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Abstract
This study focuses on the effect that artificial intelligence-based Personalisation has on customer loyalty and profitability within digital platform companies through the case of Netflix. Based on a qualitative research methodology with a pragmatist philosophy, the study utilizes secondary sources including academic articles and industry and corporate reports to examine the interrelationships among Personalisation, engagement, loyalty, and customer lifetime value (CLV). The key outcome of the research shows that there is a value creation process in which artificial intelligence-based recommendation systems boost customer engagement, induce loyalty, and thus bring about profitability. Nevertheless, this interrelationship is conditional and depends on the role played by consumers' trust and privacy issues.
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Introduction
The new Artificial Intelligence (AI) age has made a great impact in the strategic positioning of digital platform companies. Data driven technologies, machine learning and predictions analytics and recommendation systems are becoming critical tools for organisations in the digital economy to help them improve customer experience and competitive advantage. The traditional, mass-market business models are losing ground today to benefit hyper-personal, data-driven digital environments in which customer data and insight become core strategic assets. Perhaps the most famous example of this transition is AI-based recommendation systems used in streaming services like Netflix, which leverage AI to analyse various parameters such as user preferences, viewing habits and behaviour to create customized streaming (Gomez-Uribe and Hunt, 2015). These recommendation systems provide the following value propositions to Netflix customers: increasing customer engagement, reducing search time for content, improving user experience and creating a habit loop of using their platform repeatedly due the benefits derived from it. Therefore, this is an important component of Netflix's business model. Consequently, AI-driven Personalisation has become not only a technology but also a strategy to enhance customer loyalty, Customer Lifetime Value (CLV), and repeat the success of digitally-based services for long-term profitability. 
This is accompanied by major issues regarding data privacy, algorithm transparency, ethical data use and user trust, all of which are directly linked using AI driven personalisation tools. While personalized recommendations may make customers easier to deal with and more engaged, they can also produce feelings of being spied on or manipulated and loss of control over their data (Pasquale 2015). This creates an important strategic tension for digital platform businesses such as Netflix, where its success relies on avoiding abusive power from Personalisation while managing to gain same user trust / ethical responsibility. Despite extensive research on AI Personalisation, customer engagement and loyalty, much less systematic consideration has been given to the relation between these factors as drivers of long-term financial performance in digital platform ecosystems. Moreover, prior studies on how meaningful Personalisation can influence profitability fail to capture the moderating role of trust and privacy. Therefore, this study aims to thoroughly analyse the strategic effect of AI-driven on customer loyalty and profitability using Netflix as a case, in which trust and privacy concerns are considered as moderators in digital platform businesses.
Problem Statement
Despite the current literature on the advantages of AI-based Personalisation to improve customer engagement and loyalty, there is a paucity of integrated knowledge of how these outcomes can be converted into financial performance in the long term, especially in digital platforms that operate on a subscription model. In addition, the moderating effect of trust and privacy issues in determining the success of Personalisation strategies is under-researched. Consequently, there is a definite gap in the academic literature and managerial practice, with the strategic linkage between Personalisation, customer behaviour, and profitability not yet completely developed. This disjuncture underscores the necessity of a comprehensive model that links AI-based Personalisation to behavioral and financial performance in digital platform ecosystems.
Conceptual Positioning
This study positions AI-driven Personalisation as a strategic mechanism linking customer experience to financial outcomes, moderated by trust and privacy concerns. It claims that although Personalisation may lead to increased engagement and loyalty, its success is not assured and relies on the perception of the users regarding the use of data and the transparency of the platform. Thus, the correlation between Personalisation and profitability is not linear but influenced by behavioral and ethical considerations in the context of digital platforms.
1.2 Research Aim, Objectives and questions
The aim of this research is to critically discuss the role of AI-based Personalisation in customer retention and profitability in digital platforms business enterprises with a case study example of Netflix.
Research Objectives 
To assess whether AI-based Personalisation has an effect on customer experience and value.
To examine the association between customer loyalty and Personalisation in online platforms.
To measure the role of customer loyalty in Customer Lifetime Value (CLV) and profitability in the long-term.
To investigate the moderating effect of trust and privacy issues in determining the effectiveness of AI-driven Personalisation.
Research Questions
This study is organized to help direct the investigation and to keep the study focused on what is needed to be achieved by the research using a number of sub-questions to help support the central research question. These questions attempt to investigate the association amid AI-driven Personalisation, customer behavior and business performance in digital platform settings through Netflix in particular.
Main Research Question:
What impact does AI-based Personalisation have on customer loyalty and profitability in digital platform companies?
 From a managerial perspective, this study extremely useful since it offers valuable lessons on how to effectively use personalized technologies in their firms to improve customer engagement, retention, and profitability. In this regard, managers running subscription services like Netflix have everything to gain from learning about the links between personalization, customer loyalty, and CLV so as to be able to make informed decisions regarding matters customer experience, data use, and revenue generation. Additionally, this research is useful to managers because it helps them appreciate the importance of striking a balance between innovation and using data ethically in order to protect their consumers.Sub-Research Questions:
1. Does perceived personalization have a positive influence on customer loyalty?
2. Does loyalty of customers have a substantial Customer Lifetime Value (CLV)?
3. Are the privacy issues undermining the impact of personalization on customer loyalty?
4. Is personalization based on AI a sustainable competitive advantage?

The following chapters of this dissertation have been organized as follows. In Chapter 2, a literature review has been presented that critically examines various terms such as personalized services through AI technology, customer loyalty, Customer Lifetime Value (CLV), competitive advantage, as well as the mediating effect of trust and privacy. In Chapter 3, the research methodology used in this study has been described, including the research philosophy, research design, data collection, and analysis method. In Chapter 4, data analysis has been conducted to present findings relevant to the research questions concerning the relationship between personalization, loyalty, CLV, and profitability. Chapter 5 explains the results in light of the theory and provides its implications for theory and management.

2. Literature Review
The fast evolution of Artificial Intelligence (AI) has also changed the strategic environment of the digital platform companies, especially those that work within the business model based on subscription like Netflix. Data-driven strategies have been increasingly adopted as the alternative to traditional methods of product and mass-market orientation, with customer data and insights into customer behavior being used as a competitive advantage. Netflix is one of the most successful examples of such change, as the company employs AI-based recommendation systems to process huge amounts of user data, including viewing history, preferences, and interaction patterns, to provide users with highly personalized content and increase their engagement.
Although the current literature is largely supportive of the idea that AI-based Personalisation enhances customer experience by making it more relevant, less searching, and more retentive, the literature is a more intricate story when viewed through the prism of critical analysis. Davenport et al.  underline the advantages of AI in terms of its efficiency and performance in terms of decision-making and accuracy in targeting (Davenport et al., 2020). Nevertheless, Pasquale disputes this view and states that the lack of transparency in the algorithmic systems poses threats of unequal power distribution, the absence of transparency, and decreased user control. This implies that the strategic worth of Personalisation cannot be interpreted solely through the prism of performance outcomes, but it should also take into account its more ethical and behavioral consequences (Pasquale, 2015).
Moreover, despite the common association of AI-based Personalisation with enhanced engagement and customer loyalty, there is little empirical evidence of the combination of these behavioral effects with financial performance in the long term. Moreover, the problems of trust, privacy, and ethical data use are also often recognized but not properly integrated into the current models. Thus, one of the gaps in the literature is the lack of knowledge about the simultaneous effect of AI-based Personalisation on customer behavior and profitability in the digital platform ecosystem, especially on real-life platforms like Netflix (Kayyali, 2025).
2.1 AI and Personalisation in Digital Platforms
AI-based Personalisation has become a key feature of digital platform business models, allowing companies to go beyond traditional segmentation to highly-individualized customer experiences. In contrast to the traditional marketing methods, which divide consumers into general demographic or behavioral subsets, AI technologies, including machine learning and predictive analytics, enable organizations to process real-time user data and provide customized content on an individual basis. Davenport et al. believe that such data-based capability makes decision-making more efficient and increases the accuracy of targeting, so Personalisation as a value-creating force in modern digital markets is a priority (Davenport et al., 2020).
Nevertheless, although this viewpoint emphasizes the advantages of AI in terms of performance, it is likely to ignore significant drawbacks. Pasquale counters this by highlighting the lack of transparency of algorithmic systems, stating that the use of black-box decision-making minimizes transparency and generates power imbalances between companies and customers. This implies that even though AI can help to improve efficiency, it can also erode user autonomy and trust. Thus, the strategic worth of Personalisation cannot be measured only by the results of engagement, but it should also take into account its ethical and behavioral consequences (Pasquale, 2015).
One of the most important uses of AI-based Personalisation is recommendation systems. Collaborative filtering, content-based filtering, and hybrid models are the techniques that allow platforms to forecast user preferences basing on the previous behaviour and interaction patterns (Ricci et al., 2015). These systems are especially useful in information-rich environments, where they minimize search costs, and direct user decision-making. Consequently, customized suggestions are commonly known to be the sources of user interest and site expansion.
At Netflix, recommendation systems that are based on AI are highly integrated into the strategic processes of the company. Gomez-Uribe and Hunt prove that a significant part of user viewing behaviour is affected by personalized recommendations, which are effective in influencing consumption behaviour (Gomez-Uribe and Hunt, 2016). These systems are adaptive learning systems, which keep on refining recommendations in response to the interactions of the users. This continuous optimization improves relevance of the content, time spent on the platform, and improves user engagement.
Nonetheless, AI-based Personalisation is not as efficient as it has its drawbacks. Despite the fact that the recommendation systems improve interaction, they create filter bubbles, restricting the exposure to a diverse content, which may reduce user satisfaction in the long-term. In addition, privacy, transparency, and data abuse are the problems that are raised by the continuous accumulation and processing of personal data. Pasquale points out that such practices have grave ethical and regulatory issues particularly when the users do not know or control the use of their data (Pasquale, 2015). This indicates that there is an extremely critical tension in digital platforms: the same processes that enhance Personalisation and engagement may disrupt the trust when it is perceived as intrusive or opaque.
In this way, AI-based Personalisation may be viewed as a complex strategic tool which has its pros and cons. Despite enhancing the customer experience and efficiency in operations, its long-term sustainability will depend on how organizations will address the issues of transparency, ethical data practices, and user trust. Interestingly, the outcomes of Personalisation do not only concern the immediate engagement, but it is the key factor that affects the customer loyalty and devotion to the behavioral patterns in the long-term. In its turn, these results assist in creating Customer Lifetime Value (CLV), which enhances the strategic importance of Personalisation in the long-term profitability in the digital platform ecosystems.
2.2 Relationship Marketing and Customer Loyalty
Relationship marketing is a transition of transactional relationships to long term and value-based relationships between organizations and customers. This is especially important in the digital platform setting, where long-term engagement and retention are key to achieving success in subscription models. Lemon and Verhoeff suggest that customer experience in various digital touchpoints is one of the determinants of long-term loyalty because positive interactions with customers over time builds customer relationships (Lemon and Verhoeff, 2016). Here, the use of personalized experiences is critical to platforms like Netflix to ensure a constant engagement and commitment of the user.
The Personalisation that is driven by AI will improve relationship marketing because it will help firms to provide highly relevant and tailored interactions. Through user behaviour and preferences, platforms may offer personalized content, recommendations, and interfaces, which will enhance perceived value and emotional attachment. This is in line with the Commitment-Trust Theory that was put forward by Morgan and Hunt who opine that trust and commitment are the underlying factors to successful relational exchanges. In this sense, Personalisation enhances relationships by making them more significant and pertinent, thus promoting loyalty (Morgan and hunt, 1994).
The association between Personalisation and customer loyalty is not always positive though. Although Kumar and Reinartz emphasize that the retention can be enhanced with the help of data-driven strategies, which help to constantly adjust to the needs of customers, other researchers are more critical (Kumar and Reinartz, 2016). Bleier and Eisenbeiss (2015) believe that over Personalisation can create a feeling of intrusion and especially when the user feels that their privacy has been violated. Personalisation in these situations may have adverse impacts on trust and decrease customer satisfaction and eventually lower loyalty instead of increasing it. This implies that the success of AI-based Personalisation greatly relies on its perception by the users (Bleier and Eisenbeiss, 2015).
Additionally, Customer Loyalty Ladder provides an easy model to understand how the relationship may develop over time, beginning with the first awareness and transitioning to the advocacy in the long-term. Within the digital sphere, AI-based Personalisation can contribute to accelerating this process by enhancing each of the customer journey phases. As an example, the Netflix content discovery and user satisfaction recommendation system improve the utilization of the platform and make users reuse it and develop an emotional attachment to the platform. The outcome of such a continuous reinforcement can be more loyalty and less churn. 
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Figure 01: AI-Driven Personalisation in Relationship Marketing
Source: Adapted from Davenport et al. (2020)
Figure 1 below shows that AI-based personalisation has a very crucial role in building customer engagement and strong relationships by combining data and relationship marketing theories.
The literature however indicates that Personalisation does not merely affect loyalty, but is moderated by other aspects such as trust, transparency and perceived fairness. Personalisation may counteract the relational advantages it is designed to create unless the users believe that it is manipulative or intrusive. Therefore, despite the fact that Personalisation on the basis of AI is an efficient way of enhancing relationship marketing, its efficiency will be pre-determined by the fact that it will be relevant and considerate of the privacy of users.
In general, AI-based Personalisation may be regarded as one of the facilitators of customer loyalty in the digital space, but its effectiveness is relative instead of absolute. Notably, a higher rate of loyalty due to successful Personalisation is key in prolonging customer relationships and churn. This subsequently leads directly to Customer Lifetime Value (CLV) which points to the strategic connection between relationship marketing, behavioral results, and long-term financial results.	
2.3 Customer Lifetime Value (CLV)
Customer Lifetime Value (CLV) is a well-known measure of long-term profitability, especially for companies with a subscription-based digital platform business model, like Netflix. CLV is different from the traditional performance metrics which focus on short-term transactions and the total financial contribution made by a customer to the firm over the lifespan of their relationship. This is particularly pertinent to the objectives of this study, which is focused on understanding the implications of customer loyalty, measured through AI-driven personalisation and its impact on long term profitability. The fact that CLV helps in assessing sustainable business performance makes it a significant strategy, as per the arguments put forward by Gupta et al. (2016), which is more cost-effective to retain existing customers than acquire new ones (Gupta et al, 2016)
CLV is also one of the dependent variables connecting customer behavior to financial performance and answering RQ2 regarding whether customer loyalty results in increased value. Personalization, facilitated by AI, is important for developing such a relationship between variables and ensuring customer engagement, satisfaction, and retention. Fader & Hardie (2017) suggest using predictive analytics to predict customer behavior and create personalized customer interactions resulting in long-term value. Recommendation systems reduce search costs for customers and increase their satisfaction with platforms like Netflix. The ability to retain users and prevent churn is demonstrated. Personalization through AI thus becomes critical in managing customer relations for maximizing CLV.
But as sometimes written in the literature, the relationship between engagement, loyalty and CLV is not as direct as one could think. Many studies examine behavioural measures of use, satisfaction, etc., but fail to necessarily define what these are translated into measurable long-term financial gains. This constraint is especially significant for the current research problem, which aims to critically consider the possibility that AI personalisation actually contributes to profitability or simply boosts short-term engagement. For instance, higher engagement doesn't always mean higher profit, and might result in higher operating expenses or lower user trust. This indicates that CLV cannot be simply assumed to be the result of personalisation but that it is dependent on a number of factors and conditions that interact.
Beyond this, the success of personalisation in CLV is dependent on trust and privacy issues, which form the focus of this study. A poorly executed personalisation can have a bad effect on the user's perception, causing them to disengage and to churn, as discussed later in the text. However, personalisation, if it is felt to cross privacy lines, could lead to lower satisfaction and loyalty and thus weaken CLV, as shown by Bleier & Eisenbeiss (2015). This is a critical point in the research problem in that AI-based personalization could increase LTV, but it must be based on positive customer perceptions and trust (Bleier and Eisenbeiss, 2015).
In addition, the competitive dynamics in the digital platform markets will affect the interplay between personalization and customer lifetime value (CLV). With increased adoption of artificial intelligence technologies, the uniqueness that it may bring about through personalization may become less in the future. It becomes clear that when it comes to CLV, one needs to look at other factors, including content, pricing, and trust systems.
2.4 Data-Driven Competitive Advantage
Competitive advantage in the context of digital platform business can be well understood using the Resource-Based View (RBV) which holds that firms gain long-term competitive advantage through the use of valuable, rare, inimitable, and non-substitutable resources (Barney, 2001). Nowadays, in the digital environment, data and AI-based capabilities have become strategic resources that meet these requirements. In contrast to conventional resources, data-driven capabilities enable firms to constantly learn through user behaviour, improve decision-making, and improve customer experiences. This has led to the increasing importance of a firm capacity to gather, analyze and strategically use mass amounts of data in determining competitive advantage in digital markets.
This benefit is complemented by AI-based Personalisation, which can transform raw data into actionable insights that can improve operational efficiency and customer interaction. McAfee and Brynjolfsson explain that organizations that leverage big data analytics have an advantage over their competitors because they make faster and evidence-based decisions and also streamline their customer interactions (McAfee and Brynjolfsson, 2017). Equally, Wamba et al. emphasize that data analytics improves the performance of the firm as it helps to target customers more accurately and deliver services more effectively. Personalized recommendation systems of services like Netflix are constantly changing based on user interactions, forming a feedback loop where the more people use it the more data it has, and therefore generates more accurate recommendations. This dynamic capability enhances customer loyalty and helps to increase Customer Lifetime Value (CLV) which will eventually help in long-term profitability (Wamba et al., 2020).
Nevertheless, although RBV indicates that data-based capabilities can be a source of long-term competitive advantage, this presumption is becoming more questionable in the digital age. The distinctiveness of such capabilities could decline in the long term as AI technologies become more readily available, and they would not be able to be used as a long-term differentiator. Moreover, the data accumulation-based competitive advantage can be restricted by the regulatory factors, especially concerning the data privacy regulations like GDPR. Such limitations may limit the way companies gather and use data, thus undermining the efficacy of Personalisation strategies.
Moreover, the use of AI-based Personalisation also poses threats of user trust and ethical issues. As mentioned in the previous section, a large amount of data gathering or absence of transparency can have a pernicious impact on customer perceptions, as they will be less engaged and loyal. This implies that competitive advantage does not entirely depend on the technological capability, but also on how the firms deal with trust and uphold ethical standards. Trust in this sense is an additional resource that promotes the sustainability of data-driven advantage.
Furthermore, network effects also support competitive positioning in the digital platforms. The bigger the user base of a company like Netflix, the bigger the datasets it will have access to, which can be used to boost the performance of the algorithms and increase the accuracy of Personalisation. This forms a vicious circle in which increased Personalisation is more appealing to more users, which results in more data and market dominance. This, however, depends on the ability to keep the users engaged and trusting in the long run.
In general, AI-based Personalisation and data analytics have huge potentials of competitive advantage, but their sustainability in the long term is conditional. Companies have to strike a balance between technological advancement and moral responsibility and adherence to regulations to keep the trust and guarantee their further functioning. Thus, competitive advantage in digital platforms can be best thought of as a dynamic process that is determined by the interplay between data capabilities, customer behaviour, and trust instead of a resource-based advantage.
2.5 Privacy, Trust and Ethical Concerns
Although AI-based Personalisation has important strategic advantages, it also brings up important issues of data privacy, transparency in algorithms, and ethical use of data. The privacy paradox is one of the most popular notions in this respect, as it is the paradox between the readiness of users to provide personal information in order to receive personalized experiences and the anxiety about the collection, storage, and use of this information at the same time. With the growing dependence of digital platforms on behavioral data to improve Personalisation, users have become more aware of the problem of surveillance, control, and the possible abuse of their data.
According to Martin and Murphy, the absence of transparency in data practices can severely harm consumer trust, which will result in decreased engagement and less strong customer relationships. This implies that Personalisation can be more convenient and relevant but can also be uncomfortable when users feel that it is intrusive or manipulative (Martin and murphy, 2017). On the same note, Pasquale emphasizes the dangers of algorithmic opaqueness, in which users possess little knowledge of the decision-making process, which supports the argument of unfairness and responsibility. These views question the notion that increased data-driven Personalisation is necessarily more effective (Pasquale, 2015).
Trust then comes in as a key mediating variable in the success of AI-based Personalisation initiatives. In the eyes of relationship marketing, the key to long-term customer loyalty is the presence of trust (Morgan and Hunt, 1994). The users will find it easier to accept the recommendations customized to them when they feel that their information is being managed in a responsible and transparent manner and without fear of law abuse and privacy invasion, they are more likely to continue to be involved with the platform. Nevertheless, such trust may be easily broken. Bleier and Eisenbeiss (2015) prove that when Personalisation is overly practiced, and especially goes beyond the perceived privacy limits it may harm customer satisfaction and lead to decrease customer loyalty.
Moreover, the ethical data practices in digital markets have become more significant because of the presence of regulatory systems like the General Data Protection Regulation (GDPR). These rules stipulate that firms need to guarantee user consent, data safety, and accountability and restrict the amount of data that could be gathered and used. Although industry regulators are safeguarding consumers, they also limit the flexibility of the operations of firms which may influence the efficacy of Personalisation strategies. This brings a new level of complexity in which companies will have to juggle between conformity and keeping afloat.
Moreover, ethical aspects are not limited to the privacy but also concern such issues as algorithmic discrimination and equality. Having historical data can cause AI systems to support the or promote already present biases inadvertently, causing uneven or biased advice. This not only casts doubt on the ethical concerns but could also have negative influences to the user trust and platform credibility.
In general, the reading indicates that AI-based Personalisation, in itself cannot be regarded as a positive phenomenon, but the way it is applied and viewed by the users is what will make it or break it. The concern of trust and privacy take the form of moderating variables that either contribute to the positive effects of Personalisation, loyalty and Customer Lifetime Value (CLV), or the negative effect of Personalisation, disengagement and churn. Thus, with digital platforms, such as Netflix, sustainable performance level can only be attained by not being only technologically advanced, but also having an interest and responsibility in making the digital operations more transparent, ethically oriented on data policies, and trustworthy. This supports the perception of a complicated, contingent and behaviorally, as well as ethically influenced relationship between the concept of Personalisation with profitability.
2.6 Conceptual Framework
This study develops a conceptual framework based on the reviewed literature to illustrate the relationships between AI-driven Personalisation, customer behaviour, and financial performance. The model combines moderators and behavioral results to give a comprehensive perspective of value creation in digital platform firms.

Figure 1: Conceptual Framework of AI-Driven Personalisation and Business Performance
Figure 2 represents the theoretical model used for the research, demonstrating the sequential nature of the relationship between AI-based personalisation and the business performance results. The model demonstrates that through enhancing the customer experience, AI-based personalisation positively impacts the customer loyalty, leading to CLV improvement through increasing subscription periods and minimising the churn. This ultimately positively impacts the profitability of the company. The theoretical model takes into account trust and privacy as moderators, having an impact on the nature of relationships between personalisation, loyalty, and profit.
2.7 Identified Research Gap
While the existing literature is rich with literature in the field of personalisation in AI, customer loyalty and firm performance are mostly investigated separately and not as a unified strategic approach. Previous research has investigated the use of AI to improve customer engagement and operational efficiencies (Davenport et al., 2020), and in the field of relationship marketing, the significance of customer experience has been emphasised in fostering customer loyalty (Lemon and Verhoef, 2016). But there is still poor empirical evidence of personalisation based on AI tools and how personalisation is integrated with behavioural (customer loyalty) and financial (CLV and profitability) outcomes in a single analytical model. This implies that there is a theoretical gap in the literature which is the relationship between important constructs.
This is not only a theoretical limitation, but a clear empirical limitation as well. Although research shows that personalisation does affect consumer behaviour, there is a lack of evidence that illustrates how these effects impact over time in the financial performance of an entity, especially one operating in a digital platform that is subscription-based such as Netflix. Many studies have been conducted on engagement measure but have not necessarily been connected to Customer Lifetime Value (CLV) and profitability (Fader and Hardie, 2017). Therefore, there is a scarcity of real-world evidence or context-specific cases linking AI-driven strategies to tangible, economic outcomes in digital ecosystems.
Moreover, this research lacks methodological gaps. A lot of the work that has been done is based on quantitative models and is based on large amounts of data, without taking the context and the strategic complexity of the implementation of AI in organisations into account. Limited use of qualitative case study methods which can give a better understanding on how the AI-driven personalisation works in practice and how managerial decisions impact the effectiveness of the personalisation (Yin, 2018). This indicates the need for more context-rich and interpretive research that captures the dynamic interrelationship between technology, customer behavior and business performance.
Trust and privacy concerns are among the few moderating factors that are poorly developed in the literature. Although previous research acknowledges the significance of data ethics and consumer privacy (Martin and Murphy, 2017), limited studies have integrated all of them into a single conceptual model that explores their implications for the success of personalisation strategies. That's a conceptual gap, as the conditional nature of AI driven personalisation, where outcomes are dependent on user perceptions, is underexplored.
Thus, the objective of this research is to develop an integrated conceptual framework that connects personalisation through AI technologies with customer loyalty, Customer Lifetime Value (CLV) and profitability, and explicitly includes trust and privacy as moderators. The use of a qualitative case study approach with Netflix as a case study allows the research to offer contextually rich and strategically relevant insights into the nature of these relationships in actual digital platform contexts. The study thus offers a more comprehensive understanding of the concept of value creation using AI, providing both theoretical and practical insights.
3. Methodology
This chapter presents the research methodology applied for answering the research questions formulated by the study concerning the effects of AI-based personalization on customer loyalty, CLV, and profitability of the digital platform companies. More precisely, the chosen methodology will enable to answer such research questions as follows: the effect of perceived personalization on the level of customer loyalty (RQ1), the role of loyalty in achieving economic benefits for an organization (RQ2), the moderating effect of trust and privacy issues on the relationship between personalization and loyalty (RQ3), and the possibility of using AI-powered personalization as a sustainable competitive advantage for the company (RQ4). This chapter discusses the research philosophy, design, methodology, and methods applied in order to make the results reliable and relevant. By choosing a qualitative case study design for conducting research, the focus will be on gaining insights into the strategic value of AI usage at Netflix as a digital platform company.
3.1 Research Philosophy
The pragmatist research philosophy is the one adopted in this study since it is the most suitable method given the nature and purpose of this research. Pragmatism enables the flexibility of choice of methods and is concentrated on solving the research problem by the most appropriate combination of methods, without insisting on any philosophical side (Saunders et al., 2019). This is especially pertinent in the context of this study, aimed at examining the multifaceted connection that exists among AI-based Personalisation, customer retention, and profitability in the context of a real-world online platform scenario.
In contrast to positivism which foregrounds pure objective and quantitative measurement only, pragmatism acknowledges that organizational phenomena are often sorted out in need of both empirical and contextual analysis. Customer behaviour and strategic performance cannot be best described using numerical data in the case of AI-driven Personalisation because they are affected by user perceptions, trust, and ethical issues. Thus, pragmatist approach will allow the study to integrate the structured secondary data with interpretive analysis to come up with informative results.
Also, pragmatism does not object to the adoption of a qualitative case study approach, because, in this way, the researcher will be able to consider the practical end results and practical implications, but not just theoretical generalizations. Based on a variety of secondary data points, such as scholarly articles, industry reports, or company disclosures, the study will accomplish the creation of a thorough and evidence-based insight into how AI-supported Personalisation works within platforms ecosystems. The pragmatist philosophy guarantees that the research purpose, qualitative design, and analysis are all coherent, which would improve the usefulness and validity of the results of the study.
3.2 Research Design
This paper uses a qualitative research design based on a single case study to consider the strategic implications of AI-motivated Personalisation vis-a-vis customer loyalty and profitability in the context of businesses operating in digital platforms. A qualitative design fits into the study because the research seeks to inculcate the sophisticated associations amid the technological potentialities, customer behaviour and business performance, which cannot be appropriately encompassed using quantitative measurements. The design provides an in-depth, contextualized insight into the processes of AI-driven approaches within real-life environments.
A case study approach would be particularly appropriate in the present study as it would allow conducting deeper research into modern phenomena in the context of their real-life environment (Yin, 2018). This is significant considering the fact that AI-based Personalisation is intimately entrenched in organizational workflows and the interaction between users, and it is hard to remove it out of the context of its working conditions. The study through a single case will be able to build deep context-specific findings that will be valuable to both theory and practice.
The choice of Netflix is based on its relevance to strategies. It is known to be a world leader in the streaming sector and has one of the most developed and data-intensive AI infrastructures. Its business model is founded on its recommendation system that determines user interaction, retention and continued subscriptions. Also, Netflix already has a data-rich operating environment; the company is constantly receiving and analyzing vast amounts of user behaviour data and the company is the perfect case study to investigate the practical use of AI-driven Personalisation. This not only presents the case with a lot of information, but it is also theoretically important and deepens the analysis.
The research design is based on analysis of secondary data using scholarly literature, industry reports and disclosures by the company. This method allows utilizing plausible and high-scale data and remains realistic in terms of time and resource limitations (Johnston, 2017). Also, methodological triangulation is effective, as numerous data sources are used, which reinforces the results and makes them more in-depth. On balance, this design provides the alignment of the research aims, philosophical approach, and analytical strategy contributing to the reinforcement of study validity and relevance.
3.3 Data Collection
This research employs a secondary data collection strategy to explore the strategic role of AI-powered Personalisation on customer loyalty and profitability in digital platform businesses, with the focus on Netflix as the key case study. The results of the secondary data collection are found to be the most appropriate data collection method since the study is about an already existing global organization where a wide range of information regarding the strategic operation, customer engagement practice and financial performance are available. This allows the researcher to analyze evidence in real-world organizations without some of the time, cost and accessibility constraints encountered in primary data collection techniques like surveys or interviews (Johnston, 2017).
This work is especially well adapted to the use of secondary data since there is already significant academic, industrial, and corporate literature on AI-driven Personalisation in digital platforms. Secondary sources enable the study to incorporate evidence from various angles with respect to both historical and contemporary information, which adds to the depth and reliability of the analysis. Secondary research is particularly useful when there are significant and credible data to be analyzed systematically to answer research questions efficiently, as described by Johnston.
This research employs data triangulation by using data from academic literature, data from industry evidence, and data from the company itself as a source of data. To support the methodological rigor, this research uses data triangulation, which is the use of data from the academic sources, data from industry evidence, and company data. Multiple sources of data make the findings more credible and valid by decreasing over reliance on one source of evidence. Moreover, the triangulation allows for a critical examination of the theoretical arguments in relation to the practical business results in the context of the use of AI-driven Personalisation strategies.
Data for the study is gathered from three main types of sources. The first source is peer-reviewed academic journal articles where the theoretical and conceptual bases of the research are set. Key concepts are explored through various academic sources, such as Scopus, Google Scholar, Emerald Publishing, and ScienceDirect, which include AI-driven Personalisation, relationship marketing, customer loyalty, Customer Lifetime Value (CLV), trust, privacy concerns, Resource-Based View (RBV), and related concepts. These are the sources that help the critical evaluation of the existing theories and empirical findings that are relevant to digital platform ecosystems.
Second, we use industry reports and the market analysis by organizations such as McKinsey & Company, Deloitte, PwC and Statista to explore the overall trends of AI adoption and digital transformation growth, customer behavior or platform competition. These reports provide quantitative measures of both AI impacts on customer engagement, strategies for improving the retention rate or competitive position in digital markets. Moreover, industry evidence helps us draw comparisons between Netflix and the broader market trends and new platform strategies.
Third, company-specific documents concerning Netflix are analysed to assess the implementation of AI Personalisation strategies. These documents include publicly-available disclosures from Netflix Investor Relations and the Netflix Media Center, along with annual reports, shareholder letters, SEC filings, investor presentations, transcripts of earnings calls, and various other documents. These sources offer in-depth insights into recommendation algorithms, growth of subscribers, retention strategies, customer engagement metrics, revenue performance and strategic business developments. The analysis of these materials will allow the problematization of the theoretical and practical aspects of strategic implementation.
The combined data for the current trends and most recent developments in AI technologies and digital streaming platforms post the pandemic is reported from 2020-2026. This period is particularly important as it coincides with the explosion of digital media consumption, increasing competition between platforms and importantly the strategic importance of Personalisation technologies for subscription-based businesses.
Collected data will be systematically reviewed and coded to form theme based on conceptual framework of the study. Thematic categories are Personalisation capability, customer engagement, customer loyalty, trust and privacy issues, Customer Lifetime Value (CLV) and profitability. This way of working helps identify patterns, relationships and strategic implications among various types of evidence. The analysis will also help the study to evaluate the role of AI Personalisation in achieving sustainable competitive advantage and to take into account the ethical and behavioral constraints related to trust and privacy.
Only sources with specific inclusion criteria will be selected to guarantee the quality and relevance. The sources should have been published in the last five years (2020–2026), from credible academic or professional institutions, and should have information that can be publicly verified and is relevant to the topic of AI Personalisation and/or digital platform businesses, and specifically to Netflix or similar streaming companies. This selection process enhances the reliability, validity and academic rigor of the research findings.
Table 3.1 Data Collection Framework
	Data Type
	Source (Specific References)
	Variables Measured
	Purpose
	Analysis Method

	Academic Journals
	Davenport et al. (2020), Lemon & Verhoef (2016), Fader & Hardie (2017), Bleier & Eisenbeiss (2015)
	AI personalisation, customer loyalty, trust, CLV
	Develop theoretical framework and identify relationships between key constructs
	Literature synthesis

	Company Reports
	Netflix Inc. (2023) Annual Report, Netflix Investor Relations (2024), SEC Filings (Form 10-K)
	Revenue, subscriber growth, retention rates, recommendation strategy
	Assess organisational performance and role of AI-driven personalisation
	Content analysis

	Industry Reports
	McKinsey & Company (2021), Deloitte (2022), PwC (2023)
	AI adoption trends, customer behaviour, digital competition
	Benchmark findings against industry practices and validate trends
	Comparative analysis

	Market Statistics
	Statista (2023, 2024)
	Subscriber numbers, market share, engagement trends
	Quantify platform performance and support empirical findings
	Trend analysis

	News & Business Sources
	Reuters (2023), Bloomberg (2024), Netflix Media Center (2024)
	Strategic updates, pricing changes, AI developments
	Capture recent developments and real-time business strategies
	Thematic coding


Types of secondary sources that have been utilized for this study, their respective extracted variables, role within the study, and methods of analysis are described in Table 3.1 below. As evident from the table below, various sources of secondary data were utilized in order to enable triangulation and investigation of the relationship between AI-based personalization, customer loyalty, CLV, and profitability.
3.4 Data Analysis
In this study, thematic analysis is used to analyze the secondary data related to AI Personalisation, customer loyalty, Customer Lifetime Value (CLV), and profitability in the context of the Netflix digital platform ecosystem. Thematic analysis is judged as the most suitable analytical approach as it allows the researcher to systematically identify patterns, strategic relations, behavioral trends and underlying meanings from the various types of qualitative and documentary evidence. They include peer-reviewed journal articles, Netflix annual reports, investor presentations, consultancy publications, market statistics and industry reports.
Thematic analysis is a flexible and rigorous qualitative analytic method that helps in the organization, interpretation and reporting of complex data sets into themes (Braun & Clarke, 2006). Thematic analysis is the right method for this study since it shows that the study has a combination of strategic, behavioral and financial issues, which are interrelated and cannot be fully explained through quantitative measurements. AI Personalisation in digital platforms extends beyond efficient technology, shaping customer perceptions, trust, engagement, and sustainable profitability. Thus, the use of thematic analysis will enable the study to critically interpret the organizational practices and behavioral outcomes in a real-world business environment.
To ensure methodological consistency, analytical transparency and rigor in the analysis process, the analysis is carried out using a structured analytical process consisting of six stages of analysis.
Data familiarization is part of the first stage. The collected documents undergo several reviews to gain comprehensive insight into the concepts, strategic patterns, and behavior relationships that appear repeatedly in the context of AI-powered Personalisation. That means reading academic papers on recommendation systems, consumer behavior, and relationship marketing as well as Netflix corporate communication, investor reports, consultants' publications and industry analyses. Through repeated reading, key strategic themes can be identified that relate to customer engagement and retention, trust, customer privacy, and profitability.
Open Coding is the second stage. In this process, pertinent sections of the collected data are systematically coded with descriptive and/or interpretive codes in relation to the objectives of the research and conceptual framework. Some of the initial codes are the relevance of the recommendation, user engagement, viewing behavior, customer satisfaction, reduction of churn, subscription continuity, concerns of trust, privacy risks, transparency of the algorithm, increase in revenue, adaptive learning capability and competitive advantage. The coding process helps to structure a lot of secondary information into small analytical units which do not lose meaning or context of the original information.
The third stage is when related codes are clustered into more general analysis categories. Customer Experience and Engagement: Codes related to viewing convenience, content relevance, decreased search effort, and personalized recommendations. Likewise, repeat subscriptions, sustained customer platform use, retention rates, and decreased customer attrition are part of Customer Loyalty and Retention. Profitability and Financial Performance represent financial factors such as subscriber growth, revenue stability and Customer Lifetime Value (CLV). Trust and Privacy Concerns refer to data surveillance concerns, opacity of algorithms, ethical risks and privacy intrusion. 
Step four is to make and elaborate on themes. At this stage, the general categories are broken down into final themes directly related to the conceptual framework and research goals of the dissertation. This process helps the study to draw the logical connections between the AI-driven Personalisation capabilities and the behavioral outcomes, the ethical issues and the long-term business performance. Themes are continuously refined to achieve conceptual clarity, analytic relevance and consistency throughout the data set.
The fifth stage is the stage of interpretation and integration in the theory. The identified themes are interpreted critically with respect to supporting theories, which have been utilized in the study such as the Relationship Marketing Theory and the Resource-Based View (RBV). Relationship Marketing Theory can help explain the ways in which Personalisation can improve customer relationships, enhance emotional connections, and support loyalty building, whilst RBV can help explain that AI capabilities and data-driven systems could be considered strategic resources for the organization which could help build sustainable competitive advantage. The study critically examines the impact of AI Personalisation on customer engagement, loyalty, Customer Lifetime Value (CLV), and profitability, and the potential of trust and privacy concerns as moderators in this context.
The last step is to summaries and deliver the results in a comprehensible analytical storytelling. The interpreted themes are woven into the findings and discussion chapter to illustrate how Netflix leverages AI Personalisation as a strategic tool to drive customer behavior and economic results. The credibility and depth of the analysis is further enhanced by cross-comparison between academic theory, industry evidence and Netflix specific evidence. This systematic analytical process enhances transparency, consistency, analytical rigor and the trustworthiness of the research findings.
This also brings a methodological flexibility and contextual depth to the study through the use of thematic analysis. Thematic analysis is more than just statistical analysis, enabling the researcher to critically explore strategic, behavioral and ethical aspects in the context of the whole digital platform environment. It, therefore, enables a deeper understanding of the opportunities and potential risks that AI-driven Personalisation offers to subscription-based businesses like Netflix.
Table 3.2 Thematic Analysis Framework
	Stage
	Data Extract / Evidence
	Analytical Activity
	Output (Codes / Categories / Themes)
	Purpose

	1. Data Familiarisation
	“Netflix uses machine learning algorithms to personalise recommendations based on users’ viewing history, which significantly increases engagement and reduces churn rates.” (Netflix Annual Report, 2023)
	Repeated reading and review of selected data extract
	Initial understanding of key concepts such as AI usage, engagement, and retention
	To identify relevant patterns and contextual meaning

	2. Open Coding
	Same extract segmented into key phrases
	Labelling meaningful units of data
	AI capability, personalisation, user data utilisation, engagement, retention
	To generate initial descriptive and interpretive codes

	3. Categorisation of Codes
	Grouping related codes
	Organising codes into broader categories
	AI capability + personalisation + user data → AI-driven personalisation Engagement + retention → customer behavioural outcomes
	To structure codes into meaningful analytical groupings

	4. Theme Development
	Categories refined into themes
	Identifying overarching patterns
	AI-driven personalisation → Personalisation as a strategic value driver Customer behavioural outcome → Engagement and retention enhancement
	To develop core themes aligned with research objectives

	5. Theoretical Integration
	Linking themes to theory
	Applying relevant frameworks
	Personalisation as value driver → RBV (Barney, 2001) Engagement & retention → Relationship Marketing Theory (Morgan & Hunt, 1994)
	To connect findings with established academic theory

	6. Interpretation & Synthesis
	Final interpretation of themes
	Analytical explanation of findings
	AI-driven personalisation enhances engagement and retention, supporting loyalty and CLV development
	To produce a coherent explanation aligned with the study framework



Table 3.3 Thematic Coding Framework Based on Netflix Secondary Data Analysis
	Data Source
	Raw Data Example (with Initial Coding Embedded)
	Initial Code
	Analytical Category
	Final Theme

	Netflix Annual Report (2023)
	Users regularly watch recommended content [Recommendation effectiveness]
	Recommendation effectiveness
	Customer Engagement
	AI Personalisation Effectiveness

	Academic Literature (Ricci et al., 2015)
	Reduced time spent searching for movies and shows [Viewing convenience]
	Viewing convenience
	Customer Experience
	AI Personalisation Effectiveness

	Statista (2023)
	Customers continue monthly subscriptions over long periods [Customer retention]
	Customer retention
	Customer Loyalty
	Personalisation and Loyalty

	Netflix Investor Report (2024)
	Lower customer cancellation rates [Reduced churn]
	Reduced churn
	Customer Retention
	Personalisation and Loyalty

	Netflix Financial Reports (2023)
	Increase in revenue generated per subscriber [Revenue growth]
	Revenue growth
	Financial Performance
	Loyalty and Profitability

	Industry Report (McKinsey, 2021)
	Growth in viewing hours and platform activity [User engagement]
	User engagement
	Customer Behaviour
	AI Personalisation Effectiveness

	Academic Literature (Martin & Murphy, 2017)
	Concerns regarding user data tracking [Privacy concern]
	Privacy concern
	Trust and Ethics
	Trust and Privacy Moderation

	Academic Literature (Pasquale, 2015)
	Negative perceptions of algorithm influence [Algorithm distrust]
	Algorithm distrust
	Ethical Concern
	Trust and Privacy Moderation

	Statista (2024)
	Large subscriber data improves recommendation accuracy [Network effect]
	Network effect
	Strategic Capability
	Sustainable Competitive Advantage

	Netflix Tech/AI Reports
	AI continuously improves recommendation quality [Adaptive learning capability]
	Adaptive learning capability
	Data-Driven Capability
	Sustainable Competitive Advantage



The coding framework for thematic analysis based on the secondary data sources is depicted in Table 3.3. The selected secondary data sources include Netflix Annual Reports (2023), company investor presentations, Statista industry data, and pertinent scholarly articles and industry reports. The table reflects how the initial raw qualitative data drawn from the secondary sources was effectively coded, classified, and further organised into high-level analytical themes. The example provided below shows the implementation of thematic analysis in relation to the discussed topics.

Theme 1: AI-Driven Personalisation and Customer Engagement
This theme investigates critical dimensionalities of AI-powered recommendation systems in terms of their influence on customer engagement such as personalized content retrieval, delivery with higher relevance of recommendations, reducing the effort exerted by customers to search and improved platform convenience. It examines the data-driven insights Netflix gains from user behavior and how these insights are used to boost viewership, enhance satisfaction, and enhance interaction with the platform through applying machine learning algorithms. The theme also explores if greater engagement is a sign of greater value generated for the customer, or if it may also promote passively watching content and Algorithm-Dependent Viewing behavior in digital platform ecosystems.
Theme 2: Personalisation and Customer Loyalty
This theme examines how much AI-powered Personalisation can help boost customer retention, repeat use of the platform, and lower customer churn rates. The study examines the value of personalized digital experiences for fostering emotional connections, customer loyalty, and retention in Netflix's subscription-based business model. Moreover, the theme questions whether Personalisation (by itself) can retain customers in a very competitive streaming industry and whether brand trust, price, or content weight heavier on customer retention.
Theme 3: Customer Loyalty, Customer Lifetime Value (CLV), and Profitability
This theme goes through the associations among customer loyalty, Customer Lifetime Value (CLV) and long run profitability in a digital stage business. The analysis delves into the significance of ongoing customer engagement and retention for Netflix's recurring subscription revenue, acquisition cost savings, and financial stability. Further, the theme looks in detail at how greater Personalisation does not necessarily yield greater long-term profitability, as operational expenses, market dynamics and evolving consumer habits all factor into the streaming industry's financial performance.
Theme 4: Trust, Privacy and Ethical Issues as moderating variables
This theme analyzes the impact of trust, privacy issues, data monitoring and the transparency of algorithms on the success of AI Personalisation. This study examines how the customers׳ attitudes to data gathering, privacy protection and ethical use of AI can interact to enhance or mitigate customer satisfaction and loyalty processes. The topic also is the act of balancing efficiency and ethical responsibilities with demand for Personalisation, which is predominantly driven by growing regulatory scrutiny as well as public awareness concerning intrusive data collection / algorithmic manipulation and digital surveillance.
Theme 5: AI powered Personalisation for sustainable competitive advantage.
The theme here is whether the Personalisation of AI is a viable sustainable competitive advantage in the digital platform markets. Based on the Resource-Based View (RBV), the analysis highlights the strategic differentiation and market positioning of Netflix's massive behavioral data, recommendation algorithms, adaptive learning systems, and network effects. The theme also looks at the potential for the advantage to shift in the future due to technological imitation, rising competition, regulation, and the risk that AI capabilities might become commonplace industry assets instead of specific strategic advantages.
3.4 Reliability and Validity
In order to guarantee rigor and source of reliability of the study, the present research employs the qualitative criteria of credibility, transferability and dependability (Lincoln and Guba, 1985) as compared to the quantitative measurements of reliability and validity.
Credibility refers to the accuracy and internal validity of the findings. This research shows the use of data triangulation to improve credibility by referring to several external sources of secondary data, including academic literature, industry reports, and Netflix-specific disclosures to cross-verify the insights. This will minimize dependence on one source and give the analysis a stronger appeal.
Transferability is associated with the degree of applying the findings to other contexts. Despite being a one-case study with Netflix as a subject, this study is relevant, given that Netflix is a global market leader and has well-developed AI and is an environment of all data. Consequently, the results can be generalized to other businesses in digital platforms with similar nature.
Dependability relates to the integrity and dependability of the research itself. This is accomplished in a well-organized methodology, such as transparent data collection processes and a methodical approach to the thematic analysis. Data interpretation consistency is also supported by the analyzed data through the application of the developed frameworks like the thematic analysis introduced by Braun and Clarke (2006).
Nevertheless, it is admitted that the use of secondary data can lead to some constraints, such as possible corporate reporting bias and absence of immediate views of users. Nevertheless, this fact is balanced by having authoritative and varied sources of data enhancing the overall reliability and validity of the study.
3.5 Ethical Considerations
This research follows the recommended ethical principles in conducting research by ensuring that all the data is gathered, analyses and presented responsibly and transparently. Since the study is based solely on secondary data, the problems of informed consent, anonymity, and direct protection of the participants do not play a role here. Ethical responsibility is, however, core in the proper choice, interpretation and presentation of data.
Each of the sources resorted to in this paper (peer-reviewed academic articles, industry reports, and company disclosures) are publicly accessible and reported on with reference to the Harvard referencing traditions to ensure the academic and prevent plagiarism concerns. Moreover, the research adheres to the principles of data protection, such as those specified in the General Data Protection Regulation (GDPR), as it does not imply gathering and processing of personal or identifiable information.
One of the ethical aspects in this study is connected to the fact that secondary sources of data may be one-sided. Such reports on the industry, as well as published sources, could be biased interpretations of information, whereas corporate disclosures, including Netflix annual reports, and investor presentations can portray a positive picture of organizational performance. It brings with it the threat of corporate reporting bias, as any negative apprehensions or constraints of AI-driven strategies might be lowballed.
To deal with this, the study takes a comparative and critical approach where it cross-checks various data sources to be able to do so without being one-sided. The research will reduce the chance of bias and increase the validity of the results by synthesizing the academic literature, independent industry reports, as well as company-specific information. On the whole, these ethical procedures will guarantee the transparency, objectivity and academic rigor of the study.
3.6 Research Quality
This research is credible (Valid) due to the use of data triangulation with several secondary data sources that is determined in detail. The research in particular draws on knowledge from articles published in academic journals (Davenport et al., 2020), industry analysis (McKinsey & Company, 2021), and firm-level sources such as Netflix Annual Reports (2023). The results obtained from these different sources are compared against each other to make sure that the results obtained are not derived from one source only, but are consistent with a range of different theories. This triangulation strengthens the internal validity of the study because it implies that the relationship between AI driven personalisation, customer loyalty and Customer Lifetime Value (CLV) is substantiated by several evidences (Saunders et al., 2019).
Also, the application of accepted theories further validates the analysis as it is based on recognised academic theories. These frameworks are used consistently for understanding results in terms of engagement, loyalty, and competitive advantage, so that the results are not just descriptive but theoretically driven.
The process of research methodology in an orderly and transparent manner is essential for ensuring the reliability of the research. The data was collected using proper criteria, and credible and updated sources such as peer-reviewed journals, industry reports, and company publications were used as sources. In this research, a structured thematic analysis method, described by Braun & Clarke (2006), was used, involving the following steps: familiarization with the data, coding, categorization, and theme generation. In addition, the coding system (Table 3.3) illustrates how the information derived from sources like Netflix reports and Statista data sets were interpreted and coded uniformly. The transparency of this process enables the research to be replicable and logically traceable, to increase the reliability.
However, a number of methodological limitations should be noted. The use of secondary data does not provide actual perceptions of the users or immediate behavioural response and therefore it may not provide a level of detail when it comes to customer attitudes. Using secondary data analysis, as described by Johnston (2017), is limited due to the range and quality of the available datasets, and thus, the researcher is not able to pursue emerging themes in greater detail.
Another significant constraint is that of data bias, including corporate reporting bias. Sources like company reports, like Netflix Annual Reports (2023) and investor communication, might give a positive view of performance in a particular company, underreporting issues like churn risks or limitation of recommendation systems. Likewise, industry reports from groups like McKinsey and Deloitte might be rooted in institutional views that highlight the positive effects of technologies. This creates the risk for selective reporting which may affect interpretation if not evaluated critically.
To overcome these limitations, the study has been conducted as a critical and comparative analytical study using the data from the companies as well as external academic and industry sources. For instance, Netflix's data on engagement and retention are analyzed in light of external data provided by Statista (2024) and backed up by academic studies on customer behaviour. That tri-angle approach minimizes bias, and strengthens the findings overall.
CHAPTER 4: DATA ANALYSIS AND FINDINGS
The following chapter analyses the results obtained through the secondary analysis of the data related to the topic under consideration. The aim of this chapter is to investigate the relations between AI-driven personalisation, customer engagement, customer loyalty, CLV and profitability of digital platform companies. The analysis will be performed by answering the formulated research questions. In particular, this chapter answers such research questions as follows. Does AI-driven personalisation lead to customer loyalty? (RQ1); Does customer loyalty result in increased CLV? (RQ2); How do trust and privacy issues moderate the above relations? (RQ3); Is AI-driven personalisation a sustainable competitive advantage for digital platform companies? (RQ4). The following chapter is devoted to the presentation of the results of the research undertaken, and these results are discussed in Chapter 5.
4.1 Impact of AI Personalisation on Customer Engagement and Loyalty (RQ1)
Analysis of secondary data suggests that AI-based personalisation has a positive effect on customer loyalty based on its influence on customer engagement. According to Netflix reports and information from the industry, a considerable number of customer actions are due to recommendations provided by AI algorithms; for example, the studies conducted suggest that approximately 70-80% of viewing decisions made by customers are related to the use of recommendation systems (Gomez-Uribe and Hunt, 2016). Greater customer engagement, in turn, helps build habitual behavior and continuous interactions with a particular company. In addition, according to industry reports (McKinsey, 2021), platforms with personalized content experience greater retention rates than those with plain content distribution methods.
In addition to this, lower search efforts appear to be another mediator of the relationship between Personalisation and user engagement according to the data reviewed in this paper. The use of AI systems reduces the efforts related to finding content that might interest users since the system suggests appropriate content. Such an idea is supported by Ricci et al. (2015), who state that recommendation systems help make decisions more efficiently, thus leading to increased platform engagement.
Moreover, it is essential to note that the analysis also indicates that engagement involves more than just functional factors but also includes psychological and relational elements. Personalisation leads users to believe that the platform knows their needs and thus improves their sense of relevance and emotions. It facilitates positive relationships between users and platforms, which is an important factor in relationship marketing theories that precedes loyalty. Supporting evidence for this finding can be found in the codebook analysis (Table 3.3), where “recommendation effectiveness” and “user engagement” were recurrently identified as themes.
Nevertheless, it is important to add that such a relation is not always unconditioned. The data suggests that too much dependence on algorithms and recommendation systems may result in filter bubbles and decreased content diversity and, therefore, hamper sustained engagement. At the same time, there are issues related to data privacy and algorithms that could affect the efficiency of Personalisation.
4.2 Personalisation and Customer Loyalty (RQ1)
Insights gained from secondary data analysis allow for drawing another conclusion related to building loyalty. Participants from our focus group discussions (FGD) associated loyalty with behavioral attachment towards the product/service offerings. The secondary evidence affirms that AI-enabled Personalisation also leads to emotional loyalty. Netflix’ algorithm shows users content tailored to their tastes/preferences repeatedly, which then builds habitual platform usage. Research shows that habit formation is one of the leading causes of behavioral loyalty when it comes to digital subscription services.
Furthermore, since AI-based Personalisation results in users repeatedly returning to the platform, engagement-driven retention numbers serve as data-backed proof of its impact on loyalty. Statistics show that platforms that offer users personalized recommendations boast customer retention rates 10 times higher than those who serve users with non-personalized content (McKinsey, 2021). As referenced earlier, around 70–80% of what Netflix users watch is served to them by the platform’s recommendation system (Gomez-Uribe and Hunt, 2016). It is thus safe to state that users do not drift away from the app, thereby fostering increased loyalty as they keep using the app repeatedly.
Lastly, the second component of loyalty that emerged from the discussion among the respondents was the consumer’s emotional connection to the platforms. The feeling that users are getting information tailored specifically for them because of algorithmic recommendations makes the consumers feel like they are deriving high-value benefits from the app. This inference is further supported by the Relationship Marketing Theory, which states that customers develop loyalty due to feelings of value addition. Within our code book (Table 3.3), multiple participants pointed towards “customer retention,” “user engagement,” and “accuracy of recommendations” as a sign of users being loyal to the platform.
Our research also showed that users will not be completely loyal to platforms that they feel are being intrusive with their data and usage patterns. If users feel as though the platform is being opaque with their data, Personalisation will not impact their perception of a brand as strongly.
4.3 Loyalty and Customer Lifetime Value (RQ2)
Secondary data analysis suggests strong and consistent evidence that customer loyalty can have a significant and quantifiable effect on Customer Lifetime Value (CLV) in digital platform companies. Data from Netflix reports and industry insights suggest that AI-powered Personalisation provides a significant boost to customer engagement, retention, and ultimately, customer loyalty, directly impacting subscription lengths and overall customer value. For example, Netflix has found that more than 70–80% of its users time on the platform is spent on watching videos recommended by the system, showing that there can be a sustained engagement from users when they feel personalized (Gomez-Uribe and Hunt, 2016). This reinforces the fact that loyalty isn't just a behaviors but also a data-backed business driver for CLV.
Further empirical evidence comes from the industry level of the correlation between profitability and retention. In subscription-based business models, maintaining and boosting customer loyalty can lead to a 25–95% boost in profits with just a 5–10% increase in customer retention, as per Bain & Company (2020). For companies like Netflix, who earn most of their income from customers' recurring subscriptions, longer customer relationships help to boost CLV. To this end, Statista (2023) says that Netflix's churn rate is around 2-3% per month, which is relatively low compared to the industry average, and thus the company has a strong retention rate. These are just a few of the insights gleaned from the data analysed, which show that lower churn and longer engagement have a direct positive impact on customer lifetime value.
Two mechanisms from the analysis can explain the relationship between loyalty and CLV further. Firstly, higher engagement equates to greater subscription longevity: because people who are engaged with personalized content are more likely to stay subscribers. Second, lower churn increases the Cumulative Revenue per User (CRU) which helps businesses maximize their revenue over the long term. This aligns with the retention, engagement frequency, and customer satisfaction as key CLV drivers as identified by Fader and Hardie (2017). This relationship was also reflected in the coding framework (Table 3.3), as the outcomes “customer retention,” “reduced churn,” and “revenue growth” were consistently coded under financial performance outcomes.
The findings, on the other hand, show that the relationship between loyalty and CLV is not necessarily a simple one. Variables such as price, content, and customer trust towards the platform may have influence on customer retention and lifetime value. It can be inferred from this that despite the importance of loyalty to CLV, there are other considerations involved within the broader strategy context.

Figure 2: Relationship Between Customer Loyalty and Customer Lifetime Value (CLV)
The above relationship is shown in Figure 2 via the following behavioral drivers. AI-based personalization increases customer engagement, which in turn results in loyalty and longer subscriptions among customers. As such, the result is lower churn, which in turn means longer lasting customer relationships and increased value for each individual user. This is how Customer Lifetime Value is increased via AI personalization, hence positively impacting the profitability of the business model. From the diagram, it can be seen that customer loyalty is the critical intermediary driver, along with lower churn and longer subscriptions in creating value for the platform model such as Netflix.
This number demonstrates the impact of AI-based Personalisation on improving the customer experience, which improves loyalty and increases the duration of subscription and churn. All these contribute to Customer Lifetime Value (CLV) which is a major contributor to future profits in online platform ventures.
The results do not indicate this too as the findings can also indicate that loyalty and CLV are not completely linear. Although the more the audience interacts, the greater the chances they retain, the variables of pricing, availability of content, and trust may mediate this interaction. It means that behavioral loyalty is not the only factor that affects CLV, but there are also more macro-strategic and macro-contextual factors. Thus, to achieve competencies in managing customer relationships, firms should think holistically and not focus on measurement of engagement alone.
Generally speaking, CLV turns out to be a direct path towards profitability, converting behavioral results to quantifiable economic performance. Long-lasting customer loyalty in digital platform ecosystems helps firms to lead to foreseeable revenue streams, diminish the acquisition expenses, and attain long-term competitive advantages. This reaffirms the strategic value of connecting the AI-related Personalisation to the behavioral and financial results in a holistic framework.
4.4 Moderating Role of Trust and Privacy
Secondary data analysis shows that trust and privacy moderate the relationship between AI-based Personalisation and behavioral and emotional loyalty. Though the primary research shows that Personalisation increases engagement and strengthens loyalty, the secondary data findings show that this relationship may not be definite and applies under certain conditions depending on how users feel about data practices and purposes. From Table 3.3 coding scheme, codes such as “privacy concern” and “algorithm distrust” seemed to be prevalent showing users feel differently about data collection and utilization.
Trust was found to strengthen Personalisation’s relationship with loyalty. This means when people feel comfortable and have high perceptions of how platforms collect their data and what it’s being used for, they tend to accept recommendations and consistently return to the platform. It gives support to Relationship Marketing Theory because trust is found to be a driver of long-lasting relationships with consumers (Morgan and Hunt, 1994). Moreover, evidence supports that when customers have high levels of trust, there is an increase in retention and engagement online (Martin and Murphy, 2017). Therefore, trust has shown to augment Personalisation impact on both behavioral and emotional loyalty.
The result shows that privacy concern reduces the strength of the relationship. This implies that when individuals are concerned regarding the manner in which their information is collected and how it is being utilized, there will be lesser sharing of information. Evidence shows that people are well aware of data collection and how it is being used to target them. As a result, they tend to develop feelings of surveillance, lack of control, and privacy concerns if the Personalisation is too evident. This was shown in the codes of “privacy concern” and “algorithm distrust” being linked to negative feelings towards the platform. If users feel this way, they are less likely to accept recommendations which weakens customer loyalty despite high engagement.
Drops in trust can negatively impact platform performance. The evidence shows that when users trust the brand less, they will not engage as much, feel less emotional attachment to the brand, and are more likely to cancel their subscription. If users are constantly churning, this will affect your retention rates and CLV leading to decreases in profitability. Research done by Bleier and Eisenbeiss (2015) found that if consumers felt marketing was too personalized to the point where it violated their privacy boundary, they tended to rate the company lower on satisfaction.
Trust and privacy concerns are not two separate things; they are embedded within each other through the use of Personalisation. If platforms make an effort to gain and keep their users trust by being transparent about their privacy policy and data governance and allowing users control over their data, Personalisation will continue to have a positive effect. If platforms don’t consider these things, they may ruin the impact of AI.
In general, the results have shown that trust and privacy are key moderating factors and hence the nature and intensity of the relationship between Personalisation, engagement, loyalty and profitability. This strengthens the thesis that the Personalisation in AI usage can be characterized not merely as a technical possibility but as the conditional strategic asset where success will be decided by the ability to keep the user trust and ethical uprightness on the ecosystems of digital platforms.
4.5 AI as a Source of Competitive Advantage (RQ3)
The interpretation of the coded data yields substantive support for the proposed moderator role of trust and privacy concerns. Consistent with previous research, it has been validated that Personalisation contributes to engagement, which is beneficial for loyalty in digital platform businesses context. However, the survey results reveal that such positive effects are conditional. As evidenced by the occurrence of “privacy concern” and “algorithm distrust” in the coded nodes see Table 3.3, customers’ acceptance towards AI-driven Personalisation may diminish if they are concerned about how platforms collect, process, and use their data.
Trust has been identified as an important value driver that amplifies how Personalisation affects behavioral metrics like engagement. This is because when customers trust the platform to responsibly collect, protect, and use their data, customers are more willing to accept personalized suggestions, which could lead to further engagement with the platform such as spending more time watching recommended programmes and developing satisfaction and emotional connection with the platform. This explains why Netflix is able to maintain its relatively low churn rate of about 2–3% each month (Statista, 2023), despite criticism over its Personalisation system, consumers still receive value from the platform on the whole and maintain some level of trust with it. Moreover, since trust has been identified as one of the foundational drivers of long-term relationship commitment in Relationship Marketing Theory (Morgan and Hunt, 1994), it stands to reason that trust also amplifies the extent to which engagement leads to commitment, which is operationalized as customer loyalty.
On the other hand, privacy concern has been identified to weaken, if not invert, the relationship established between Personalisation and engagement and between engagement and customer loyalty. Many players across industries have reported increased concerns over surveillance, control, and privacy from their users over the tracking of personal data and automated decision-making algorithms (Martin and Murphy, 2017). When users lack trust in platforms to responsibly manage their personal data, they may feel uneasy accepting the content recommendations because they feel that platforms are not being transparent about how their data are collected and what they are allowed to do with users’ data. Evidence for this explanation can be found in the node titled “privacy concern” and “algorithm distrust”, as users who chose this option were largely skeptical about AI-driven recommender systems.
Secondary literature also provides support for the notion that privacy concern weakens the impact of Personalisation on behavioral outcomes. According to Bleier and Eisenbeiss (2015), Personalisation improves customers’ perception of relevance, but reduces their overall satisfaction if it invades their privacy. Taken together, these findings suggest that there is an optimal level of Personalisation that maximizes customer satisfaction and loyalty. Applied to Netflix, while Personalisation improves content discoverability for users, consuming too much content recommended by algorithms may feel monotonous to users or leave them feeling like they have less control over what they can watch on the platform. Taken at the extreme, this implies that Personalisation can backfire if not properly implemented.
Furthermore, weakening customer trust appears to have larger negative implications for behavioral outcomes than privacy concerns. Whereas privacy concern appeared to weaken the impact of Personalisation on engagement, lowering customer trust appeared to lower the willingness of users to accept personalized content recommendations. Algorithmic distrust also leads to decreased engagement with the platform. Over time, this also deteriorates users’ emotional connection with the platform which causes them to unsubscribe. As such, privacy concern not only affects users’ short-term engagement with the platform, but trust also affects users’ long-term loyalty to the platform in the form of retention and CLV. This also explains why trust is believed to moderate the entire value creation process of AI-driven Personalisation.
Finally, it can be seen that privacy concern is deeply entwined with AI-driven Personalisation, as platforms that are able to address privacy concerns are able to sustain the positive impact of Personalisation. For instance, the platforms may reduce concerns among users on AI-powered Personalisation through increased transparency regarding what kinds of personal information may be collected, what security measures will be taken for the protection of that information, and how the information is used to offer personalized content. In addition, the platforms can give users more control over their information, like the ability to control which information is used to make recommendations. At the extremes, platforms that incorporate these features are able to improve the customer’s perceived control over their data, reducing privacy concerns and strengthening the effects of Personalisation. On the other hand, platforms that fail to be transparent about their use of personal data are able to detract from the customers’ perceived trust with the platform. As such, AI-driven Personalisation is not purely a technological feature, but also a feature that is heavily impacted by whether the platform is ethical in its use of consumer data.
As mentioned in subsection 3.2.2, with new privacy laws like GDPR being passed, being ethical in the collection, storage, use, and deletion of consumer data is now necessary for staying compliant, further strengthening the need to build customer trust.
In conclusion, research question 3 has been sufficiently answered based on the findings of the coded data. Privacy concern can negate, and in some cases reverse, the positive influence that Personalisation can have on engagement and commitment. Personalisation will result in higher levels of engagement and commitment, although this will depend on whether the customer trusts the platform to use the collected data effectively. This shows that AI Personalisation is a trust-dependent function.

CHAPTER 5: DISCUSSION
Overall, the results of this research verify a causal chain of value creation through AI-driven Personalisation that feeds into customer loyalty, CLV and profitability. First, addressing RQ1, the research provides evidence that Personalisation, measured through perceived Personalisation, leads to customer loyalty through customer engagement, search effort, and perceived relevance. The data by Netflix illustrates that recommendation algorithms are the driving factor behind more activity on the platform by users. Additionally, repeat usage, habit formation and emotional attachment are all mentioned within the literature review as potential avenues through which Personalisation impacts long-term relationships. Therefore, these results can substantiate the role of AI-driven Personalisation in cultivating customer relationships.
Turning to RQ2, loyalty was found to have both a significant and positive impact on CLV. As aforementioned, increases in engagement and decreases in churn can prolong the length of time an individual subscribes to a service and how much they spend overall. Furthermore, an article mentioned within the results discussion provides evidence that increases to retention have significant impacts on profitability. As CLV was measured by calculating total revenues of subscribers, it can be concluded that CLV mediates the relationship between behavioral metrics and profitability. Loyalty also moves beyond being perceived as an attitudinal metric.
Regarding RQ3, there was found to be sufficient evidence to confirm that privacy concerns can negatively impact how Personalisation affects customer loyalty. The article by Fan et al. (2021) found that trust moderated the relationship between all phases of the value creation process. In effect, if users perceive that there is a level of transparency in how the platform is using their data, then they will experience more metrics like engagement due to the perception of usefulness, making Personalisation more impactful. Conversely, if users feel that their data is being exploited either from an issue with privacy, algorithmic transparency, or intrusion, then they will be reducing metrics like engagement, which will lead to churn. Therefore, the impact of Personalisation on loyalty is dependent on another factor.
Finally, in terms of RQ4, evidence was found to suggest that AI-driven Personalisation can lead to sustained competitive advantage. Due to the large scale of data that Netflix has in comparison to potential competitors and their constant refining of algorithms leads to high barriers to entry and consistently high-quality content recommendations. This supports the RBV of the firm, as mentioned within the literature review. However, this study can build upon RBV by arguing that while they may possess valuable resources, if they are unable to maintain trust with their users then their competitive advantage will not be sustained.
In addition to the contributions to knowledge, this study also speaks to theory in multiple ways. Relationship marketing theory would argue that long-term relationships are only possible when a firm is able to cultivate both trust and commitment (Morgan and Hunt, 1994). This study supports that assertion. On the other hand, AI-driven Personalisation can be viewed as a resource that Netflix possesses. Recommendation algorithms i.e. machine learning and large scale of data can allow a firm to obtain sustained competitive advantage according to RBV. However, this study can challenge traditional RBV arguments by proving that resources are not inherently useful – they can be influenced by other factors.
In conclusion, this study has found through its results that there is sufficient evidence to support a chain of value creation through AI-driven Personalisation. Recommendation algorithms lead to increased customer loyalty by cultivating habit formation and emotional attachment. This loyalty leads to an increase in CLV which will lead to an increase in profitability. Nonetheless, these considerations are also influenced by the ability of the organization to maintain credibility in their customers. Organizations require a more balanced approach that integrates all these considerations in order to remain competitive.
5.2 Theoretical Contribution
Firstly, the research contributes to the Resource-Based View (RBV) paradigm by validating, based on the empirical findings obtained in Chapter 4, that AI-based personalization capabilities act as dynamic, and not static, strategic resources. As is shown in the case of Netflix, recommendation engines constantly get better at what they do because of user input and machine learning processes that are triggered from it. Hence, AI capabilities are not rigid strategic assets but rather dynamic ones that develop over time due to constant learning. Nonetheless, one can note from the findings that AI capabilities have limited value if users' trust is breached. This way, the research makes a contribution to RBV by demonstrating that strategic value creation using AI is dependent on technology alone but also user perception and data ethics.Although traditional RBV focuses on valuable, rare, and inimitable resources, the results reveal AI powers, including data analytics and recommendation algorithm, constantly enhance during user interaction and data aggregation. This makes AI a resource and strength, where more utilization leads to more information, improving system functionality further (Barney, 2001). Nonetheless, the traditional RBV assumptions, that this value of these resources is conditional such that its effectiveness depends on the trust and acceptance of the user. This adds a finer touch to RBV, in which only technological capabilities cannot support a competitive advantage without additional protecting relational and ethical characteristics.
Second, the research is valuable as it merges the marketing and financial performance as one within the same framework. The extant literature tends to look at the issue of customer engagement, loyalty, and financial performance like Customer Lifetime Value (CLV) separately. Conversely, this study forms a chain of causation of value-generation where AI-led Personalisation leads to customer loyalty and further to the CLV and profitability. This combination offers a more comprehensive picture with regard to how behavioral results can be converted to quantifiable fiscal results within digital platform ecosystems. By linking these constructs empirically, this research paper bridges one of the gaps in the literature, and it also shows that the marketing activities, especially Personalisation strategies, are directly linked to long-term financial sustainability and are no longer the efforts of a customer-centric type of activity.
Lastly, the research also contributes significantly as it determines the moderating variables of trust and privacy to play an important role in the Personalisation-performance relationship. Whereas trust is recognized by the previous studies as an important factor (Morgan and Hunt, 1994), it is seldom used to form a combined construct of linking Personalisation, loyalty, and profitability. The results show that trust determines the nature and quality of these relations, indicating that Personalisation bears positive or negative results: engagement and retention, and disengagement and churn. This input adds to existing literature by placing trust as one of the primary elements but as a driving force of the success of AI-driven strategies. Consequently, the work offers a more detailed theoretical framework which is more representative of the multifaceted, conditional nature of value generation in information-intensive digital worlds.
5.3 Managerial Implications
From a managerial perspective, the insights from Chapter 4 reveal that investment in personalized capabilities enabled through AI is one of the key success factors in running digital platforms. For instance, the research demonstrates that a considerable part of user engagement on Netflix is generated by means of recommendation engines, whereby previous research revealed that up to 70–80 percent of viewing choices made by users depend on personalized algorithms (Gomez-Uribe and Hunt, 2016). Higher levels of engagement increase user loyalty, prolong subscription period and lower churn rate. Therefore, higher CLV and hence profits can be obtained. Consequently, from the analysis provided in this research, it is evident that AI personalization constitutes a critical strategic skill and not an improvement. Managers need to focus on the evolution of sophisticated data analytics and recommendation systems since they have direct impact on customer engagement, retention and the profitability over the long-term. Nonetheless, this investment must go even further and comprise both technology and organizational abilities in the form of data infrastructure, talent and lifelong improvement of algorithms. Companies which do not invest in these risks losing to details of competitors who may offer more relevant and engaging customer experiences.
At the same time, managers must recognize that the success of Personalisation strategies is highly dependent on ethical data practices and transparency. The results indicate clearly that user trust is a very important variable affecting engagement and loyalty. Hence, managers ought to establish clear data governance policies, act on the practices of regulations like GDPR, and communicate to users freely regarding the collection and use of their data. The customer experience must include transparency where users can learn and where possible, manage Personalisation settings. This does not only minimize perceived risk but also boosts trust, which is critical in the long-term relationships.
Moreover, managers should engage in both approaches to Personalisation, by making sure the process of seeking relevance should not bring about perceptions of intrusion. Whereas it is clear that having highly personalized recommendations may increase engagement, too much or too targeted recommendations can result in discomfort and diminished levels of user satisfaction. 
Chapter 6: Conclusion
Overall, this study offers clear and evidence-based answers to the research questions set out in Chapter 1, showing that, according to the results in Chapters 4 and 5, AI support for personalisation within digital platform businesses is a key factor in affecting customer behaviour as well as financial performance. First, results show that personalisation with AI has a positive impact on customer loyalty (RQ1), evidenced by higher engagement, better user experience, and lower search effort. Second, results validate that customer loyalty does have a significant impact on Customer Lifetime Value (CLV) (RQ2), as it leads to a longer customer subscription and lower customer attrition. Additionally, the results indicate that trust and privacy issues serve as significant moderating factors (RQ3): When customers perceive a misuse of their data or insufficient transparency, the positive impact of personalisation on loyalty and retention can be undermined. Moreover, the research indicates that AI-driven personalisation can serve as a sustainable competitive advantage (RQ4), provided that the organization has robust data quality programs and its algorithms are continually improved, and trust is maintained. Hence, a comprehensive and well-integrated strategy to implement AI-driven personalisation is necessary, in which investment in technology, ethical data handling, and customer-centric design are all interconnected and mutually reinforcing, working together to create a lasting competitive advantage, boost customer retention, and improve financial outcomes in the digital platform economy.
This study set out to examine the strategic impact of AI-driven Personalisation on customer loyalty and profitability within digital platform businesses, using Netflix as a case study. The results in Chapters 4 and 5 substantiate an intertwined connection where the AI-based Personalisation serves to increase customer engagement, which reduces customer loyalty thus increasing Customer Lifetime Value (CLV), leading to long-term profitability. The study shows that Netflix superior recommendation systems are core components of conscience user behaviour, including minimizing search, maximizing viewing, and instilling habitual viewing. In addition, the research has an important theoretical contribution, as it builds upon the Resource-Based View (RBV) by introducing dynamic AI capabilities, and by considering the marketing and financial performance to be directly connected and integrated into one framework in addition to establishing trust as a key, moderating factor. Managing, the results highlight the role of AI capability investment and, at the same time, a customer-centric and data-driven approach to maintain engagement and competitive edge.
Nevertheless, it is also noted in the study that the success of AI-based Personalisation is not absolute. Trust, transparency and ethical data practices are very sensitive issues that determine the nature of perception and reaction to Personalisation efforts by users. In situations where trust is preserved, Personalisation builds stronger relationships and it is more likely to retain customers; in situations where trust is destroyed, engaging more customers and retaining them becomes harder, which reduces the long-term value-generating capability. This supports the finding that sustainable competitive advantage in online platforms is not realized by technology itself, but rather by the harmonious combination of the development of new innovations and ethical management. Managers must then make sure that they adopt the Personalisation strategies in a responsible manner, with clear and respectful communication to user privacy. On the whole, the research acts as a confirmation that AI-powered Personalisation is one of the effective and, nevertheless, conditional strategic tools, and its success in the long term will be determined by the capability of organizations to reconcile the technological ability with the process of trust-building and ethical accountability.
The key drawback of this research is the use of secondary data sources such as academic literature, industry reports, and company disclosures.These were reliable sources of information that provided a general perspective but could be subjective because of their interpretation, and bias could have been involved while presenting them, such as with the use of corporate documents, where for instance, the reports of Netflix will always provide a positive outlook. Besides this, using secondary data did not allow for interaction with the user, thereby making it difficult to understand the behavior of users who interact with AI-powered personalization.Consequently, the results are interpreted based on evidence and not primary empirical data and could limit the behavioural analysis. Nevertheless, with all these drawbacks, the adoption of the secondary data was very appropriate in this study especially in the research questions. As the study is aimed at looking at the relationship between AI personalisation, customer loyalty, Customer Lifetime Value (CLV) and profitability at a strategic level, secondary data will be used to gain access to large scale, real world evidence from organisations and industries that would be hard to acquire using primary data. For instance, engagement, retention, and financial performance can be measured in company reports and industry data and is critical to answer RQ2 and RQ4. In addition, academic and industry sources provide well-known information about trust and privacy issues, which can be used to analyze the moderating effects in RQ3. Thus, the use of secondary data can improve the breadth, relevance and practical applicability of the research, although it has the disadvantage of not being able to go into detail with the perceptions of the individual.
The second limitation of the research is that it has only one case study which is Netflix. While the application to Netflix is very relevant and data-rich because of the high level of artificial intelligence and its global scale, it is limited to a single organisation, which lowers the transferability of the findings. The business models, users, and data strategies in digital platform businesses vary widely, so the relationship that is found in this study may not be fully generalisable. The case study method has also several benefits: it enables a detailed, and context-specific, analysis of how AI-driven personalisation works in practice. This level of detail allows for the study of the relationships between personalisation, customer behavior and financial outcomes in a real-life organisational context, which is particularly relevant when answering the research questions. However, it would be beneficial for future studies to be a comparison or multi-case study, which would increase generalisability across digital platforms.
Lastly, the lack of quantitative testing, as well as statistical validation, is the limitation of the study. Qualitative approach gives contextual and in-depth information on correlations between Personalisation and loyalty and profitability, but it is also not capable of measuring the causal strength / statistical significance. With no quantitative modelling, e.g. regression analysis or Structural Equation Modelling (SEM), the proposed relationships are supported theoretically and analytically, but not empirically established. This restricts generalization of findings on a high degree of statistical certainty.
Future Research
Future research should be developed to identify significant improvements with a comparative analysis between the different digital platforms (Amazon, Spotify, etc., YouTube). These platforms exist in different settings and use different personalisation approaches, allowing researchers to test the relationships found in this study for generalisability across different industries. Comparative studies would also provide a better understanding of the effects of contextual factors e.g. the type of platform, the structure of the content and the behavior of the users on the implementation of AI-driven personalization and increase the external validity of the findings.
Further, the future research should also involve the direct methods of data collection such as survey, interview and experimental method for the first-hand perception and behavioural responses from the users. This would give a much greater understanding of the personalisation experience from individuals' perspectives, specifically with regard to trust, privacy issues, and value. Primary data would also provide the opportunity to analyse the differences between segments of users and get a finer-grained view of the impact of personalisation on engagement and loyalty with individual users.
Moreover, it is suggested that in the future, quantitative modelling methods like the one called Structural Equation Modelling (SEM) should be used to empirically test the relationships suggested in this research. Quantitative research would enable scientists to measure the relationship between AI-based personalisation, customer loyalty, Customer Lifetime Value (CLV) and profitability, in terms of its strength, direction and significance.It would be useful for statistical validation of the conceptual framework and enhance the reliability and generalisability of the findings.
Finally, in future studies, one could examine how AI can be utilised in other aspects of e-commerce, including AI-based customer reviews and sentiments. By using NLP technologies, businesses could learn more about their customers' preferences and problems they may have faced during their interaction with the business. This would help businesses to optimize the personalisation strategy but also enhance their service delivery and customer experience. Feedback analytics and personalisation systems can thus, be integrated to build a more responsive and adaptive digital platform ecosystem that would be more effective in the operation and long-term customer value.
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