform-focused views of engagement. Existing seminal works (e.g., Brodie et al., 2011) have established engagement as a multi-dimensional construct which encompasses cognitive, emotional and behavioural components, but it is implicitly limited to a scenario of interaction.
By contrast, the findings show that engagement is by nature:
· Multitude of platforms, such as Google, Instagram, TikTok, Amazon
· Processual, occurring over time and milestones
· Context-dependent, influenced by platform roles and user intent
This prompts the theoretical conceptualisation of engagement as a process of interactions, rather than a product. The research conceptualises the idea of the engagement paradox, which questions the rising belief of a positive linear relationship between personalisation and engagement.

Theoretically, this means that engagement:
· Has threshold effects (too much personalisation is counterproductive)
· Needs to be contextualised, by differentiating between authentic and inauthentic engagement
· Needs to be understood in an ecosystem perspective, rather than platform-based
This contribution has important future research implications, including the need for more complex models and measurement tools to capture the intricacies of digital engagement.
[bookmark: _Toc228533780]5.3.3 Integration of Trust, Ethics, and Consumer Agency into Digital Marketing Theory
A further contribution of this study is to bring trust and consumer agency in digital marketing to the forefront of digital marketing theory. Existing studies recognise the role of trust (Pavlou, 2003), but tend to view this as a utility function relating to perceived risk and system quality.
This research builds on this, by showing trust is:
· Relationship-based, influenced by interactions and social information
· Contingent, contingent on transparency, perception of fairness and intent
· Ethical, shaped by the sense of responsibility and integrity
This research shows consumer awareness and scepticism towards big data in marketing, debunking the myth of passive consumer behaviour. This raises the notion of consumer interpretation, as customers assess and manage their interactions with data-driven systems.
In addition, the research adds to the theory by proposing that ethics, rather than being an outside force, is intrinsic to digital marketing value creation. Ethical actions are demonstrated to impact:
· Trust formation
· Engagement quality
· Purchase behaviour
This proposition is a vital integration of marketing and normative philosophy, implying that business models should include normative aspects with behavioural considerations.
[bookmark: _Toc228533781]5.3.4 Development and Empirical Support of a Mediated Framework
The second critical theoretical contribution of this research is the empirical evidence for a mediated model that has customer experience (CX) as a medium between DDDM and behaviour.
While previous studies (e.g., Lemon and Verhoef, 2016) consider CX as an outcome of various factors, this work shows that CX acts as a medium that translates technical aspects into psychological and behavioural responses.
Several theoretical implications:
· It positions CX as an explanatory (rather than outcome) variable
· It emphasises the interplay of technological and experiential elements
· It offers a causal link between marketing and engagement and consumer behaviour
[bookmark: _Toc228533782]5.3.5 Socio-Technical Framework
Taken together the results underpin an integrated socio-technical approach in which:
· Technology (DDDM) creates interaction contexts
· Experience (CX) underpins perceptions and assessments
· Behaviour (engagement and purchase) results
· Trust and ethics moderate the linkages
This approach transcends disjointed theoretical camps and provides a model of digital consumer behaviour for the modern world.
[bookmark: _Toc228533783]5.4 Managerial Implications
My study provides insights for firms in the data-driven digital environment, particularly large platforms such as Amazon. 
[bookmark: _Toc228533784]5.4.1 Personalisation Practices
Personalisation is a key element of DDDM practices, but results suggest it is not a simple linear relationship.
· Consumer fatigue
· Reduced perceived autonomy
· Content homogeneity
· Decreasing level of engagement
So, companies need to adopt adaptive personalisation approaches, which combine personal relevance with novelty. This includes:
· Using some randomness to create novelty
· Providing users with flexibility to adjust personalisation
· Providing exposure to other options
Beyond the design aspect, personalisation should be focused not simply on optimisation, but rather on consumer design that emphasises user experience and choice.
[bookmark: _Toc228533785]5.4.2 Advancement of Engagement Metrics
The study identifies a key gap in industry practices, which are based on quantitative and superficial engagement measures, such as clicks, impressions and even time spent.
Having detected the paradox of engagement, businesses need to switch to multi-dimensional engagement metrics that consider:
· Interaction quality (e.g., revisits, dwell time quality)
· Behavioural implications (e.g., conversion, retention)
· Attitudinal and emotional factors (e.g., satisfaction, trust)
This calls for holistic analytics models, blending behavioural metrics with qualitative measures to understand and assess engagement.
[bookmark: _Toc228533786]5.4.3 Approach for Ethical Governance of Data-Driven Marketing
Key actions include:
· Improving transparency of data collection and use
· Offering clear and meaningful choices to users about their data
· Refraining from deceptive or prey tactics
· Conducting algorithmic audits to identify and mitigate bias
Ethical marketing should be seen as a source of differentiation, enhancing customer trust and loyalty, and ensuring sustainability.
[bookmark: _Toc228533787]5.4.4 Designing Human-Centric Customer Experiences
Linking performance and practice, a key managerial implication is how to combine the benefits of technology with human experience. Automation and algorithm-based optimisation enhance efficiency, but can be detrimental to:
· Emotional engagement
· Perceived authenticity
· Consumer trust
Companies should therefore opt for a blended design approach, which combines:
· Personalisation with transparency and control
· Automation with human interaction as needed
· Efficiency with an emotional or a human touch
This means a transition from technology strategy to experience strategy, which prioritises customers' perception and emotions.
[bookmark: _Toc228533788]5.4.5 Strengthening Trust through Transparency and Accountability
Trust plays a key role in influencing engagement and purchasing decisions. To foster trust organisations need to:
· Provide easy-to-understand information about data practices
· Be accountable for data use
· Manage the relationship between policies and practices (eg, privacy)
[bookmark: _Toc228533789]5.4.6 Leveraging Customer Experience as a Strategic Asset
This research shows the role of CX as a moderator and competitive weapon in explaining behaviour. Organisations should therefore:
· Constantly monitor and refine experience quality at key points
· Remove defects in the customer experience
· Incorporate CX measures into strategic assessment
[bookmark: _Toc228533790]5.4.7 Adopting an Ecosystem Perspective in Marketing Strategy
Finally, the research notes the need to consider customer interactions as within an ecosystem. Organisations should:
· Plan strategies across platforms
· Maintain messaging and experience consistency
· Use data from multiple platforms ethically to improve relevance
This involves shifting from platform to ecosystem management, as consumer behaviour evolves.
[bookmark: _Toc228533791]5.5 Limitations and Future Research
The study was conducted using secondary data and is contextualised. This research makes the suggestion that future studies should be conducted using primary data; researchers should compare across platforms.









[bookmark: _Toc228533792]Chapter 6: Recommendations
[bookmark: _Toc228533793]6.1 Introduction
This chapter presents a set of strategically-oriented, and evidence-based, recommendations that draw on the empirical observations and critical insights identified in Chapter 4 and 5. The recommendations are designed to solve the key research challenges uncovered by the study - i.e., the results of data-driven digital marketing (DDDM), complexities of customer engagement and the emergence of trust and ethical data use, and the mediation role of customer experience (CX).
This chapter does not offer generic managerial recommendations, rather it provides specific, operational and theoretically informed recommendations to enhance the sustainable effectiveness, and ethical benefits of DDDM for large digital platforms (such as Amazon UK). The recommendations are presented thematically, strategically, and aligned with research objectives to ensure that the results are reflected in the recommendations.
[bookmark: _Toc228533794]6.2 Recommendations for Data-Driven Digital Marketing (DDDM)
[bookmark: _Toc228533795]6.2.1 From Hyper-Personalisation to Balanced Personalisation
One of the main insights of this study is the potential for hyper-personalisation to lead to algorithmic addiction, power imbalances and personalisation fatigue. This means that businesses should focus from hyper-personalisation to balanced personalisation.
This involves:
· Randomly injecting serendipity in personalisation for discovery.
· Designing algorithms that encourage diversity and novelty, as well as relevancy based on past experiences.
· Offering consumers choice over the degree of personalisation, and so avoiding alienation.
This helps prevent filter bubbles and information overload, while retaining the benefit of relevant information. It is also in line with preserving consumer agency in algorithmically-enabled environments.
[bookmark: _Toc228533796]6.2.2 Enhance Algorithmic Transparency and Explainability
Transparency plays a significant role in consumers' trust in data-driven settings, as demonstrated by this evidence. As such, firms need to ensure algorithmic explainability when developing their products.
This could translate into:
· Disclosing to customers why products are recommended to them (e.g., "we suggest this for you because you viewed this").
· Providing users with dashboards to show data use
· Opt-outs of different types of data collection and targeting.
Transparency removes distrust and engenders trust in responsibility. This is particularly in terms of both the rise of regulatory and consumer distrust.
[bookmark: _Toc228533797]6.2.3 Reduce Over-Reliance on Predictive Automation
Predictive automation improves decision-making, but as the research findings show, over-reliance on automation can detract from authenticity and experience. Adopt a blended decision-making approach that involves the algorithm and human management.
This can be put into practice by:
· Introducing human-curated content in addition to content selected by algorithms.
· Regularly reviewing algorithmic processes and results for bias, and over-optimisation.
· Creating systems that focus on long-term value of customers, rather than short-term returns.
These safeguards make DDDM agile, flexible and human centric.
[bookmark: _Toc228533798]

6.3 Recommendations for Enhancing Customer Engagement
[bookmark: _Toc228533799]6.3.1 Deploy a Multi-Platform Strategy
This research shows that customer engagement is inherently cross-platform, extending from search engines, social media to ecommerce platforms. Thus, businesses need to be more than "one-foot-in" all platforms; rather, they should employ a digital ecosystem approach.
Key actions include:
· Coordinating advertising efforts across Google, Instagram and TikTok.
· Delivering consistent branding and messages.
· Using cross-platform analytics to measure whole customer journeys.
This helps organisations recognise engagement is an ongoing process, rather than a one-time interaction, so they can enhance interactions along the entire customer journey.
[bookmark: _Toc228533800]6.3.2 Redefine Engagement Metrics
Engagement measurement metrics like clicks, views and time spent are not enough. Companies need to create multi-dimensional engagement metrics that capture qualitative and behavioural rich content.
Recommended metrics include:
· Conversion-adjusted engagement rates
· Repeat interaction frequency
· Customer lifetime engagement value
· Engagement moods (e.g., sentiment analysis)
Through the use of more advanced metrics, organisations can better separate "shallow" engagement from "deeper" engagement that results in long-term value.
[bookmark: _Toc228533801]6.3.3 Mitigate Engagement Fatigue
Engagement fatigue (due to excessive personalisation) needs to be addressed.
Strategies include:
· Varied content presentation and recommendation algorithms.
· Reducing the placement of targeted ads.
· Offering user content controls.
These measures keep users engaged and avoid disengagement from excessive content.
[bookmark: _Toc228533802]6.4 Recommendations for Trust, Privacy, and Ethical Data Practices
[bookmark: _Toc228533803]6.4.1 Implement Proactive Ethical Data Governance
This research shows that adherence to regulatory standards (such as GDPR) is important but just not enough. There is a need to set up a proactive ethical governance framework beyond compliance.
This includes:
· Setting up ethics committees for data initiatives.
· Conducting ethical impact assessments of algorithms.
· Promoting data equality and inclusion.
Governance measures increase accountabililty and build trust.
[bookmark: _Toc228533804]6.4.2 Enhance Consumer Control over Data
Greater consumer trust in organisations is achieved when consumers are given increased control over their data. So, companies should focus on empowering consumers in data control.
Recommended measures:
· Providing fine-tuned privacy preferences.
· Providing options to amend, remove or limit usage.
· Providing informed consent.
User empowerment enhances trust and is consistent with ethical autonomy and consent.
[bookmark: _Toc228533805]6.4.3 Mitigate Algorithmic Bias and Fairness
Algorithmic bias poses a major ethical challenge and risk. Companies should adopt processes to promote fairness in data-driven decision-making.
This includes:
· Frequent bias testing of algorithms.
· Using representative and varied data.
· Using fairness measures in evaluation.
Bias is critical to building credibility and fairness to all
[bookmark: _Toc228533806]6.5 Strategies to Improve Customer Experience (CX)
[bookmark: _Toc228533807]6.5.1 Build Digital Experiences that are Human-Centric
Our research highlights the balance between technical and human-centred design. Companies should adopt human-friendly design to digital experiences.
Key considerations:
· Using simple designs for easy navigation.
· Provoking emotional connections with personalised but non-intrusive interactions.
· And avoiding pushy or aggressive marketing.
[bookmark: _Toc228533808]6.5.2 Enhance the Customer Journey
It's important to consider the overall customer experience (from initial awareness to after-sales) in its entirety.
Recommended actions:
· Understanding the whole customer journey to find pain points.
· Offering a consistent experience.
· Redesigning to incorporate feedback for CX improvement.
[bookmark: _Toc228533809]6.5.3 Actively Manage Negatives
Our research reveals the non-symmetrical impact of CX through negative experiences. So, organisations need to focus on detecting and addressing negative experiences.
Strategies include:
· Implementing real-time customer feedback systems.
· Predictive analytics to detect potential issues.
· Offering timely and sympathetic support.
[bookmark: _Toc228533810]6.6 Suggestions for Future Research and Learning
[bookmark: _Toc228533811]6.6.1 Continuously Develop Consumer Insight
As digital environments continue to evolve, organisations need to continue to engage in research and analytics to explore changing consumer behaviours.
This includes:
· Engaging in longitudinal research of engagement and trust.
· Combining qualitative with quantitative analytics.
· Keeping an eye on consumption trends.
[bookmark: _Toc228533812]6.6.2 Foster Interdisciplinary Collaboration
DDDM demands multidisciplinary expertise in, for example, marketing, data science, ethics and behavioural science.
Organisations should:
· Create cross-functional teams.
· Promote the exchange of expertise between tech and non-tech experts.
· Ensure ethics is a part of technology development.



[bookmark: _Toc228533813]CHAPTER 7: CONCLUSION
The aim of this dissertation was to critically assess the effects of data-driven digital marketing (DDDM) consumer engagement and buying behaviours, focusing on the role of customer experience (CX) in the case of Amazon UK. In recent years, the rise of digital economies has seen a shift in contemporary business strategies away from macroeconomic metrics of organisational performance to a more micro-economic, humanised understanding. Using a thematic, secondary data-driven examination, this study has produced valuable insights about the nature of consumer interactions, decision-making and behavioural implications of DDDM across ever-multiplying information spaces.
The research demonstrates that DDDM is not only a technical or operational system which maximises marketing efficiency, it also has aspects of a ubiquitous behavioural system, shaping, dictating and utilising consumer interaction, behaviour and perception. This is certainly the case for Amazon UK, where algorithms facilitate personalisation, providing a default operational system which structures and produces the user's digital space. Consumers are exposed to few cases of bare information; in contrast they are presented with recommendation engines, advertisements, signs, alerts, insights and suggestions, personalised to user needs and behaviours. This helps to reduce cognitive load, make decision making easier and improve efficiency in the decision-making landscape. However, this comes at the expense of key practices and values, including consumer autonomy and independence. The study shows the issue of algorithmic dependency: over time, there is increased reliance on platform suggestions as a result of being exposed to more relevant content and, in turn, less exploratory search and possibly a less varied choice set.
In addition to changing consumer web decision-making behaviours, the study shows that consumer engagement in the online environment is evolving, fragmented and multidimensional. The study demonstrates, for instance, that consumer engagement happens not only between individuals and a particular platform, such as Amazon, but also across multiple and complex digital platforms such as Google, Facebook and e-commerce platforms. Consumer behaviours often involve a non-linear iterative process of search, compare, review and interact in this space before deciding on a purchase. This challenges typical definitions of engagement as a one-off or platform specific phenomenon to a more dynamic process in which there is an over-time evolution to engagement. More importantly, the findings discover an engagement paradox, where personalisation leads to increases in interaction but does not necessarily lead to engagement or an intention to purchase. In some cases, this is explained by passive viewing (or digital attention) rather than interest, which suggests a possible skew in current metrics of engagement, which overstate the influence of big data marketing practices.
The second significant finding is that the tension between personalisation and privacy is a bargaining factor which drives consumer behaviour. Generally, consumers appreciate the convenience and targeting benefits of personalised marketing, but also want to protect personal information such as privacy of data collection, use and storage. This results in a privacy-trust paradox whereby customers consider the usefulness of personalisation vs risks posed by misuse of data. There is thus a conditional level of trust that is dependent on transparency, control and ethics. The study indicates that customers are increasingly data vigilant, and increasingly savvy in their evaluation of online communications, moving from passive to active roles. This suggests ethical considerations in data-driven marketing practices, which goes beyond the regulatory frameworks, to issues of justice, accountability and autonomy.
A key finding of this thesis is that the customer experience has a mediating impact between DDDM and customer engagement and purchase behaviour. Differentiating DDDM commercial principles with regards to behaviour's influence through the customer experience, which is functional, emotional and relational, is shown. The research demonstrated that good experiences, characterised by ease-of-access, appropriate recommendations and adequate service support, were able to create engagement and avoiding purchasing by reducing the perceived risks and the uncertainty. The study found that negative customer experiences, namely through over-personalisation, irrelevant recommendations and transparency, result in an exaggerated negative effect, leading to disengagement and purchase avoidance. This highlights the fragility of customer experience and the need for organisations to balance innovation and personal touch to better serve their customers. The research also alludes to an automation versus emotional engagement trade-off, suggesting over-adoption of algorithmic technologies can be a detriment to engagement and trust, the primary respectability of relationships with customers.
This research has a number of theoretical consequences. It contributes to the shaping of DDDM, being a socio-technical system of persuasion, not a neutral data platform. It also contributes to engagement theory by providing a multi-dimensional view of engagement across time and multiple platforms, and forging and matching with digital society. Finally, it adds to the literature of trust and privacy by stressing the context-dependant nature of trust involving a data-driven marketplace. More significantly, it fills a gap by empirically validating the contribution of consumer experience, and by providing an integrated perspective on the relationships between actions and outcomes of marketing.
Implications are focused on improving organisations' digital marketing strategies. It emphasises the importance of strategies for personalisation which enhance relevance without leading to information overload and constraints on freedom. It also points to ethical data collection practices which are crucial in increasing trust. Ultimately, the research proposes a more sophisticated approach to the way organisations understand engagement, highlighting the need to consider and recognise the complexity in customer engagement. More importantly, it suggests creating digital experiences with a focus on the customer to enhance overall satisfaction, trust and long-term engagement rather than short-term measures of performance.
The findings of the study have contributed to the existing knowledge, albeit with limitations. The use of secondary qualitative data provides limited insight to consumer experience, on an individual level, and geographical proximity prevents its generalisation beyond Amazon UK. But these limitations also open up opportunities for further research; particularly primary data collection and multi-platform analyses, in addition to longitudinal research exploring consumer behaviour dynamics in data-rich contexts.
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