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Abstract 
This dissertation examined the impact of AI-Driven Product Recommendations on Online Impulse Buying Behaviour in UK E-Commerce ‎to determine the way artificial intelligence technologies influence consumer decision-making. Chapter one introduces the research background, establishing the increasing importance of AI technologies in digital commerce and highlighting the growing concern regarding their behavioural and ethical implications, specifically in relation to impulse buying behaviour. Chapter two of the literature review critically analysed the literature on AI-driven recommendation systems, impulse behaviour, trust, ethics and theories. It also explored the role of emotional triggers like urgency, scarcity, and fear of missing out, with the application of theoretical frameworks, including the SOR model and the TAM, to explain the way AI-generated stimuli affect emotional responses and behavioural outcomes. Chapter three outlined the methodological approach by employing an interpretivist philosophy and an inductive approach to develop a deep understanding of AI-driven consumer behaviour. A qualitative case study strategy based on secondary data analysis was used to examine real-world examples from the UK e-commerce sector. Chapter four presented thematic analysis and findings revealing that AI-driven recommendations significantly influence consumer behaviour by reducing cognitive effort, increasing convenience and encouraging purchases through personal recommendations. Whereas chapter five discussed the findings in relation to the reviewed literature and theoretical frameworks, confirming that AI recommendation systems act not only as supporting tools but also as a mechanism that shapes consumer behaviour and emotional decision-making practices. It argued that while AI personalisation improves user experience and business performance, it can create concerns regarding behavioural manipulation, reducing consumer autonomy. Lastly, chapter six concludes the study by linking the findings to the research objectives and highlighting the overall contribution. This dissertation showcases that AI-driven recommendation systems have transformed modern commerce by creating personalised and persuasive shopping environments.
Keywords: Artificial Intelligence (AI), AI-Driven Product Recommendations, Online Impulse Buying Behaviour, E-Commerce, Consumer Decision-Making, Personalisation, Stimulus-Organism-Response (S-O-R) Model, Technology Acceptance Model (TAM) 
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Glossary 
Term 	Definition
AI	The human intelligence processes by computer systems allow machines to learn, reason and make decisions. 
AI-Driven Product Recommendations	Personalised product suggestions generated using artificial algorithms based on consumer data and browsing. 
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Impulse Buying	The buying and selling of goods and services through online platforms and digital marketplaces. 




[bookmark: _heading=h.vt3h8yxkfcse]Chapter 1: Introduction
[bookmark: _heading=h.zgl7qsn04k0q]1.1 Research Background
The high pace of development of Artificial Intelligence (AI) has altered the digital commerce environment dramatically, specifically in the UK e-commerce industry. Online stores can use AI-based product recommendation systems that use machine learning algorithms and big data analytics to provide personalized product recommendations out of the users browsing history, buying behaviour, and behavioural information (Jannach et al., 2010). These systems are now a strategic instrument in terms of boosting customer experience, creating better user experiences, and raising the rate of conversion.
The adoption of e-commerce in the UK has experienced a steady exponential growth, with the online retail sales in the country taking a significant share of the total retail sales (ONS, 2024). This has increased competition among online retailers, and this has resulted in relying more on AI technologies in order to differentiate customer experiences. Collaborative filtering, content-based filtering, and hybrid recommendation engines are the most common applications of the strategy because they are used on online platforms like Amazon and ASOS to calculate what consumers want and make a purchase (Ricci et al., 2022).
Notably, personalisation through AI has been associated with behavioural results, especially impulse purchasing. Impulse buying is spontaneous and unthoughtful purchasing behaviour due to emotional or situational stimuli instead of making rational decisions (Verhagen and van Dolen, 2011). 
[bookmark: _heading=h.a7f7t9ag96gv]1.2 Rationale and problem statement of the research.
In spite of the fast adoption of artificial intelligence (AI) in e-commerce, the gap in the knowledge about its behavioural consequences is still very large, especially in the particular market setting, like the United Kingdom (Raza et al., 2025). Recommendation systems that basically use AI are extensively adopted by net-based retailers to make the experience personalised and better; but most of the literature available on the matter is based on responses in general or international markets as opposed to the UK e-commerce context being studied in detail. This insufficient context-specific study prevents the possibility of having a full comprehension of AI in consumer decision-making, particularly on impulse buying behaviour.
This has been worsened by the increasing sophistication of AI technologies. Complex algorithms use large quantities of data about consumers to produce highly tailored recommendations, in real-time in a lot of cases. As much as this type of hyper-personalisation enhances convenience to the consumer and relevancy, it creates risks. These systems can provide subtle purchasing behaviour by exploiting psychological triggers like scarcity, urgency, social proof, and fear of missing out (FOMO) that can prompt unplanned or impulsive buying (Davenport et al., 2020). In turn, it leads to the situation of a pressing conflict between organisational objectives of the highest sales and ethical issues related to consumer autonomy, transparency and data privacy.
Besides, most of the available literature is more focused on efficiency in technologies and algorithmic performance than behavioural effects. Consequently, the study will fill in scholarly as well as practical gaps by critically investigating the role of AI-based product recommendation systems in the impulse buying behaviour of UK online shopping. The research aims to make more insights into the behavioural mechanisms underlying AI-driven consumption and will assist in making AI technologies more responsible and effective in the digital retail setting.
[bookmark: _heading=h.8oqhjxxritnu]1.3 Aim
To critically evaluate and examine the impact of the AI-driven recommendation system on the impulsive buying behaviours of customers purchasing from UK e-commerce sites. 
[bookmark: _heading=h.r6nn0mqxwbjl]1.4 Objectives
· To identify the key factors of the AI-driven product recommendation systems that influence consumers' buying behaviour in the UK e-commerce sector.
· To evaluate the impact of impulse buying behaviours on customers from the UK e-commerce sector.
· To critically examine the challenges faced by the UK e-commerce sector due to the integration of an AI-driven product recommendation system.
· To determine the role of hyper-personalisation strategies used for improving AI-driven recommendation systems in the UK e-commerce sector.
[bookmark: _heading=h.im0a234hua1]1.5 Research Question
· How are the key factors of the AI-driven recommendation system influencing the UK-based e-commerce sectors?
· What is the impact of impulse buying behaviours on customers from the UK e-commerce sector?
· What are the challenges faced by the UK e-commerce sector due to the integration of an AI-driven product recommendation system?
· How are hyper-personalisation strategies used for improving AI-driven recommendation systems in the UK e-commerce sector?
[bookmark: _heading=h.5h0fgra3p8xx]1.6 Significance of Research 
The study has a strong academic and practical value to the research areas of digital marketing, consumer behaviour and artificial intelligence. In terms of academic value, it builds on the growing body of AI-based personalisation research, in particular, the impact on impulse buying behaviour in the e-commerce realm of the UK, which is still underrepresented. The paper combines theoretical insights into behavioural psychology, marketing analytics, and AI technologies and offers a multidisciplinary way of understanding the impact of algorithmic recommendations on consumer decision-making processes (Kim and Johnson, 2016). It completes the existing literature gaps as well by emphasizing on behavioural results instead of only technological effectiveness. Practically, the results can provide useful insights to the e-commerce companies that strive to optimize their recommendation system and improve the customer interaction. The knowledge of how AI prompts impulse buying can be used to create better and morally upright marketing frameworks. Also, the study has implications on policymakers and regulators especially on matters concerning data privacy, algorithm transparency, and consumer protection in the digital space.
[bookmark: _heading=h.1gy8bth429jn]1.7 The Dissertation Organization.
This dissertation consists of six chapters. Chapter 1 covers the research background, a justification for the research, the aim and objectives of the research, the research questions and the study significance. The literature itself has been examined critically and reported in Chapter 2, considering the following topics: Action-Oriented Recommendation (AIR) systems, online impulse buying behaviour, psychological factors, consumers' trust, ethics, consumer data privacy, and theory organized under the Stimulus – Organism – Response (S-O-R) model and the Technology Acceptance Model (TAM). The research methodology detailed in Chapter 3 describes the research philosophy, research approach, research design, data collection and data analysis techniques used for the research and ethical issues that were considered for the study. Chapter 4 outlines the results gathered from thematic analysis of secondary data and case studies, which revealed the main themes and findings surrounding the use of AI in personalisation and impulse purchasing. The results are then discussed in the context of relevant theories and literature, focusing on the implications of AI-driven recommendation systems for consumer behaviour and e-commerce practice, as explored in Chapter 5. Finally, Chapter 6, which summarises the key findings, provides recommendations, discusses limitations, and suggests directions for future research.
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[bookmark: _heading=h.6ibob2g251uo]Chapter 2 - Literature Review
[bookmark: _heading=h.kxb0izb2863]2.1Introduction 
Artificial intelligence (AI) has been applied to e-commerce, which has dramatically changed the digital consumer landscape, especially in highly developed markets like the United Kingdom. The AI-based recommendation systems have become highly strategic tools that influence consumer decision-making based on real-time data processing and predictive analytics. The last statistics indicate that the AI recommender systems affect the daily online experiences of over fifty percent of the world population, which underscores their ubiquitous nature in defining the behavior pattern of online consumers (Bojic, 2024) . The accelerated pace of AI utilisation in retail is also supported by the reports of the industry, which state that almost 90 percent of AI-oriented enterprises anticipate a significant increase in revenues, which is a manifestation of a high level of commercial dependence on algorithmic personalisation (UK Government, 2025) in the UK environment. In spite of these developments, behavioural implications of such systems especially in creating impulse buying is an underexplored contextual-specific literature.
Impulse buying behaviour which is spontaneous and unplanned purchasing has changed a lot in the digital world. The online environment, compared to the traditional retail space, eliminates space, and enhances the level of psychological stimuli with the help of personalized recommendations and interface design. Empirical studies show that AI-based personalisation is a key factor that contributes to the development of impulse buying behavior through the exploitation of key motivators such as emotional response, urgency, and perceived relevance (Priyanka, 2025) . Moreover, algorithms marketing methods are also employing more and more behavioural triggers, including scarcity implications, social evidence, and fear of missing out (FOMO) to speed up consumer decision-making (Zhang et al., 2024) . 
Besides, the increased complexity of AI technologies has presented complicated psychological and ethical aspects that question conventional conceptualizations of consumer behaviour. Research indicates that the enhanced AI features, such as interactive interfaces and immersive visualisation tools, greatly boost the intentions to buy impulsively by arousing hedonic and utilitarian value perceptions (Gao and Liang, 2025) . Meanwhile, more comprehensive systematic reviews also state that algorithmic recommendation systems may become a source of such problems as behavioural addiction, emotional manipulation, and lowering the variety of decisions, suggesting that there are risks in the long-term perspective of society (Pappalardo et al., 2024). This two-sided nature poses a significant conflict between commercial gain and ethical issues, especially concerning the privacy of the data, transparency, and well-being of the consumer.
[bookmark: _heading=h.8s40blcmnnvx]2.2 Recommendation Systems and Personalisation based on AI
[bookmark: _heading=h.vq8jbtlvh8q7]2.2.1 Definition and Evolution of Recommender Systems
[image: ]
[bookmark: _heading=h.jdrekhcyurar]Figure 2.1: How to Implement an AI-based Recommendation System
Source: (PixelPlex, 2026)

AI-based recommendation systems are computerised applications that process user information to forecast tastes and offer personalised suggestions on products. According to recent research, AI-driven recommendation systems contribute to almost 31 percent of all e-commerce sales worldwide, which demonstrates the increase in their strategic value in online purchasing settings (Gartner, 2024). Moreover, it is noted that recommendation systems are central to the purchasing process as more than 70% of the online consumers engage with these systems throughout the buying process (Chen et al., 2023).
[bookmark: _heading=h.lxww45mz6l5j]2.2.2 Types of Recommendation Systems
There are broadly three types of recommendation systems, namely, collaborative filtering, content-based filtering and hybrid models. The collaborative filtering performs the prediction of user preferences according to their similarities with each other, whereas content-based filtering involves the matching of product characteristics and personal user profiles. Hybrid systems are methods that are used to enhance precision and eliminate the drawbacks of individual methods. It has been empirically proven that hybrid models are more effective than traditional systems in terms of much higher recommendation accuracy and user satisfaction (Li et al., 2022). Nevertheless, regardless of these innovations, critics state that these systems are becoming more and more decision-making machines, not used as support mechanisms, but who steer consumer behaviour in an insidious way by means of algorithms. This changes the focus to the fact that the independent choice can be undermined because consumers can be overly dependent on the position offered by algorithms instead of choosing the alternatives themselves (Sun and Medaglia, 2023).
[bookmark: _heading=h.r2l8jbxiljgm]2.2.3 Role of Big Data, Machine Learning and Predictive Analytics
The efficiency of the AI-driven recommendation systems is highly reliant on big data, machine learning, and predictive analytics. Such systems process large quantities of both structured and unstructured data, such as browsing behaviour, purchase history and real-time interaction patterns. This allows real time and dynamic personalisation where recommendations are constantly updated based on how the user engages with it. IBM (2023) argues that the world has produced more than 90 percent of all data in recent years, which is a great source of predictive modelling in e-commerce. Nonetheless, the growing use of data-intensive systems leads to the issue of consumer surveillance and privacy. It has been research-based that predictive analytics is highly accurate in predicting consumer needs and this can result in so-called behavioural dependency, where consumers become increasingly dependent on the automated suggestions (Huang and Rust, 2023).
[bookmark: _heading=h.kd3s4mcxvt41]2.2.4 Hyper-Personalisation vs. Traditional Segmentation.
Hyper-personalisation is a major breakthrough compared to traditional segmentation where the consumers are categorized into large groups depending on their demographic attributes. Personalisation through an AI approach views each consumer as a unique entity and provides personalised experiences in accordance with the real-time behavioural data. Research shows that 76 percent of the consumers are anticipating personalised engagement, and 71 percent of them are frustrated when their expectations do not materialise (McKinsey, 2024). Although hyper-personalisation helps customers to interact more, it also makes recommendation systems more persuasive. Researchers believe that such a high degree of personalisation can reach an unethical point, as it can take advantage of the vulnerabilities of the personal psychology of consumers, especially in the situation when they do not know how they are generating the recommendations (Kapoor and Vij, 2022).
[bookmark: _heading=h.9yzqumrh38eg]2.2.5 AI and Impulse Buying Behaviour: Online vs Physical Contexts
The impulse buying behaviour is very different in the physical and online retail sphere. The physical stores have sensory and environmental stimuli like display of products, store design, and ambient conditions that affect impulse buying. On the contrary, algorithmic signals, such as recommendations, time limitations, and indicators of social proof, influence online impulse buying. The studies indicate that online platforms enhance the rate of impulse purchases because of the ability to buy and constant stimuli (Mohan et al., 2022). Also, AI-based recommendations decrease cognitive load, so consumers can make fast and unthoughtful choices. Research indicates that almost 48 percent of online purchases are affected by the use of personalised recommendations, which emphasises the importance of personalised recommendations in the triggering of impulse buying behaviour (Statista, 2024).
[bookmark: _heading=h.15sw80j1es1q]2.2.6 Benefits of AI-Driven Recommendation Systems
Some of the benefits of AI-based recommendation systems are a higher level of relevance and a lower amount of information overload, as well as a higher conversion rate. These systems reduce the volume of information that a user has to process, and they make the process of decision making easier. The studies show that personalized recommendations have the potential to boost the sales productivity by 15-20 percent, which shows that they are effective in terms of business results (Boston Consulting Group, 2023). This puts a loophole in the literature, as the success of recommendation systems is determined mainly through economic factors and not well-being of consumers.
[bookmark: _heading=h.tluc7dremjmw]2.2.7 Limitations: Over-Personalisation, Filter Bubbles and Algorithmic Bias.
Recommendation systems have a number of challenges despite their advantages. The excessive personalisation may lead to filter bubbles wherein consumers are shown the same products repeatedly, which does not allow them to explore. Research reveals that over-personalisation may cause decreased consumer satisfaction in the long run because it limits the exploration of new products (Harvard Business Review, 2023). Also, the problem of algorithmic bias is one that should not be overlooked since AI-based systems might be characterized by the presence of the bias that existed in training data, which results in the unequal representation of products or brands. The Competition and Markets Authority of the UK (2024) cautions that the use of algorithms in decision-making may alter the competitive environment in the market and disadvantage smaller enterprises. These concerns show that more transparency and accountability are needed in AI-driven systems.
[bookmark: _heading=h.vr06lsh6solj]2.2.8 UK Environment: Adoption and Consumer Expectations
The introduction of AIs to the UK e-commerce market has been evolving at an accelerated pace, due to the constantly growing competition and the population that expects individualised experiences. The UK AI market size is reported to be projected to contribute over 1 trillion to the UK economy by 2035, which is why it is a strategic concern (UK Government, 2023). Moreover, more than 65 percent of retailers in the UK have already adopted AI technologies in order to improve customer engagement (Capgemini, 2024). Nevertheless, the issue of consumer privacy in relation to data is still critical, and it has been found that 57% of consumers in the UK are not comfortable with the usage of their data to create personalised recommendations (YouGov, 2024). This brings out the conflict between the benefits of personalisation and the issue of privacy in the UK market.
[bookmark: _heading=h.17cc1niwgjj8]2.3 E-Commerce Impulse Buying Behaviour
[image: ]
[bookmark: _heading=h.ta239k8yz7bt]Figure 2.2: Use of Hawkins Stern's impulse buying theory (1962) in online shopping
Source:(Agarwal and Chetty, 2019)
[bookmark: _heading=h.rii6h8wy4x17]2.3.1 Definition of Impulse Buying Behaviour
Impulse buying behaviour is the spontaneous and unthought-out buying behaviour that transpires without prior planning and is mostly influenced by emotional and situational stimuli as opposed to rationality. Conventionally, the idea of impulse buying used to be an impulsive desire to buy, which in most cases is not accompanied by cognitive decision-making. But with the introduction of the digital technologies and AI-driven systems, in the context of e-commerce, this behaviour has been changed considerably. Internet shopping sites are the spaces in which individuals become inundated with customised stimuli that lead to the increasing prevalence of impulse purchases that are less situational. Recent data indicate that around 45 per cent of all online purchases worldwide can be described as being impulse-driven, which illustrates the rising prevalence of this behaviour in online shopping (Statista, 2024).
Studies show that more than half of online buyers will include unplanned purchases to the cart because of algorithmic recommendations, which proves that the process of impulse buying is no longer spontaneous but it is technologically conditioned (Lo et al., 2022). This trend defies the existing theories of consumer behaviour that assume the existence of a distinct line between rational and impulsive decision making processes.
[bookmark: _heading=h.r9q178txs22m]2.3.2 Planned vs Unplanned Purchasing Behaviour
Impulse buying is defined by the intensity of emotions, immediacy and hedonic motivation. Emotion is also used as a key variable because consumers tend to feel excited, find pleasure or have a sense of urgency that diminishes cognitive control and promotes instant buying. It has been found that positive emotional states substantially enhance the tendencies of impulse buying, especially in online settings that are visually stimulating (Bandyopadhyay, 2022). Moreover, hedonic motivations are closely associated with impulse buying, when a customer is willing to get emotional satisfaction instead of a functional one. Studies show that hedonic consumption is much greater in the online retail setting because of the interactive interfaces and the customized experiences (Ali et al., 2023).
Impulse buying behaviour is further enhanced by psychological triggers like fear of missing out (FOMO), scarcity and social proof. These stimuli make the consumers feel of urgency and perceived value urging them to make prompt action. Nevertheless, even though these processes contribute to increased engagement in the short term, they can also cause adverse effects like post-purchase regret and decreased satisfaction, which indicates that emotional stimulation is not entirely beneficial to consumer well-being (Zhou et al., 2023).
[bookmark: _heading=h.jds0665z2a4d]2.3.3 Characteristics of Impulse Buying Behaviour
The impulse buying behaviour in the physical and the online retail setting vary greatly. The environmental stimuli in the traditional brick-and-mortar stores, including store layout, product placement, lighting, and sensory stimuli, influence the impulse purchases. These aspects make it a very immersive experience that triggers impulse buying. Conversely, digital and algorithmic signals, such as personalised recommendations, web design and promotional alerts, drive online impulse buying.The studies show that online platforms enhance the rate of impulse purchases because of convenience and accessibility (Shen and Khalifa, 2022). The design of websites is a significant factor because visual appeal, quality images, and a clear navigation system increase the interaction of users and the time of decision making is minimized. Research indicates that properly designed websites may result in a 40 percent likelihood of impulse purchase (Tandon et al., 2023).
[bookmark: _heading=h.9ug5qux0hcgf]2.3.4 Online vs Offline Impulse Buying Behaviour
Impulse buying behaviour is motivated by several factors in e-commerce that include promotions, time pressure, visual appeal and convenience. Some of the most powerful drivers are promotions and discounts as they generate a sense of value and an impulsive purchase. According to the studies, the effect of promotional strategies on impulse purchases may go beyond 30% in the context of online retail (Kacen et al., 2022). Impulse buying is also aggravated by time pressure and scarcity cues, which bring down the time required to make rational decisions. Such messages as a limited-time offer or few items left are urgent and bring in more emotional involvement. It has been shown that scarcity cues also contribute to the purchase intention and impulsivity to a great extent (Zhou et al., 2023).
Another important consideration is a visual appeal since high-quality images, videos, and the possibility of interaction attract attention and increase the perceived value of the product. Also, convenience is an important factor since online stores provide an option of quick checkout, various methods of payment, and home delivery. It has been shown that convenience is one of the most powerful predictors of online impulse buying behaviour, especially in younger consumers (Nguyen et al., 2024).
[bookmark: _heading=h.ythg12vnl1b1]2.3.5 Critical Perspectives and UK Context of Impulse Buying
The classical models of impulse buying, like StimulusOrganismResponse (S-O-R) model, describe impulse buying as an action in reaction to environmental stimuli that evoke emotional responses. Although these models are a helpful construct, they do not have much to say about the intricacies of digital environments. Online platforms are adaptive and dynamic which keep changing the stimuli according to the behaviour of the user. Recent studies claim that the conventional models do not elucidate the impact of AI and algorithmic personalisation on consumer behaviour. The digital environments do not just react to the actions of consumers, but proactively anticipate and manipulate them, implying a transition to the proactive stimulation of behaviours (Mariani et al., 2023). 
The cultural, economic, and technological factors determine impulse buying behaviour in the UK. The UK boasts of the most developed e-commerce markets and online retail makes up more than 26 percent of all retail sales (ONS, 2024). This massive use of online shopping exposes potential buyers to stimuli of impulse purchasing. But economic influences like inflation and pressures on cost-of-living can also impact purchasing behaviour. It has been proposed that economic uncertainty can decrease the total spending, but it can boost the impulse purchases of lower-cost segments as people find emotional comfort there (Mintel, 2023).
[bookmark: _heading=h.hkputa8fbwdc]2.4 Psychological Processes that Lead to AI-Induced Impulse Purchasing
[bookmark: _heading=h.yg2mgscn9sog]2.4.1 Emotional Triggers and Digital Stimuli in Impulse Buying
Emotional triggers are the basis of impulse buying behaviour and they diminish the level of cognitive control and promote impulsive decision-making. Excitement, urgency, and desire are some of the emotions that are central in driving consumer behaviour in both the physical and online retail setting. The strength and accuracy of these emotion triggers have however greatly escalated in the digital space through AI enhanced personalisation. Among the critical drives are urgency, scarcity, fear of missing out (FOMO) and social proof.
The urgency is usually established by time-based offers and time-countdown timers that force consumers into making fast purchases. This effect is further enhanced by scarcity cues which include only a few items left which enhances the perceived value and decreases the perceived availability. Surveys also have shown that scarcity-based messages can boost purchase intention by more than 30 percent, especially online, where information is quickly consumed (Aggarwal et al., 2023). On the same note, FOMO is an aggressive affective motivator, particularly in younger shoppers, when it brings anxiety over missing out on desirable opportunities. Research indicates that FOMO has a strong effect on the intention to make impulse purchases when buying goods online (Good and Hyman, 2022).
Social evidence, such as reviews, ratings, and indicators of popularity as well, is also essential as it legitimizes consumer decisions and lowers uncertainty. Online, these cues are very obvious and constantly updated and hence more powerful compared to stores. The studies indicate that the more a product is rated and positively reviewed, the higher the chances of generating an impulse purchase because of a better level of trust and perceived credibility (Filieri et al., 2023). 
[bookmark: _heading=h.7b82kvw7owxq]2.4.2 AI-based Personalisation and Behavioural Nudging
The impulse buying has been revolutionised with the use of artificial intelligence, which allows personalising the psychological targeting and nudging of behaviour. The analysis of large volumes of user data in the form of browsing behaviour, purchase history, and engagement behaviour is performed by AI systems in order to provide highly customised recommendations. Such systems do not just react to the preferences of the consumer, they actively create them by foreseeing and shaping future behaviour. Studies show that personalized recommendations can boost click-through rates by as much as 50%, which proves their effectiveness in directing consumer attention (Jiang et al., 2022).
Behavioural nudging is described as the minor design techniques that do not limit the choice but rather manipulate the decision making process. Research indicates that algorithmic nudging is a highly effective tool to boost the probability of making purchases because it makes them less demanding in terms of cognitive load and simplifies decision making (Mirsch et al., 2022).
[bookmark: _heading=h.2ermy22hli27]2.4.3 Cognitive Biases, Emotional Decision-Making and Neuropsychological Factors
Impulse buying has a close relationship with interaction between cognitive and emotional decision-making processes. Conventional theories imply that customers make rational decisions; nevertheless, impulse buying is mainly influenced by emotional factors that supersede impulsive regulation. Cognitive biases and heuristics are important in this process. To illustrate, the availability heuristic causes consumers to use readily available information, like featured products or trending products, whereas the anchoring effect affects the perception of value given initial prices. The studies indicate that the digital platforms actively use these biases to steer consumer behaviour (Thaler and Sunstein, 2023).
Impulse buying is also caused by neuropsychological factors, specifically dopamine-based reward systems. The expectation of consumption, i.e. getting a wanted item, causes dopamine to be released, which orchestrates a feeling of pleasure and reinforces buying behaviour. Research shows that online shopping settings, their immediate satisfaction, and constant stimulation contribute greatly to dopamine-stimulated reactions over physical shops (Meshi et al., 2023). 
[bookmark: _heading=h.ns6qow6pcqhm]2.4.4 Critical Perspectives: Consumer Well-being, Ethical Concerns 
Although AI-based impulse buying has the potential to enhance the engagement and user experience, it also poses serious ethical and behavioural issues. On the positive side, customised suggestions and behavioural hints will be able to make the decision-making process easier, less information-overloaded, and less unpleasant shopping experiences. Studies indicate that consumers tend to view personalised recommendations as useful and convenient and become more satisfied and engaged (Bleier et al., 2023). Critical perspectives, however, point at the possibility of manipulation and overconsumption. Artificial intelligence is built to optimize interaction and sales, which frequently involves psychological weaknesses, including impulsiveness and sensitivity to feelings. It may create adverse consequences, such as post-purchase depression, financial stress, and lack of well-being. Research has shown that impulse buying often correlates with reduced financial self-control and increased regret, especially when it comes to younger consumers (Dittmar et al., 2022).
Also, the research on individual variations regarding the vulnerability to AI-motivated impulse buying is scarce. The age, personality traits and digital literacy of the consumers may contribute to consumer reactions to personalised recommendations.. Such questions as the privacy of data, transparency, and accountability of algorithms are not studied thoroughly. Researchers suggest that AI can be very beneficial in efficiency, but can also affect consumer autonomy by manipulating behaviour in a covert manner without conscious experience (Calo, 2023). Although AI improves the effectiveness of these processes by increasing personalisation and behavioural nudging, it also brings up questions of serious ethical and behavioural concern. Thus, future studies should be more critical and interdisciplinary to comprehend the implications of AI-driven consumer behaviour in digital marketplaces in the long-term.
[bookmark: _heading=h.wmvv9iiffaqu]2.5 AI Systems Trust, Ethics and Data Privacy
[image: ]
[bookmark: _heading=h.9ooavl2k4fe]Figure 2.3: Artificial Intelligence and Privacy: Issues and Challenges
Source: (ScaleFocus, 2024)
[bookmark: _heading=h.vvi3d1a4y7b0]2.5.1 Trust, Transparency and Fairness in AI Systems
One of the main conditions of a successful AI-based recommendation system in e-commerce is trust. Personalised recommendations are more likely to be used by the consumers in case they are viewed as credible, open, and helpful. Trust in digital space is not necessarily in the product but in the algorithm itself, trust in the platform, and trust in the organisation that handles the data. Studies have shown that perceived transparency greatly boosts user trust and makes one more willing to accept AI-generated recommendations (Shin, 2022).
Nevertheless, most AI systems are black boxes, in which decision-making is not transparent to the user. This non-transparency can lower the level of trust and raise doubts. Research indicates that more than 60 percent of buyers worry about the way algorithms make choices, especially when such choices can affect buying behaviour (PwC, 2023). Conversely, online worlds are based on immense system trust in which customers build on the credibility of the platform and algorithmic suggestions. This change shows the increasing role of trust in AI-driven spaces, where the process of buying is becoming increasingly mediated by technology instead of personal experience.
[bookmark: _heading=h.pr57um6y51m]2.5.2 Data Collection Practices, Consumer Awareness and Regulatory Frameworks
The use of AI in personalisation is rooted in the widespread data collection activities, such as following the browsing history, purchasing history, location information, and even real-time engagement indicators. Such practices facilitate very personalised experiences but also pose a serious issue of privacy and data security. It is reported that more than 80 percent of companies rely on customer data to tailor marketing, which suggests the extent of data-driven decision-making in e-commerce (Salesforce, 2023). Limited awareness of data usage by the consumers leaves a gap between the corporate potential and the awareness of the users. Consumers gain access to personalised experiences, but most of them do not even know how much data they share is collected and analysed. Studies indicate that two-thirds of consumers lack full awareness of the use of their personal data in the digital platform, which is worrisome about informed consent (OECD, 2022). Research shows that although the GDPR has enhanced the level of data protection, most consumers believe that they do not have control over their personal data (ICO, 2023). This shows the disconnect between the regulatory intention and the practice in AI-driven settings.
[bookmark: _heading=h.ti50vlbnr6d1]2.5.3 Privacy Paradox, Algorithms Trust and Ethical Concerns
The privacy paradox is one of the most interesting concepts of digital consumer behaviour, as people claim to be worried about their data privacy but still provide personal information in order to receive convenience and personalised experiences. This paradox is a manifestation of the sophisticated conflict between rational interests and emotional gains. Studies show that 70 percent of consumers are worried about their privacy, although most of them accept personalized recommendations because they think they are being offered value and convenience (Kokolakis, 2023). Research indicates that concerns about the transparency of algorithms can be less important than trust in websites like Amazon or ASOS, which also affect buying behavior (Lankton et al., 2022). 
[bookmark: _heading=h.16dz38f3m92p]2.5.4 Critical Analysis: Personalisation vs Privacy 
One of the major trade-offs in AI e-commerce is the connection between personalisation and privacy. Although personalisation makes the user experience better and more engaging, it involves a lot of data collection, which poses a privacy risk. 
Analyzing the effects of AI on behaviour, personalisation based on AI accelerates impulse purchases by providing extremely relevant and timely recommendations. This makes mental work less and promotes impulse buying in cyber spaces. Conversely, retail physical settings are based on less advanced approaches like product placement and in-store promotions. This brings out the role of digital platforms in enhancing impulse buying due to constant targeting based on data. Although the role of ethics and privacy continues to increase, the current literature is still predominantly concerned with technological performance and business performance. 
According to scholars, the subsequent research should be more interdisciplinary and combine the knowledge of technology, psychology, and ethics to overcome such obstacles (Floridi et al., 2023).
[bookmark: _heading=h.1zd8v4s98a4n]2.6 Theoretical Perspectives
[image: ]
[bookmark: _heading=h.ve59u2tyi64j]Figure 2.4: Stimulus Organism Response Model
Source:(Hochreiter, Benedetto and Loesch, 2023)
[bookmark: _heading=h.9nvtfga1beey]2.6.1 Stimulus-Organism-Response (S-O-R) Model and Digital Impulse Buying
One of the most popular theoretical models used in explaining consumer behaviour and especially in the purchase of impulses is the Stimulus-Organism-Response (S-O-R) model. The model was initially formulated in environmental psychology and it assumes that the external stimuli (S) are known to have an impact on the internal emotional and cognitive condition (O) of an individual, which subsequently causes behavioural responses (R). 
Physical retail setting stimuli, like the store layout, lighting and product placement, evoke emotions leading to purchasing behaviour. Nonetheless, in the online space, AI enhances these stimuli with personalized suggestions, dynamic pricing and real-time interaction. Studies show that personalised stimuli have a considerable positive effect on emotional arousal and impulse purchase intentions, especially in the context of online marketing where exposure is sustained (Vieira et al., 2023). This shows that the S-O-R model is still applicable but has to be modified to support algorithmic stimuli which are customized to individual users.
[bookmark: _heading=h.czsijwb8eilx]2.6.2 Technology Acceptance Model (TAM) and AI Adoption in E-Commerce
[image: ]
[bookmark: _heading=h.ihiqjrbqu4o9]Figure 2.5: Technology Acceptance Model
Source: (Marikyan and Papagiannidis, 2025)
Another valuable model of consumer interaction with AI-driven systems is the Technology Acceptance Model (TAM). According to TAM, the perceived usefulness and perceived ease of use are the two factors that mostly determine the technology adoption. When it comes to e-commerce, consumers will be more willing to use AI recommendation systems when they find them useful and convenient to operate. The empirical research demonstrates that perceived usefulness plays a significant role in influencing the user to engage in the personalised recommendations as the consumer appreciates the convenience and efficiency in the decision-making process (Alalwan et al., 2023). It is reported that when the usability of the checkout process is simplified, impulse purchases can be increased by up to 35 percent, which is the behavioural effect of usability (Baymard Institute, 2024).
[bookmark: _heading=h.6fvo78nwebuj]2.6.3 Limitations of Existing Models and Need for Integration
The S-O-R model and TAM are both useful in understanding consumer behaviour, but have severe limitations when used in the context of AI-based e-commerce. The S-O-R model has been criticised to be too simple and linear, not considering the interactive and dynamic nature of digital platforms. As an illustration, the relevance of integrating behavioural theories like dual-process theory, that separates intuitive (System 1) and rational (System 2) thinking, in enhancing the understanding of impulse buying is mentioned (Ashraf et al., 2023). Online, AI-based suggestions frequently appeal to System 1, eliciting direct emotional reactions, which avoids conscious consideration.
[bookmark: _heading=h.fcd29t1hjda6]2.6.4 Critical Perspective: To Dynamic and Behavioural Frameworks
The growing sophistication of AI-based consumer spaces requires the replacement of fixed theoretical concepts by dynamic systems that reflect ongoing interaction between users and systems. Researchers indicate that AI systems study user behaviour and make refinements on recommendations in a self-reinforcing loop of engagement and consumption (Huang and Rust, 2022). Physical retail settings, conversely, are not so adaptable and impulse buying is more circumstantial than enduring.
[bookmark: _heading=h.ktwi5iylnjx4]2.7 Literature Gap
[bookmark: _heading=h.2ykxvukhzn6a]2.7.1 Lack of UK-Specific Research and Over-Reliance on Global Studies
One of the notable gaps in the literature is the lack of differentiation of impulse buying behaviour in a physical and online retail setting. Conventional research significantly defines impulse buying as a response to environmental factors that include store layout, product placement and sensory stimuli. Whereas tangible experiences such as visual merchandising, touch and store promotions can be used to elicit impulse buying in physical stores. Nevertheless, they often implement these structures into online situations without proper adjustment. Digital spaces work differently, based on the algorithm stimuli in the form of personalised recommendations, notifications, and dynamic pricing. Studies have shown that online impulse buying is more common because spatial and time limitations do not restrict a buyer and he/she is able to interact with the shopping sites all the time (Chen and Yao, 2022).
[bookmark: _heading=h.8z9a0ua7sqsp]2.7.2 Technology-Focused Research Dominance and Lack of Behavioural Depth
The other notable gap in the literature is that the predominant research is technology based which does not emphasize behavioural knowledge but rather algorithmic efficiency. Most of the research tests recommendation systems in terms of accuracy, performance, and prediction, and fails to consider the impact of the systems on consumer psychology. This is especially a problem when it comes to impulse buying, which is a process that is emotionally and cognitively motivated by its nature. Studies indicate that many studies on recommender systems are technical in nature and pay little attention to behavioural results (Jannach and Adomavicius, 2022).
[bookmark: _heading=h.7ht8q15nrv6c]2.7.3 Short-Term Focus and Insufficient Ethical Exploration
There is also a very strong bias of the existing literature towards short-term commercial performance, especially sales increase and conversion rates over the long-term behavioural and ethical consequences. The aim of AI-based recommendation systems is mostly to maximise the involvement and provoke instant buying, usually using psychological stimuli. Although this strategy is useful in creating impulse purchasing, it questions sustainability and consumer welfare. According to industry statistics, customized marketing tactics can substantially drive short-term buying rates, which supports their popularity in e-commerce (Deloitte, 2023).
Another aspect that is not explored sufficiently is ethical issues, especially when it comes to data privacy, manipulation, and bias in algorithms. Systems based on AI can manipulate consumer behaviour, using cognitive biases and emotional vulnerability, which brings up the question of autonomy and fairness. Studies indicate that algorithmic personalisation has the potential to influence consumer preferences implicitly, especially in impulse buying situations where decision-making is less rational (Cui et al., 2022). Nevertheless, ethical considerations are commonly considered as secondary, which shows a large gap in the literature.
[bookmark: _heading=h.t1y5zfmtf9x1]2.7.4 Lack of Empirical and Moderating Variable Analysis in AI-Induced Impulse Buying
Another weakness of the literature is a lack of empirical research to investigate the effects of AI on impulse buying behaviour in the real world and especially in the UK. Although the use of theoretical models is good, empirical evidence that combines both technological and behavioural factors is scarce. It is especially crucial with the fast development of AI technologies and their growing impact on consumer behaviour.
Moreover, moderating factors like personality traits, digital literacy, and cultural differences are usually overlooked in available studies and can have a profound impact on impulse buying behaviour. Research indicates that more impulsive people tend to become spontaneous buyers, particularly when shopping online where stimuli have become unending and individualised (Badgaiyan et al., 2022). Cultural and economic aspects are also decisive, especially in the UK, where the regulatory frameworks and economic conditions influence consumer behaviour. The growth in living costs can decrease the total expenditure but can lead to higher impulse buying in less expensive categories as a way of coping with emotions (Mintel, 2024). 
[bookmark: _heading=h.3w24aq95v70t]2.8 Conclusion
This chapter has critically analysed the available literature on the AI-based recommendation systems and their impact on the impulse buying behaviour especially in the e-commerce context. The review has shown that AI has become a key driver in influencing consumer decision-making as it provides personalized, real-time recommendations which have a great impact in raising the chances of making impulse purchases. Contrary to the store setting, where impulse buying is mostly circumstantial and dependent on the influence of physical stimuli, online platforms rely on algorithmic personalisation, behavioural nudging, and constant interaction to activate purchasing behaviour in a systematic manner. 
[bookmark: _heading=h.fxrvjfn3xci6]
[bookmark: _heading=h.ir1877ewaqx5]
Chapter 3: Methodology 
[bookmark: _heading=h.mt48ay7usa3m]3.1 Introduction 
The chapter critically describes and supports the methodological approach that will be used to understand the impact of AI-based recommendation systems on impulse buying behaviour in the UK e-commerce environment (Ram,  Maryam and Bernard, 2024). The study will investigate the impact of algorithmic personalisation on consumer behaviour and unplanned buying behaviour in online shopping platforms. To attain these goals, the research uses a secondary data approach as per the recommendation of the supervisor and utilises only the available academic, industry and organisational data sources.
[bookmark: _heading=h.2nphw2i62kk3]3.2 Research Philosophy, Approach, and Design 
	Component
	Key Focus
	Content Covered
	Purpose/Justification

	Research Philosophy
	Interpretivism
	Explains that consumer behaviour in AI-driven environments is subjective, socially constructed, and influenced by emotions and cognitive biases (Malik et al., 2025)
	To justify the need for a qualitative, context-based understanding rather than purely objective measurement

	Research Approach
	Abductive reasoning
	Integrates theoretical frameworks (S-O-R, TAM) with insights from secondary data through iterative analysis
	To allow flexibility in refining theory based on real-world evidence

	Research Strategy
	Case study (secondary data-based)
	Focuses on real-world UK e-commerce platforms to examine AI-driven recommendation systems and impulse buying behaviour (Fadilah, Masarroh and Wildan, 2025).
	To enable in-depth exploration of complex interactions between technology and consumer behaviour

	Research Design Framework
	Research Onion (Saunders et al., 2019)
	Provides a structured framework linking philosophy, approach, and strategy in a layered manner
	To ensure coherence, transparency, and alignment of methodological decisions


[bookmark: _heading=h.ovq2r85vusqi]Table 3.1: Overview of Research Philosophy, Approach, and Design Framework
Source: Self Created
The research is based on an interpretivist philosophy that supposes that reality is subjective and human behaviour, especially related to digital consumption, is influenced by subjective meanings and experiences. Consumer reactions, including impulse buying, in the framework of AI-based recommendation systems are not completely rational but are conditioned by emotional appeals, cognitive biases, and personalised online stimuli. Interpretivism is the most suitable to use because it allows a comprehensive insight into the ways people experience and respond to algorithmically curated experiences. This is especially applicable in UK e-commerce, where the consumer expectations, privacy issues and behavioural patterns are contextual and cannot be entirely accounted for by positivist, objective measurement (Vahora,  2024). The study follows the abductive paradigm which is a mix of deductive and inductive arguments. First, Chapter 2 discusses theoretical models of the Stimulus-Organism-Response (S-O-R) model and the Technology Acceptance Model (TAM), which provide a conceptual basis. These theories provide systematic descriptions of the effects of external stimuli, such as AI recommendations, on internal psychological conditions and behavioural consequences (Schorr, 2023). Nonetheless, instead of directly testing these theories, the research progressively interacts with empirical secondary data, enabling new patterns and findings to be identified. The research methodology is a case study approach with use of secondary data, as it is an in-depth analysis of a phenomenon in its actual context. The strategy is especially appropriate when considering AI-based impulse buying, since the demarcation between technological systems and consumer behaviour are intricate and interwoven. 

[image: ]
[bookmark: _heading=h.5js0xtnpegc]Figure 3.1: Secondary Research Onion
Source: (Saunders, Lewis and Thornhill, 2019 )
This methodological design is also enlightened by the Research Onion framework suggested by Saunders et al. (2019) that offers an organized research design approach, including philosophy, approach, strategy, and data gathering methods. The framework provides consistency and clarity in methodological decisions. Interpretivism, abductive reasoning and case study strategy are suitable in the light of the layered structure of the Research Onion, which shows the systematic development of philosophical assumptions to practical work. 
[bookmark: _heading=h.42yeenxlre0v]3.3 Justification for Case Study Methodology
The case study approach can be especially useful in this study because it allows exploring the impact of the AI-based recommendation system on impulse buying behaviour in detail (Zhao, 2025). Case studies, in contrast to the quantitative approach, which puts emphasis on measurement and generalisation, offer rich and contextual information about behavioural processes and the researcher can study the relationship between technology, psychology, and consumer decision-making. Considering the research questions are exploratory and aim to comprehend the mechanisms and not to test the causal relationships, the case study approach provides critical benefits in terms of analysis. One of the reasons why this methodology should be used is the fact that it is compatible with the secondary analysis of data, which is the essence of this study. The information is gathered based on diverse reliable and authentic sources, such as peer-reviewed scholarly sources, industry publications like those by Statista and McKinsey, and company-related sources like annual reports and more strategic disclosures of companies like Amazon and ASOS (Habiba and Islam,  2022). 
[bookmark: _heading=h.jsdgy1ywd55h]3.4 Case Selection and Sampling Strategy 
The research uses a purposive sampling method, which is a non-probability sampling strategy, where the researcher selects cases that are relevant to the research objectives, and does not randomly select cases. It is suitable in qualitative and case-based research where the objective is to produce in-depth knowledge and theoretical insights as opposed to statistical generalisation. The selection of cases is made in such a way that the small sample includes organisations that actively use AI-based recommendation systems and are present in the UK e-commerce market (Huang, 2025). Using these criteria, the sample cases are Amazon and ASOS as the main e-commerce platforms of the UK, and Netflix as an option due to its complex recommendation algorithms (Uslu,  2025). A case comparison framework is followed, categorised into major dimensions, including industry sector, geographical focus, nature of AI implementation, and data sources that are used. This methodical technique enables cross-case and within-case examination, which can enable the identification of patterns, variations, and driving mechanisms of impulse buying behaviour. The variety of cases makes the results stronger by encompassing the differences in consumer interaction and technological use in the divergences of digital settings.
	Case
	Industry
	Geography
	AI Application
	Key Focus
	Primary Data Sources

	Amazon
	E-commerce / Retail
	UK (Global operations)
	Personalised product recommendations, predictive analytics, dynamic pricing
	Influence of AI on purchase decisions and impulse buying behaviour (Patil, 2024)
	Annual reports, Statista, company website, academic journals

	ASOS
	Online Fashion Retail
	UK
	AI-driven personalised recommendations, visual search, targeted marketing (Ganesh, 2023).
	Role of AI in fashion-based impulse buying and consumer engagement
	Company reports, industry reports, academic articles

	Netflix (optional)
	Digital Platform / Streaming
	UK (Global)
	Recommendation algorithms, content personalisation
	Behavioural nudging and recommendation logic influencing impulsive consumption
	Academic journals, company publications, industry reports (Avdić, 2025)

	
	
	
	
	
	


[bookmark: _heading=h.co4rddjuhw9f]Table 3.2:  Summary of Selected Case Studies
Source: Self Created
[bookmark: _heading=h.tffcqd54uwr]3.5 Data Sources and Data Collection 
This research takes a strict secondary data methodology, which directly responds to the supervisor's need to use only credible and verifiable sources. Secondary data usage is especially suitable in investigating AI-based recommendation systems in the context of UK online shopping, since it allows obtaining behavioural evidence on a large scale, industry-wide data, and practical organisational solutions that would be challenging to gather in primary research (Ozcelik, 2025). The sources of data were well chosen with regard to reliability, variety, and depth of analysis. To begin with, academic journals found in Google Scholar are a fundamental source of data. They consist of peer-reviewed articles on AI, consumer behaviour, and impulse buying, which have a solid theoretical background and empirical data. High credibility and methodological rigour are their main strengths because they are subject to rigorous peer-review procedures. Second, industry reports provided by organisations like Statista, McKinsey and Deloitte were used to include real statistical data and market intelligence. As an example, it has been reported that tailored suggestions impact a large percentage of online purchases, which demonstrates the business applicability of AI-based systems (Al Mahmood, 2026). These sources have strength in the fact that they use massive datasets and real-time analytics to provide a macro-level perspective of trends. However, such reports frequently include aggregated data and, therefore, one is unable to study firm-specific behavioural mechanisms in detail. Third, the reports of organisations like Amazon and ASOS are useful to get more information about the implementation of AI technologies in practice (Su,  2025).
[bookmark: _heading=h.rxzz916oqw1]3.6 Data Analysis Approach 
The analysis of data in this research is systematic and well-organized so that the results are theoretically and empirically informed. The conceptual frameworks, which have been developed in Chapter 2, are used to guide the analysis: the Stimulus-Organism-Response (S-O-R) model and the Technology Acceptance Model (TAM) (Jeong and Chung,  2022). These theoretical frameworks give the basis to comprehend the effect of AI-based stimuli, including personalised recommendations, on internal psychological conditions and the following consumer behaviour. Nevertheless, in keeping with the abductive research methodology, the analysis is still free to emergent patterns based on secondary data. The main method of analysis would be thematic analysis, which would consist of coding and classifying data based on the major themes in accordance with the research goals in a systematic manner. An emotional trigger, cognitive bias, and algorithmic influence are themes that are built up in iterations, where both theory-driven and data-driven insights may be made (Kordzadeh, N. and Ghasemaghaei, M., 2022). The study uses pattern matching to improve the rigour of analysis by comparing empirical results with theoretical predictions based on S-O-R and TAM theories. Triangulation is a crucial element of the analysis because it is a combination of various data sources to confirm the results (Donkoh and Mensah,  2023). The cross-referencing of academic literature, industry reports and company data decreases the chances of bias and increases the validity of the conclusions. This multi-source strategy will make the analysis sound, thorough, and representativeness of the real-world practices in e-commerce in the UK. 
[bookmark: _heading=h.bjxjqsx6s3fd]3.7 Research Quality and Rigour 
In case study research based on secondary data, it is critical to ensure the quality and rigour of the research. In this research, the researcher has embraced measures of established criteria, such as construct validity, internal validity, external validity, and reliability to achieve methodological strength. Multiple data sources allow construct validity and help to reduce the possibility of measurement error (Flake et al., 2022). The combination of scholarly research, industry publications, and company information makes the research reliable in terms of reflecting the key constructs like AI personalisation and impulse buying (Sanawan,  Hassan and Khalid,  2026). The internal validity is ensured by a systematic and theoretically oriented analysis. Applying existing models, including S-O-R and TAM, makes sure that the results are logically acquired and clearly connected with the theoretical concepts. This enhances the vigour of causal inferences and analytical deductions. In this study, the external validity is founded on analytical generalisation as opposed to statistical generalisation. 
[bookmark: _heading=h.rqt5w1ks38ui]3.8 Ethical Considerations 
This study follows the stringent ethical principles, even though it uses only secondary data. Data used in the study are all publicly available and therefore there is no concern of informed consent, confidentiality or harm to the participants. This is in accordance with ethical principles of secondary research. The research paper is well attributed and Harvard referenced with all sources and thus, is academically sound and plagiarism free. All data are rendered correctly and objectively and critical evaluation is provided to prevent selective reporting and misrepresentation of results. In addition, the study recognises that organisational information is sensitive, even in the face of publicly available information. Caution is exercised to make information responsible not to cause a tarnished image or false interpretation. The research also adheres to institutional ethical standards, all methodological practices of the research are of integrity and transparency, which are subjected to academic standards. 
[bookmark: _heading=h.rxpxcskijl8y]3.9 Chapter Summary 
This chapter has critically described and justified the methodological framework which will be used in this research. The secondary data methodology and a case study approach were used to conduct a study of the impacts of AI-based recommendation systems in UK online shopping on impulse buying behaviour. Various and reputable sources such as academic journals, industry reports and company documents were used to gather data, which guarantees analytical depth and reliability. 
[bookmark: _heading=h.rv4fojwhx30]

[bookmark: _heading=h.ep01qvfs502f]Chapter 4: Data Analysis 
[bookmark: _heading=h.638jp7fxsare]4.1 Introduction
This chapter critically reviews the secondary data sources to explore the impact of AI-based recommendation systems on impulsive purchase patterns in e-commerce platforms in the UK, directly responding to research questions about the extent, nature and effects of algorithmic intervention on consumers' purchase behaviours (Ologunebi and Taiwo, 2023). The use of artificial intelligence in online shopping has changed the way consumers navigate e-commerce platforms from intentional to a quick decision-making process based on algorithms and data. [image: ]Figure 4.1: The Impact of Artificial Intelligence Marketing on E-Commerce Sales
Source:(Madanchian, 2024)
Research shows that 48% of e-commerce sales are guided by personalized recommendations, highlighting the significant influence of AI on decision-making processes. Moreover, it is estimated that personalisation systems account for 30-35% of revenue generation on major platforms, showcasing the return on investment in the form of an increased sales volume. This raises a key dilemma: AI offers convenience and alleviates cognitive load but leads to more impulsive and spontaneous buying behaviour. The chapter uses a variety of reliable secondary data sources to support its analyses. 
	Theme
	Key Findings
	Link with Literature
	Critical Interpretation

	Theme 1: AI Personalisation and Consumer Behaviour
	AI recommendations influence purchasing behaviour through personalised suggestions and predictive analytics.
	Supports McKinsey (2024) and Gartner (2024).
	AI improves convenience but increases dependence on algorithms.

	Theme 2: Psychological Triggers Driving Impulse Buying
	Urgency, scarcity, FOMO, and social proof increase impulsive purchases.
	Aligns with Zhou et al. (2023) and Hamizer et al. (2024).
	Online impulse buying is psychologically engineered.

	Theme 3: AI Nudging and Algorithmic Influence
	Behavioural nudges like “customers also bought” shape decision-making.
	Supports Mirsch et al. (2022).
	AI reduces independent consumer evaluation.

	Theme 4: Consumer Trust, Privacy, and Ethical Concerns
	Consumers continue using AI systems despite privacy concerns.
	Supports Kokolakis (2023) and Floridi et al. (2023).
	AI creates ethical tensions between profit and privacy.

	Theme 5: Online vs Offline Impulse Buying
	Online platforms increase impulse buying more than physical stores.
	Aligns with Shen and Khalifa (2022).
	Digital environments intensify behavioural manipulation.

	Theme 6: Hyper-Personalisation and Behavioural Dependence
	Hyper-personalisation improves engagement but creates filter bubbles.
	Supports Harvard Business Review (2023).
	Excessive personalisation reduces consumer autonomy.


[bookmark: _heading=h.9xeoa2xzqvpq]Table 4.1: Thematic Analysis of AI-Driven Recommendation Systems and Impulse Buying Behaviour
Source: Self-made
[bookmark: _heading=h.who2ma37sn0c]4.2 Overview of Data Sources 
This research employed a variety of secondary data sources to examine AI's impact on impulse online purchases in the UK e-commerce industry critically. Academic data assorted from peer-reviewed journal articles in Google Scholar, ScienceDirect, Springer and Emerald was ensured to bring in the academic conceptual depth, methodological elegance, and scholarly reliability of the articles. Moreover, Statista's, McKinsey's, PwC's, Deloitte's, Gartner's and Boston Consulting Group's (BCG) industry reports were included to provide real-time statistical evidence and a wide range of industry insights on key aspects of the use of AI in the retail sector, consumer behaviour, and digital retail performance. In addition to this, practical examples of implementing AI recommendation systems in real business environments have been explored using data from organisational reports, company data, and AI market analytics from Amazon, ASOS and UK Retail data. However, the use of secondary data was singularly relevant in that it will facilitate access to much larger breadth of behavioural evidence and authentic commercial data that is more difficult to obtain through primary research in limited time and resource parameters. Furthermore, the secondary sources offered a more comprehensive view of how AI was being used in the real world and how consumers interact with AI on digital platforms.
[bookmark: _heading=h.30ivjc27l3qp]4.3 Application of Braun and Clarke’s Six-Phase Framework 
[bookmark: _heading=h.k4wwjzepa1z3]4.3.1 Phase 1: Familiarisation with the Data
Re-reading, reviewing, and critically interpreting a large amount of secondary data to get familiar with it were done repeatedly in the first stage of Braun and Clarke's (2006) thematic analysis framework, which included reading a range of academic journals, industry reports, company publications, and case studies. This phase had a pivotal role in combining all elements of understanding behavioral trends linked to AI-powered recommendation engines and impulse purchasing in online commerce in the UK. Information from Google Scholar, Statista, McKinsey, Gartner, Amazon and ASOS were continually analysed to look for common concepts and inconsistencies surrounding the interaction between the consumer and personalised technologies. 
[bookmark: _heading=h.jhhslq64q3ij]4.3.2 Phase 2: Generating Initial Codes
The second phase involved creating initial code from the data and finding meaningful and relevant segments across it. Coding is the process of establishing a logical classification of data into smaller pieces of data that reflect repeated concepts, actions, and formats that are part of the research question(s). The themes were discovered through open coding, and, consequently, the coding allowed themes to emerge naturally from the data and in a flexible manner to avoid theoretical assumptions foretelling the process. The main codes were: Urgency, Scarcity, Fear of missing out (FOMO), Trust, AI convenience, behavioural dependence, emotional stimulation, algorithmic influence and hyper-personalisation. The same ideas were combined to provide initial behavioural typologies related to impulse online purchasing. 
[bookmark: _heading=h.s6b32nnfv8ve]4.3.3 Phase 3: Searching for Themes
During the third step, all of the codes for each identified pattern of behaviours and technologies were clustered together to form higher-level analytical themes that encompassed the diversity of codes. The topics covered under “AI Personalisation and Consumer Behaviour” included codes of personalisation, predictive analyses, and behavioural targeting, whereas “Psychological Triggers Driving Impulse Shopping” highlighted emotional concepts such as urgency, scarcity, or FOMO. Other themes of topics covered included Algorithmic influence, ‘Consumer trust, privacy and ethical concerns’, and ‘Online vs offline impulse buying behaviour’. In these themes technology and consumer benefits/behavioural outcomes were explicitly linked to the research goals and dissertation questions. 
[bookmark: _heading=h.pa0sw492fsbp]4.3.4 Phase 4: Reviewing Themes
The fourth phase of the development process was critical review and revision of the themes developed to make them consistent, coherent and well analytical throughout the data. Themes were revisited in repetition with academic literature, company reports and theoretical aspects such as Stimulus-Organism-Response (S-O-R) model and the Technology Acceptance Model (TAM). Some in this process were removed and others were unified to make the presentation of the themes clearer. For example, hyper-personalisation was added as a part of AI Personalisation and FOMO was added as a part of Psychological Triggers Driving Impulse Buying. Sub-themes were also created to enhance analytical depth and organisation of sub-themes. 
[bookmark: _heading=h.h9vs5kbx4e1e]4.3.5 Phase 5: Defining and Naming Themes
The fifth phase was dedicated to the identification and naming of the final themes, to ensure that each theme reflected a specific part of the data collected. The topics covered in the final themes were “AI Personalisation and Consumer Behaviour,” “Psychological Triggers Driving Impulse Buying,” “Role of AI Nudging and Algorithmic Influence,” “Consumer Trust, Privacy, and Ethical Concerns,” and “Online vs Offline Impulse Buying Behaviour.” The themes resonated with both behavioural and technological aspects of AI-powered ecommerce systems and captured the complexity of modern digital consumption behaviours. 
[bookmark: _heading=h.hwmr121o04uq]4.3.6 Phase 6: Producing the Report
The last step was to process and report on the thematic results in a text-oriented and organized analytical way, directly connected to the research goal and theory. The answers were critically analysed with the information from the literature and the results were compared and contrasted with the literature in terms of finding similarities, contradictions, and emerging behavioural patterns. AI-generated stimuli showed positive results in integration with the S-O-R model and TAM, providing further insights into the impact of AI stimuli on emotional responses and buying decisions. 
[bookmark: _heading=h.w7583crw00]4.4 Thematic Analysis 
[bookmark: _heading=h.2dgva6c97676]Theme 1: AI Personalisation and Consumer Behaviour
With the application of AI in personalisation, knowledge mining of big data is considerable and highly-customised advice is provided that helps reduce cognitive effort and enhance interest arousal. Because they can link recommended products with behavioural data (viewing and purchase history), there is empirical evidence that AI-powered recommendation systems can also be used as a way to influence as much as 35-40 percent of online consumer behaviour with the increased conversion rates and average order value. 
[bookmark: _heading=h.j3y5vmmfl9cc][image: ]Figure 4.2: The Impact of AI-Personalized Recommendations on Clicking Intentions
Source: (Yin, Qiu and Wang, 2025)
The studies have demonstrated that the consumers' belief and behavioural intention toward personalised recommendations are associated with relevance, which endorses the Technology Acceptance Model (TAM) whereby the users' perceived usefulness and ease of use influence the behavioural intention. For instance, sites such as Amazon use state-of-the-art machine learning algorithms to create personal product feeds, which can help generate a lot of income from cross-selling and up-sell strategies. However, while these technologies make the process more efficient and convenient, they also pose a high level of support versus manipulation dilemmas because consumers might be sub-sequentially rely on algorithmically- suggested choices rather than subjectively evaluate their options (Habil, El-Deeb and El-Bassiouny, 2023).
Malik et al. (2025) argue algorithm personalisation is made via subconscious processing, i.e. consumers may believe that they are making decisions, but in fact, they are being processed by predictive algorithms. Similarly, Ofosu-Ampong et al. (2025) claim that personalised marketing techniques are more powerful in providing a positive effect on purchase intentions and participants recognise some degree of increase (up to 28 points) of purchase intentions of recommended compared to non-customised products. It is therefore indicative that AI is not only reactive but it is also proactive, and it forms consumer preferences, making the boundaries between enabling and using blurry. Finally, the advance of personalised systems has the risk of the filter bubble, that is, the consumer might be shown the same products several times and as a result limit the customer's search space and the set of potential alternative products.
[bookmark: _heading=h.qzwlgqn07ywy]Theme 2: Psychological Triggers Driving Impulse Buying
Online environments supported with AI-based technologies amplify psychological triggers for impulse buying behaviour dramatically and transform impulse buying into careful decision making. Scarcity, urgency, fear of missing out (FOMO) and social influence are the main cues that online platforms are purposely using to encourage a faster buying decision making. The tactics like the scarcity cues (e.g. limited stock, few items left) and other scarcity-related efforts (e.g. countdown timers) in promoting urgency can also increase the purchase intention 32 points, and even more if complemented with time-limited promotions in order to create urgency. Similarly, Chaudhary et al. (2025) note that impulse buying online is very impulsively emotional rather than rational in comparison and that many consumers, mostly, are more inclined to concentrate on short-term need of satisfaction than long-term values. 
[bookmark: _heading=h.wpc04tjjrjg][image: ]Figure 4.3: Domains in impulse buying research
Source: (Lim et al., 2023)
This suggests that the impulse buyer is no longer impulsive anymore because it is more and more driven by pre-conceived psychological cues embedded in online media. Impulse behaviour is also very much influenced by the FOMO with special reference to the young group who are more susceptible to social approval and online stimuli. Hamizer et al. (2024) successfully demonstrate how marketing technologies based on the FOMO, equally have a significant influence on intentions to purchase impulsively, and the participants are more inclined to purchase when the messages instigate scarcity or exclusivity. This is consistent with the Stimulus-Organism-Response (S-O-R) model, which states that the technology stimuli (e.g., personalisation and scarcity) elicit an emotional reaction (e.g., anxiety and fear) in the intention to buy impulsively. 
Yet, a pessimistic perspective reveals that these psychological responses play on psychological vulnerabilities, and therefore create some ethical concerns of manipulation and wellbeing. Ali et al. (2025) argue that the two-pronged urgency-scarcity approach in a personal context leads to emotional engagement to a disruptive level of rational judgement. Such cognitive stimuli can be considered helpful to consumers, but are powerful persuasive tactics to drive sales and not to make the right choice. 
[bookmark: _heading=h.4y428wvu6c6o]Theme 3: Role of AI Nudging and Algorithmic Influence
Computer AI nudging simulates a significant change in consumer power, that is an indirect and stronger form of guiding consumer choice based on a cleaner and more consistent database of information. The conventional direct model of communication (advertisement) is not applied, but instead, personalized nudging (e.g. purchase items, default products, custom suggestions) is used. Experimental data shows that computer nudging can greatly raise the chances of purchase up to 2025, which prove their utility in positively shifting consumer choice but not always limiting choice, and empirically verified by (Luo et al. 2026),b who show that computer nudging brings about large changes in end outcome of decision in the online recommendation environment, often increases vs. enhances their engagement, but decreases vs. speeds up deliberation time. It is referring that computer nudging not only helps the consumer, but more importantly, organizes the environment for choices.
[image: ]
[bookmark: _heading=h.tmbw50kii5q9]Figure 4.4: Netflix Use AI to Personalize Recommendations
Source:(The Product Space, 2024)
Another significant instance of an algorithmic nudging phenomenon is the support of recommendation systems on platforms such as Amazon and Netflix where the recommendations keep progressing algorithmically according to individual behaviour to generate a unique and ever-changing experience of consumption. These systems are based on predictive analytics to make predictions of user preferences and behavior, thus shaping subsequent individual interactions through an iterative feedback loop. This brings about some critical concerns about how much consumer agency there actually is while choices are made. James et al. (2026) call this impression the algorithmic seduction, where personalised cues are used in online platforms and are effective in leveraging cognitive biases causing covert persuasion. Choudhary (2025) perceives such newsfeed-driven algorithms as a serious threat to free will since a tailored platform harbours behavioural persuasion and causes a downward spiral of consumer automatization. 
[bookmark: _heading=h.h8ozs4dn3oip]Theme 4: Consumer Trust, Privacy, and Ethical Concerns
Hence, trust and privacy are emerging as vital factors influencing success of AI based recommendation systems which heavily depend on data collection to enhance consumer personalization. Prediction quality of AIbased recommendation systems is another factor that depends on consumers’ behavioural information like website clicks, purchase histories, smartphone GPS positions, the duration of time spent online, etc., and raises questions with regard to transparency, intent, and accountability. Evidence reveals that 80% of companies use customer data for personalization, offering us an insight into the degree of technology dependence in digital commerce (PwC, 2023). Not only is there an imbalance of control compared to consumption, but an imbalance between what consumers know and what companies know about them which results in consumers’ tacit participation in an advanced data gathering platform or system. The information asymmetry results in an unequal power dynamic .
[image: ]
[bookmark: _heading=h.r2ydbwsp3xmg]Figure 4.5: Evaluating Trustworthiness in AI
Source:(Zhang, Zhao and Li, 2024)
The UK regime (e.g GDPR) is trying to fight for these issues by ensuring a level of transparency, accountability and user control over their data processing activities. However, in practice, it is observed that even with the existence of such parameters and more so through the use of complex algorithmic systems, consumers still experience a lack of control over their data (YouGov, 2024). This clearly manifests the reason why regulation may not always be enough and support transfer of these binding rules into practice, especially when algorithms appear to be like ‘black boxes’ (Möllers, 2022).
Another significant challenge that has been identified from the data is the apparent privacy paradox where consumer optimism around the risks of data sharing co-exists with their willingness to share personal details in return for convenience and personalised services. Studies show that whilst around 70% of customers are worried about how their data is used, the majority are happy to engage with AI based recommendations in the expectation of benefits such as. relevance and efficiency (PwC, 2023). This paradox presents a difficult paradox of rational concerns versus psychological behaviour as ‘our immediate gratification trumps concerns about privacy’. Such a paradox is exploited in many contemporary AI applications through the embedding of personalisation into the fabric of quotidian digital interactions such that data sharing is no longer ‘a conscious act but does it as a fundamental part of our daily lives (Vuyyuru et al., 2025). The inability of consumers to understand algorithms introduces an additional challenge in that it diminishes the level of trust placed on them when users are unable to judge the ‘intelligence’ of the recommendations. These ethical issues perhaps echo most in retail environments where the potential for AI to merely support or even steer consumer decision-making may be compromised when it actively influences behaviour itself (Aldboush and Ferdous, 2023).
[bookmark: _heading=h.h4uqrbt316lg]Theme 5: Online vs Offline Impulse Buying
Thus, from the comparison of online and offline impulse buying behaviour, it can be concluded that consumer decisions have shifted from being guided by the physical environment into being mainly influenced by algorithm-driven and structurally organized stimuli, which is considerably enlarging impulse behaviours in the digital age. In considering traditional offline impulse buying behaviour, physical environment symbols serve as the primary determinants for consumers to buy impulsively, including store displays, lighting, sounds, colours, optimal shelf placements of selected products and consumer‘s internal state (attention, mood, emotion and perception). This particular logic determines that online impulse buying behaviour is ultimately regulated by online stimuli through dynamic interactions of online consumer journey systems; however, it also inevitably encounters the spatial and time limitations (Preethi, 2022). This renders online impulse buying behaviour much more developed in virtue of algorithmic stimulation, which substitutes physical symbols with instant rewards. For example, artificial intelligence (AI) personalized recommender systems play an important role in triggering impulse consumption. Consumers can be exposed to customized material across all the touch points, be prompted time-and-again with purchasing possibility, after all, online impulse buying is superior in evoking synchronous entertainment, cost and time saving in an enjoyable way (Hussain, Khan and Tahir, 2023).
[bookmark: _heading=h.2rhbd7r6uswl]4.5 Case Study Analysis: Amazon and ASOS
Perhaps the most notable examples of this use of AI customer recommendation systems can be seen with the online retail giants such as Amazon and ASOS, who have incorporated algorithmic personalisation into their business models to influence customer psychology and increase output. Amazon‘s recommendation engine can be broadly described as one of the most sophisticated in the retail media, and contributes significantly to the delivery of its business proposals. 
[bookmark: _heading=h.2sjbq3655ky6][image: ]Figure 4.6: AI-powered consumer journey of Amazon
Source: (Huang and Rust, 2019)
It is thought that 35% of all of Amazon‘s revenues are influenced by its recommendation engine and gives insight into how AI personalisation influences consumer purchase trends (McKinsey & Company, 2024). Recommendations such as “Recommended for you” and “Customers who bought this also bought” make use of collaborative filtering and predictive analytics to provide up-to-the-minute results that are constantly updated according to previous and current browsing activity, product preferences and purchase history (Mohan et al, 2022).
Yet, as in fashion retail business, Asos is a visually-centric and emotionally appealing AI enabled experience. Asos is integrating personalized recommendations, sophisticated display, and tailored promo offers to boost the immersive experience. Evidence shows up to 60 per-cent of Asos customers accessed personalized recommendations, emphasizing the impact of AI on involving customers to improve conversion rate (Deloitte, 2023). Digital marketing strategies play an important role, and the visuals, outfit suggestions, influencer image, which further enhance the emotional selling points, can trigger a purchase desire, or even impulse buying. Unlike Amazon utilitarian strategy which focus on simplicity and efficiency, Asos puts hedonic strategy that emphasizes on style, Identity, Hedonic pleasure and create an immersive, less functional environment for impulse buying.
[bookmark: _heading=h.2n3npavod51l]4.6 Discussion of Key Findings
The above diagram illustrates that the personalized nature of recommendation engines increases the power of recommendations over impulsive consumers by its ability to increase personalisation as well as by means of emotional cues and algorithm nudging methods. Personalisation diminishes the impact of cognitive biases by selecting and “filtering” information to fit consumers’ needs . thus automating the human decision making process. Personalised recommendations have been shown to increase conversions by as much as 20%  illustrating their influence potential. The power of emotional cues (pain of loss, social proof, urgency, operational scarcity, commitment and consistency and reciprocity) to influence impulsive decision making was demonstrated by the as assumption of the 60% of consumers are more likely to interact with a personalised AI experience (Deloitte, 2023). It is suggested that personalisation increases impulsiveness by increasing exposure levels to various stimuli10 and through algorithm nudging, as consumers tend to go with default options and personalised recommendations . However, the constant bombardment of personalised information increases one tap investments and lowered financial controls among at risk consumers (World Economic Forum, 2023).
[bookmark: _heading=h.p3wekk1nlnl]4.7 Chapter Summary
This chapter has examined how AI-based recommendation systems on impulse purchasing in UK e-commerce. By thematic analysis and case study evaluation, it concludes that these companies, Amazon and ASOS especially, use layers of personalisation and manipulation of behaviour and emotion to influence consumer behaviour. The research also shows that AI plays a key role in incentivising limited mental resources, boosting the perceived value of products and creating an immersive online environment, driving consumers closer to experienced in-store shopping. However, it concludes that traditional works, such as S-O-R and Technology Acceptance Model (TAM), are helpful in providing foundational perspectives, but no longer able to fully explain AI-influenced impulse buying, which is systematically evolving.

[bookmark: _heading=h.vnb4hj68gry6]CHAPTER 5 - DISCUSSION 
[bookmark: _heading=h.8gfwj19j21q]5.1 Introduction 
The findings presented in Chapter 4 are discussed critically and compared with the theories, concepts and empirical evidence noted in the literature review on AI-driven recommendation systems and impulse buying behaviour in UK ecommerce. The findings of the discussion are then compared with the results of the previous studies and the theoretical frameworks, including the Stimulus-Organism-Response (S-O-R) model and the Technology Acceptance Model (TAM). The results showed that AI-driven recommendation systems have a measurable impact on consumer behavior in the way they engage with products, think about buying them and make purchases spontaneously. 
[bookmark: _heading=h.8bznuxokk2yk]5.2 AI Personalisation and Consumer Behaviour 
The results strongly support the literature argument which centered on the fact that AI-based personalisation has a significant impact on consumer behaviour online and on the impulse purchasing in e-commerce context in the UK. In previous research, recommendation systems were found to be strategic technological solutions that could impact consumer preference based on behaviour analysis of browsing history, purchases made and interaction patterns (Jannach et al., 2010). Likewise, the results revealed that around 35-40% of customers' purchasing decisions are driven by platforms like Amazon and ASOS' personalised product suggestions and cross-selling techniques using predictive analysis and machine learning. This aligns with Gartner (2024) who believes that AI recommendation systems account for almost 31% of the world's ecommerce sales and improve conversion rates and customer engagement by a significant degree. McKinsey (2024) found a similar result, with 76% of consumers stating that personalised engagement is essential to them, and they get angry when that engagement doesn't align with their interests. The results thus confirm the literature, showing that personalisation using AI improves shopping efficiency and boosts the frequency of buying.
Recommendation systems are often regarded in the literature as a mechanism to support decisions that would enhance the customer experience and ease information overload (Boston Consulting Group, 2023). Predictive algorithms can shape subconscious decision-making processes, as Malik et al. (2025) have suggested, and the results are consistent with this, indicating that consumers might not even notice the recommendation that is more likely to maximize spending. In addition, there was literature and evidence pointing to the potential for “filter bubbles” as a consequence of repeated and personalised product suggestions, which can constrain consumers from discovering products. However, Harvard Business Review (2023) asserted the potential for a negative effect on customer satisfaction in the long-term as consumers continue to experience the same product over and over. 
[bookmark: _heading=h.ho3drlra17rs]5.3 Psychological Triggers and Impulse Buying Behaviour 
The results confirmed the literature review well, showing the role of psychological triggers as key factors in the process of online impulse buying. According to existing literature, urgency, scarcity, social proof, and fear of missing out (FOMO) were the top emotional triggers that impact spontaneous purchases in e-commerce platforms (Aggarwal et al., 2023). In the same way, the results showed that AI systems automatically employ elements such as countdown timers, notices for limited stocks, popularity metrics, and tailored promotional messages to evoke emotional response and prompt quicker buying decisions. The results are consistent with the study conducted by Zhou et al. (2023) which suggested that scarcity cues can induce a significant purchase intention by inducing perceived urgency and lowering rational evaluation. The results also strongly corroborate the assumption of the Stimulus Organism Response (S-O-R) model presented in the literature review. The S-O-R model suggests that external stimuli (sight, sound, smell) lead to internal stimuli (feelings); internal stimuli influence consumer behaviour. Results showed that the emotion of excitement, anxiety, anticipation and urgency were all triggered by the AI-generated recommendations, leading to an immediate rise in impulsive purchasing behaviour. In a similar study, Hamizer et al. (2024) also discovered that FOMO is a crucial factor in digital marketing that is designed to boost emotional engagement and impulsive purchases among younger consumers. Thus, the findings demonstrate that AI systems not only trigger emotional responses but do so in a highly personalised manner.
One of the major parallels between the literature and the results is that there is a shift in the decision-making process from rational to emotional in an online shopping context. Previous research suggested that AI-powered recommendation systems diminish cognitive control and foster instant gratifications by facilitating easy purchasing and providing tailored emotional stimulation (Ali et al., 2023). The results also supported the literature, which suggests that the online environment is more effective at stimulating psychological responses than a physical retail environment. Digital platforms constantly feed consumers personalised behavioural triggers, whereas traditional stores are based on environmental triggers like product placement and sensory experiences. Shen and Khalifa (2022) theorized that the online platforms contribute to impulse buying because consumers are always exposed to algorithmically-managed shopping environments.  Most importantly, the literature and results highlighted the ethical issues of emotionally manipulative recommender systems. The use of AI technologies is becoming more prevalent, which is often targeting our psychological weak points to get the most engagement and profit, especially with younger audiences who are easier to persuade with emotional appeals and social validation.
[bookmark: _heading=h.kj1k66e44kzt]5.4 AI Nudging and Algorithmic Influence 
The results reinforce the argument from the literature review that AI nudging and algorithmic influence is emerging as a primary tool to influence consumer decision-making processes in UK eCommerce. In the previous literature, it was explained that the use of “customers also bought” on the website, default suggestions, and personalised product feeds would be some of the behavioural nudges that AI systems would use to simplify and reduce the amount of cognitive effort that the customer would need to put in when making a decision (Mirsch et al., 2022).The results also confirmed that algorithmic nudging is more than just a convenience -- it is a behavioural persuasion tactic. The previous research found that recommendation systems actively shape consumer preferences by predicting consumer future behaviour and building personalised digital environments (Sun and Medaglia, 2023). This is a claim supported by the empirical results, as consumers more and more depended on algorithmically suggested alternatives rather than on a self-examination of alternatives. Luo et al. (2026) suggested that AI nudging has the potential to shorten deliberation time, boost engagement, and elevate the likelihood of consumers making a purchase decision, and the results also showed that the consumers were less likely to consider other product choices after receiving the personalized recommendations.
The personalized recommendation systems, according to Choudhary (2025), are the ones that subtly influence the consumer's decision making process through the non-conscious by producing “algorithmic seduction”. Another key comparison is on the dynamics of AI-driven feedback loops. The literature review proposed that recommendation systems evolve continuously based on user actions, leaving a user who has used a product for a while to develop new consumption patterns, and vice versa, new patterns influencing user actions and further product interactions (Huang and Rust, 2022). Most importantly, literature and findings showed that AI nudging is about consumer choice empowerment, moving from the consumer to the digital platform. Recommendation systems enhance convenience and customer satisfaction, but also foster behavioural automation and reliance on algorithmic recommendations. Thus, the comparative analysis suggests that AI nudging fundamentally impacts online shopping behaviour, decreasing autonomous assessment and enhancing technologic consumption habits in online retail environments. 
[bookmark: _heading=h.xpcmmgsfq109]5.5 Trust, Privacy, and Ethical Concerns 
The results were robustly comparable to the literature review, highlighting the challenges of trust, privacy, and ethical concerns as issues raised by the use of AI recommendation systems on e-commerce platforms in the UK. The importance of trust in the successful adoption of AI technologies was argued in previous studies, as the consumers are more likely to be engaged by the recommendation systems that are perceived as transparent, credible, and reliable (Shin, 2022).  The findings also provide the strong support that was discussed in the literature review as part of the discussion on the 'privacy paradox'. The literature showed that while consumers are very aware of their use of their personal information, they are still willing to share behavioural data in order to obtain convenience and personalised experiences (Kokolakis, 2023). PwC stated that about 80% of companies use consumer data heavily to make them personalised, and about 70% of consumers are worried about privacy risks (2023). The results therefore confirm literature findings of the co-existence of privacy anxiety and behavioural acceptance.
There had been previous literature that claimed AI systems are “black boxes” which do not disclose their decision-making processes, and that there was a lack of understanding among consumers about how the recommendation is generated (Möllers, 2022).  The comparative analysis also indicated issues of manipulation and moral responsibility. The literature made it clear that AI recommendation systems have the power to exploit emotional vulnerabilities and cognitive biases to boost their profits, at the cost of autonomy and wellbeing of consumers (Floridi et al., 2023). The results indicate that even though regulations like GDPR want to increase transparency and consumer protection, many consumers feel powerless in algorithmically-controlled digital environments. 
[bookmark: _heading=h.utb46hfwjq2g]5.6 Comparative Evaluation of Theoretical Frameworks 
The results showed that both Stimulus-Organism-Response (S-O-R) model and the Technology Acceptance Model (TAM) mentioned in the literature review have been found to be relevant, however with some limitations. The S-O-R framework is an effective model to understand the emotional responses of individuals to AI-generated stimuli, such as personalised recommendations, scarcity messaging, and urgency cues, and how these emotions shape impulsive buying decisions. The results replicated what has been reported in literature, that is, the relationship between external stimuli, internal emotional state, and behavioural reaction, showing consumers' emotional excitement, anxiety, and anticipation after engaging with the AI-generated recommendations (Vieira et al., 2023). AI suggestions were preferred by consumers because they made navigation easier, didn't overwhelm them with information and sped up their buying process. The results are robustly suggestive of Alalwan et al. (2023) who stated that the convenience and usability continue to play a significant role in engagement with AI technologies. 
[bookmark: _heading=h.b3zga2e0vrea]5.7 Conclusion 
The overall alignment between the literature review and empirical findings on the impact of AI-driven recommendation systems on impulse buying behaviour in UK e-commerce was strong. The results showed that AI personalisation, psychological cues, behavioural nudges, and algorithmic nudging were all important factors in influencing consumer decision-making, and that these factors had a strong impact on increasing consumer emotional involvement with the purchase and a corresponding reduction in cognitive control. 

[bookmark: _heading=h.ybh2c4rxj0qo]Chapter 6: Conclusion
[bookmark: _heading=h.i8h8zlerqnlg]6.1 Introduction 
This chapter provides the general findings of the study, as it draws critically from the impact of AI-powered recommendation systems on online impulse buying behaviours in the UK e-commerce market. The study explored the increasing role of AI-based technologies in customer decision making processes in digital retail, such as predictive analytics, machine learning, behavioural targeting and hyper-personalisation. AI recommendation systems were shown to have a significant impact on purchasing behavior by minimizing cognition, stimulating emotion, and facilitating impulse buying using digital stimuli that are personalized for each user. 
[bookmark: _heading=h.bomz9ay4icg]6.2 Linking with Research Objectives 
The first objective of the study “To identify the key factors of the AI driven product/portfolio recommendation system affecting consumers' buying behaviour in the e-commerce of the UK” was met successfully. The results have shown that machine learning algorithms, predictive analytics, behavioural tracking and hyper-personalisation have a great impact on consumer buying behaviours because of personalised recommendation and behavioural nudges. Amazon and ASOS, for instance, employ AI platforms cleverly to drive c. 35-40% of consumer purchasing decisions through personalized product ideas via its ‘recommend-to-me’ sections. The second research goal, ‘To identify psychological factors as the drivers of customers' decision to purchase impulsively in the e-commerce environment in the UK,’ was also accomplished by identifying 4 psychological factors, such as urgency, shortage, fear of missing out (FOMO), and emotional gratification, as the dominant influences on customers' impulse buying behaviour. The analysis found that AI technologies, which constantly deliver targeted information that taps into consumers' impulse to consume at any moment, are especially dangerous for the younger generation because their "mood eats their brain" when it comes to persuading them into making recommendations. The third purpose of the research was to identify and critically discuss the issues of the UK e-commerce industry regarding the incorporation of an AI-based product recommender system, which was also achieved.  The last objective, “To explore the role of hyper-personalisation strategies in enhancing e-commerce AI-driven recommendation systems for the UK commerce landscape”, was concluded by highlighting the vital functions hyper-personalisation plays in increasing engagement, conversion rates, and driving business. The results were also that excessive personalisation correlated with emotional manipulation and less consumers' independence in their decision-making. 
[bookmark: _heading=h.tg2kimum17rd]6.3 Summary of Findings 
The study had a crucial impact by proving the transformative power of AI recommender systems on customer behavior in UK e-commerce, generating emotionally resonant, hyper-personalized shopping experiences. The results provided a strong validation of the idea that analysing these behavioural data, such as browsing time, interaction patterns, and previous customer purchases can boost customer engagement, increase purchases, and improve conversion rates through recommendation systems. In fact, companies that have adopted cutting-edge personalisation techniques see a conversion rate increase of 15 to 20% (Boston Consulting Group, 2023), making AI a key strategic tool in personalising digital commerce. The research also unveiled that emotional and psychological engineering is taking place in the online shopping environment in addition to spontaneous decision making leading to an impulse buying behaviour. 
[bookmark: _heading=h.wtks9jmskhk8]6.4 Recommendations 
The study suggests that e-commerce companies should prioritise consumer well-being over commercial goals, and have more transparent and responsible AI practices. For one, there should be greater transparency about how data is collected and algorithms make recommendations so that they are better informed as to how their behaviour is being used. Second, they should limit uneducated nudges and rogue marketing tactics in particular, such as messaging to vulnerable consumer groups, which can include youth. Furthermore, companies must establish frameworks that govern the use of AI in an ethical manner, with a proper consideration for fairness, accountability, and consumer choices, while not just emphasizing engagement and profitability. Policymakers and regulators should also enhance the effectiveness of current legislations, like GDPR, with maximally tight regulations on algorithmic transparency and behavioural targeting practices. 
[bookmark: _heading=h.si0szcooc42r]6.5 Future Scope 
Future studies should explore the psychological and behavioral implications of these AI-driven recommendation systems on consumers' wellbeing, compulsive purchasing and financial decisions, as well as their long-term consequences. The study mainly uses secondary data sources, which means that future research will be enhanced by adding primary research techniques such as interviews and surveys, as well as behavioural experiments to further understand consumer perceptions and emotions towards AI technologies. Other research areas would also benefit from further research on demographic factors, such as age and gender, as well as digital literacy and cultural context, which could be important in shaping vulnerability to algorithmic persuasion and impulse buying. Additionally, further study should be conducted on smaller ecommerce companies on the UK market, instead of just big brands like ASOS and Amazon, mainly. Last but not least, new research should explore the future possibilities of new AI technologies such as generative AI, virtual shopping assistants and immersive retail experiences as these advances are projected to further enhance personalisation capabilities, leading to a potentially major shift in digital consumer behaviour in global e-commerce markets.
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APPLICATION FOR ETHICAL APPROVAL

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

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

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

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

SECTION A: About You (Principal Researcher)
	1
	Full Name:
	Gautambhai Ashokkumar Gohil

	2
	Student Number:
	2432868


	3
	Email address:
	gautamgohel1155@gmail.com

	4
	Programme of Study:
	MBA International Business

	5
	Supervisor:
	Shahrukh Irfan



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

	1
	UWTSD Research Ethics & Integrity Code of Practice
	✓

	2
	UWTSD Research Data Management Policy
	✓

	3
	
	☐

	4
	
	☐



SECTION C: Details of Research Activity
	1
	Indicative title:
	The Influence of AI-Driven Product Recommendations on Online Impulse Buying Behavior in UK E-Commerce

	2
	Proposed start date:
	09/03/2026
	Proposed end date:
	20/03/2026

	
	Introduction to the Research (maximum 300 words in each section)
Ensure that you write for a Non-Specialist Audience when outlining your response to the three points below:
· Purpose of Research Activity
· Proposed Research Question
· Aims of Research Activity
· Objectives of Research Activity
Demonstrate, briefly, how Existing Research has informed the proposed activity and explain
· What the research activity will add to the body of knowledge 
· How it addresses an area of importance. 

	3
	Purpose of Research Activity

The purpose of this research is to investigate how artificial intelligence (AI) driven product recommendation systems influence impulse buying behaviour among consumers in the UK e-commerce sector. Online retailers increasingly use AI-based algorithms to analyse user behaviour, browsing history, and purchasing patterns to provide personalised product recommendations.
These systems are designed to enhance customer engagement and improve sales by presenting relevant products to consumers at the right time. However, the increased personalisation and predictive nature of these systems may also trigger impulsive purchasing decisions among customers.
This research aims to analyse how consumers respond to AI-driven recommendations and whether these recommendations influence unplanned buying behaviour. The study will collect primary data from online shoppers using structured questionnaires to understand their perceptions, behaviour, and decision-making processes.
The research will contribute to understanding the relationship between AI personalisation technologies and consumer purchasing behaviour in the e-commerce environment.


	4
	Research Question

How do AI-driven product recommendation systems influence online impulse buying behaviour among consumers in the UK e-commerce sector?
Supporting questions include:
• What key factors of AI recommendation systems influence consumer buying behaviour?
 • What impact does impulse buying have on customers using UK e-commerce platforms?
 • What challenges exist in implementing AI-driven recommendation systems in e-commerce?
 • How can hyper-personalisation improve AI recommendation systems?


	5
	Aims of Research Activity

Aim 1
 To critically evaluate the influence of AI-driven product recommendation systems on consumer impulse buying behaviour in UK e-commerce.
Aim 2
 To identify the factors within AI recommendation systems that influence purchasing decisions.
Aim 3
 To analyse the challenges associated with the implementation of AI-driven recommendation systems in online retail.
Aim 4
 To explore the role of hyper-personalisation strategies in improving recommendation systems.


	6
	Objectives of Research Activity

· To identify the main components of AI-driven product recommendation systems used in e-commerce platforms.

· To analyse the impact of these recommendation systems on consumer impulse buying behaviour.

· To examine the challenges related to privacy, algorithm bias, and implementation of AI systems.

· To explore strategies for improving AI-driven recommendation systems through personalisation and behavioural analytics.



(this box should expand as you type)

	
	Proposed data collection methods (maximum 600 words)
Provide a brief summary of all the methods that may be used in the research activity to collect data, making it clear what specific techniques may be used. If methods other than those listed in this section are deemed appropriate later, additional ethical approval for those methods will be needed. You do not need to justify the methods here but should instead describe how you intend to collect the data necessary for you to complete your project.

	7
	This research will use a primary quantitative research approach to collect data from consumers who shop on UK e-commerce platforms.
Data will be collected using an online questionnaire created using a digital survey platform such as Google Forms. The questionnaire will consist of approximately 15 structured closed-ended questions using a Likert scale to measure participants’ perceptions of AI-driven recommendations, trust in recommendation systems, and impulse buying behaviour.
Participants will be recruited through online platforms and social media channels, where individuals who regularly shop online will be invited to participate voluntarily in the study. Only participants who have experience using e-commerce platforms for at least two years will be eligible to participate.
The survey will include demographic questions, questions about participants’ experience with AI recommendations, and questions measuring impulsive purchasing behaviour.
The expected sample size is approximately 115 participants, which will provide sufficient data for basic statistical and graphical analysis.
Data collected from the survey will be analysed using graphical and descriptive analysis methods. The results will be interpreted to understand the relationship between AI-based recommendations and consumer impulse buying behaviour.
The research will not involve interviews, audio recordings, video recordings, or observation methods. Participation will be voluntary and anonymous.

(this box should expand as you type)



SECTION D: Scope of Research Activity
	
	Will the research activity include:
	YES
	NO

	1
	Use of a questionnaire or similar research instrument?
	✓
	☐

	2
	Use of interviews?
	☐
	✓

	3
	Use of focus groups?
	☐
	✓

	4
	Use of participant diaries? 
	☐
	✓

	5
	Use of video or audio recording?
	☐
	✓

	6
	Use of computer-generated log files?
	☐
	✓

	7
	Participant observation with their knowledge?
	☐
	✓

	8
	Participant observation without their knowledge?
	☐
	✓

	9
	Access to personal or confidential information without the participants’ specific consent?
	☐
	✓

	10
	Administration of any questions, test stimuli, presentation that may be experienced as physically, mentally or emotionally harmful / offensive?
	☐
	✓

	11
	Performance of any acts which may cause embarrassment or affect self-esteem?
	☐
	✓

	12
	Investigation of participants involved in illegal activities?
	☐
	✓

	13
	Use of procedures that involve deception?
	☐
	✓

	14
	Administration of any substance, agent or placebo?
	☐
	✓

	15
	Working with live vertebrate animals?
	☐
	✓

	16
	Procedures that may have a negative impact on the environment?
	☐
	✓

	17
	Other primary data collection methods. Please indicate the type of data collection method(s) below.
	☐
	✓

	
	Details of any other primary data collection method:



(this box should expand as you type)
	
	



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

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

SECTION E: Intended Participants
	
	Who are the intended participants:
	
YES
	
NO

	1
	Students or staff at the University?
	☐
	✓

	2
	Adults (over the age of 18 and competent to give consent)?
	✓
	☐

	3
	Vulnerable adults?
	☐
	✓

	4
	Children and Young People under the age of 18? (Consent from Parent, Carer or Guardian will be required)
	☐
	✓

	5
	Prisoners?
	☐
	✓

	6
	Young offenders?
	☐
	✓

	7
	Those who could be considered to have a particularly dependent relationship with the investigator or a gatekeeper?
	☐
	✓

	8
	People engaged in illegal activities?
	☐
	✓

	9
	Others. Please indicate the participants below, and specifically any group who may be unable to give consent.

	☐
	✓

	
	Details of any other participant groups:
Complete this only if your participants cannot give consent. This includes animals

(this box should expand as you type)
	
	



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

	10
	How many participants are expected?

	Approximately 115 participants will be included in the study.
Participants will be recruited through social media platforms, email invitations, and online communities related to online shopping.



(this box should expand as you type)

	11
	Who will the participants be?

	
Participants will be adult online shoppers (18 years and above) who regularly use e-commerce platforms such as Amazon, ASOS, or similar UK online retail platforms.
Participants must have at least two years of experience in online shopping.


(this box should expand as you type)

	12
	How will you identify the participants?
	
Participants will be identified through online communities, social media platforms, and email distribution lists. A survey link will be shared inviting voluntary participation.

(this box should expand as you type)




	
	Information for participants:
	
YES
	NO
	
N/A

	13
	Will you describe the main research procedures to participants in advance, so that they are informed about what to expect?
	✓
	☐
	☐

	14
	Will you tell participants that their participation is voluntary?
	✓
	☐
	☐

	15
	Will you obtain written consent for participation?
	✓
	☐
	☐

	16
	Will you explain to participants that refusal to participate in the research will not affect their treatment or education (if relevant)?
	✓
	☐
	☐

	17
	If the research is observational, will you ask participants for their consent to being observed?
	☐
	☐
	✓

	18
	Will you tell participants that they may withdraw from the research at any time and for any reason?
	✓
	☐
	☐

	19
	With questionnaires, will you give participants the option of omitting questions they do not want to answer?
	✓
	☐
	☐

	20
	Will you tell participants that their data will be treated with full confidentiality and that, if published, it will not be identifiable as theirs?
	✓
	☐
	☐

	21
	Will you debrief participants at the end of their participation, in a way appropriate to the type of research undertaken?
	✓
	☐
	☐

	22
	If NO to any of above questions, please give an explanation 

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

(this box should expand as you type)



	
	Information for participants:
	
YES
	NO
	
N/A

	24
	Will participants be paid?
	☐
	✓
	☐

	25
	Is specialist electrical or other equipment to be used with participants?
	☐
	✓
	☐

	26
	Are there any financial or other interests to the investigator or University arising from this study?
	☐
	✓
	☐

	27
	Will the research activity involve deliberately misleading participants in any way, or the partial or full concealment of the specific study aims?
	☐
	✓
	☐

	28
	If YES to any question, please provide full details 

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

(this box should expand as you type)



SECTION F: Anticipated Risks

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

	1
	Risks to participants
For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm, transfer of personal data, sensitive organisational information. If you have identified in section D that there are no participants, then enter N/A and go skip to question 3.

	
	Risk to participants:
There is minimal risk to participants as the research involves only an online questionnaire about shopping behaviour.
Potential risks may include:
• minor discomfort when answering questions about personal shopping habits
 • concerns regarding data privacy


(this box should expand as you type)
	How you will mitigate the risk to participants:

• Participation will be voluntary
 • No personal identifying information will be collected
 • Data will be anonymised
 • Participants can withdraw at any time


	2
	If research activity may include sensitive, embarrassing or upsetting topics (e.g. sexual activity, drug use) or issues likely to disclose information requiring further action (e.g. criminal activity), give details of the procedures to deal with these issues, including any support/advice (e.g. helpline numbers) to be offered to participants. Note that where applicable, consent procedures should make it clear that if something potentially or actually illegal is discovered in the course of a project, it may need to be disclosed to the proper authorities

	
	
The research does not involve sensitive or illegal topics. Questions will focus only on general online shopping behaviour and AI recommendation systems.

(this box should expand as you type)

	3
	Risks to the investigator
For example: personal health & safety, physical harm, emotional distress, risk of accusation of harm/impropriety, conflict of interest

	
	Risk to the investigator:
Possible risks include:
• data loss
 • misuse of collected data
 • research bias




(this box should expand as you type)
	How you will mitigate the risk to the investigator:



Mitigation:
• secure data storage
 • following ethical guidelines
 • maintaining research integrity


	4
	University/institutional risks
For example: adverse publicity, financial loss, data protection

	
	Risk to the University:

Potential risks include:
• misuse of participant data
 • breach of ethical guidelines
	How you will mitigate the risk to the University:


Mitigation:
• compliance with GDPR
 • anonymisation of data
 • ethical approval prior to research

	5
	Environmental risks
For example: accidental spillage of pollutants, damage to local ecosystems

	
	Risk to the environment:


There are no environmental risks as the research is conducted entirely online.

(this box should expand as you type)
	How you will mitigate the risk to environment:



(this box should expand as you type)



SECTION G: Feedback, Consent and Confidentiality

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

	1
	Feedback
What de-briefing and feedback will be provided to participants, how will this be done and when? 

	
	Participants will be informed that they may request information about the study results via email after the research is completed.

(this box should expand as you type)

	2
	Informed consent
Describe the arrangements to inform potential participants, before providing consent, of what is involved in participating. Describe the arrangements for participants to provide full consent before data collection begins. If gaining consent in this way is inappropriate, explain how consent will be obtained and recorded in accordance with prevailing data protection legislation.

	
	Participants will receive an online consent statement before starting the questionnaire. By proceeding with the survey, participants confirm their voluntary consent to participate.


(this box should expand as you type)

	3
	Confidentiality / Anonymity
Set out how anonymity of participants and confidentiality will be ensured in any outputs. If anonymity is not being offered, explain why this is the case. 

	
	Participants will remain anonymous. No personal identifiers such as names or addresses will be collected. All data will be reported in aggregated form only.


(this box should expand as you type)



SECTION H: Data Protection and Storage

	
	Does the research activity involve personal data (as defined by the General Data Protection Regulation 2016 “GDPR” and the Data Protection Act 2018 “DPA”)?
	YES
	NO

	1
	“Personal data” means any information relating to an identified or identifiable natural person (‘data subject’). An identifiable natural person is one who can be identified, directly or indirectly, in particular by reference to an identifier such as a name, an identification number, location data, an online identifier or to one or more factors specific to the physical, physiological, genetic, mental, economic, cultural or social identity of that natural person. Any video or audio recordings of participants is considered to be personal data.
	✓
	☐

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

	2
	• demographic information
• survey responses
• consent confirmation

No identifiable personal data will be collected.

(this box should expand as you type)

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

	3
	“Special category data” means sensitive personal data consisting of information as to the data subjects’ –
(a) racial or ethnic origin,
(b) political opinions,
(c) religious beliefs or other beliefs of a similar nature,
(d) membership of a trade union (within the meaning of the Trade Union and Labour Relations (Consolidation) Act 1992),
(e) physical or mental health or condition,
(f) sexual life,
(g) genetics,
(h) biometric data (as used for ID purposes),
	
☐
	
✓

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

	4
	What counts as ‘sensitive’ will differ between cultures. Any information on behaviour that is not in accordance with cultural norms would count as sensitive personal data.



(this box should expand as you type)



	
	Will data from the research activity (collected data, drafts of the thesis, or materials for publication) be stored in any of the following ways?
	YES
	NO

	5
	Manual files (i.e. in paper form)?
	☐
	✓

	6
	University computers?
	✓
	☐

	7
	Private company computers?
	☐
	✓

	8
	Home or other personal computers?
	✓
	☐

	9
	Laptop computers/ CDs/ Portable disk-drives/ memory sticks?
	✓
	☐

	10
	“Cloud” storage or websites?
	✓
	☐

	11
	Other – specify:

	☐
	☐

	12
	For all stored data, explain the measures in place to ensure the security of the data collected, data confidentiality, including details of backup procedures, password protection, encryption, anonymisation and pseudonymisation:

	
	All collected data will be stored in password-protected cloud storage and secure computers. Access will be restricted to the researcher and supervisor. Data will be anonymised and stored securely until the completion of the research project.


(this box should expand as you type)



	
	Data Protection

	
	Will the research activity involve any of the following activities:
	YES
	NO

	13
	Electronic transfer of data in any form?
	☐
	✓

	14
	Sharing of data with others at the University outside of the immediate research team?
	☐
	✓

	15
	Sharing of data with other organisations?
	☐
	✓

	16
	Export of data outside the UK or importing of data from outside the UK?
	☐
	✓

	17
	Use of personal addresses, postcodes, faxes, emails or telephone numbers?
	☐
	✓

	18
	Publication of data that might allow identification of individuals?
	☐
	✓

	19
	If YES to any question, please provide full details, explaining how this will be conducted in accordance with the GDPR and Data Protection Act (2018) (and/or any international equivalent):

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

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

(this box should expand as you type)

	20
	List all who will have access to the data generated by the research activity:

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

(this box should expand as you type)

	21
	List who will have control of, and act as custodian(s) for, data generated by the research activity:

	
	Usually the principal researcher.

(this box should expand as you type)

	22
	Give details of data storage arrangements, including security measures in place to protect the data, where data will be stored, how long for, and in what form. 

	
	All data will be encrypted and kept in password protected cloud storage on the University Office 365 system which will not be shared. Any USB sticks used to store or transfer data will be password protected, and will be reformatted at the end of the project in order to destroy the data. The data will be stored until the completion of the project and then deleted. 

(this box should expand as you type)

	22
	Confirm that you have read the UWTSD guidance on data management (see https://www.uwtsd.ac.uk/library/research-data-management/)
	✓

	23
	Confirm that you are aware that you need to keep all data until after your research has completed or the end of your funding
	✓




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

Will the research use AI tools to do any of the following:
	YES
	NO
	N/A

	1
	Capture data?
	☐
	✓
	☐

	2
	Generate and/or edit text?
	☐
	✓
	☐

	3
	Generate graphics?
	☐
	✓
	☐

	4
	Generate video?
	☐
	✓
	☐

	5
	Generate sound/music?
	☐
	✓
	☐

	6
	Generate code?
	☐
	✓
	☐

	7
	Generate synthetic data?
	☐
	✓
	☐

	8
	Analyse data?
	☐
	✓
	☐

	9
	Analyse personal or sensitive data?
	☐
	✓
	☐

	10
	Classify data?
	☐
	✓
	☐

	11
	Do you intend to use the free version of any AI tools?
	☐
	✓
	☐

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

	12
	State which AI tool or tools you will be using, and where they are based (or store their data – you may need to check their webpages or user agreement for this). If you are planning to use Copilot then say if you’re using the UWTSD version of it or the public version. You should also show how you are complying with current UWTSD guidance/policy of the use of AI.

(this box should expand as you type)




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

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

	
	1
	Signature of applicant:
	Gautambhai.
	Date: 17/03/2026

	2
	Supervisor:
	Shahrukh Irfan
	Date: 19/03/26

	3
	Signature:
	[image: ]
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