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Background
At present time, “artificial intelligence (AI)” is being widely applied for predictive analytics in retail and digital marketing. The advancements of Predictive merchandising enables organisations to analyse the data of customer to know how many of different products they need to produce at different points throughout the year. Mirza et al. (2025) state that AI-driven business intelligence utilises raw data to improve engagement, inform decisions, and enhance decision-making. In addition to that, Ankam (2025) notes that predictive analytics plays a big role in simplifying inventory alignment and it can support in analysing customer information. High-end shoppers in busy markets are always in need of something truly special, which can only be gained by using these advanced analytics (Maheta, Pandya and Patel, 2024). Companies that are making usage of the programme can have stronger customer base. This makes companies more competitive and results in more involvement with their customers, and leads to greater trust in the company's system of technologies and marketing.
Problem Statement
Artificial intelligence is getting widely used for digital marketing, and one popular use is that of predictive analytics, through which firms can use to predict consumer behaviour. Business intelligence is a technology-based application used for analysing data. It helps in identifying and presenting actionable information for making strategic business choices. Although it has potential, there has been little evidence from a marketing perspective relating to predictive analytics. Although previous research reveals the contribution of AI in improving segmentation, loyalty and retention, they tend to emphasise technical or operational benefits at varying levels rather than customer perceptions (Zulaikha et al., 2020). Furthermore, ongoing challenges related to data privacy, algorithmic bias, and compliance with regulatory frameworks such as GDPR continue to shape adoption gaps because the understanding of predictive analytics does not equate to actual meaningful outcomes, such as satisfaction, loyalty, and personalisation. It is important to fill this gap to understand the effect AI-powered predictive analytics will have on digital marketing.
Rationale
Evaluating the impact of predictive analytics in organisation’s marketing strategy addresses an academic gap while also providing practical insights. Prior studies highlight AI’s potential to unlock accurate forecasting and reshape strategic decisions in retail (Muthukalyani, 2024; Oluwafemi et al., 2021)
). However, they primarily focus on operational efficiency rather than customer engagement outcomes. This research, therefore, builds on emerging scholarship while redirecting attention towards customer-level effectiveness.
Significance
The study holds dual significance. Academically, it contributes to the growing body of literature on AI-driven marketing and customer engagement. Practically, it provides the broader UK retail sector with evidence-based recommendations for refining predictive analytics applications to improve loyalty, satisfaction, and long-term competitiveness.
[bookmark: _xbjek1d5o0ak][bookmark: _Toc210053606]2. Research Aim, Objectives & Questions
Aim: 
This research will aim to evaluate the effectiveness of AI-driven predictive analytics in enhancing customer engagement within digital marketing strategies.
Objectives:
· To explore how organisations applies predictive analytics in marketing.
· To assess its impact on engagement factors such as loyalty, personalisation, and satisfaction.
· To identify key challenges in using predictive analytics for engagement.
· To suggest improvements in AI-based customer engagement strategies.
Research Questions:
1. How does organisations apply predictive analytics in its digital marketing strategies?
2. To what extent does predictive analytics influence customer engagement factors (loyalty, satisfaction, personalisation)?
3. What challenges does organisations face in implementing predictive analytics for customer engagement?
4. What improvements can be suggested for enhancing customer engagement using AI?
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This review evaluates existing evidence on AI-driven predictive analytics and its influence on customer engagement within the context of digital marketing. According to Ziakis and Vlachopoulou (2023), artificial intelligence has transformed digital marketing by enabling predictive modelling, customer segmentation, recommendation systems, and data-driven decision-making. Their PRISMA-based review of 211 articles found that predictive analytics consistently improves personalisation and forecasting accuracy, although fragmentation across studies limits comparability. Similarly, Joshi, Nair, Singh and Nair (2021) demonstrated that integrating natural language processing with predictive analytics enhances lead nurturing and satisfaction, though the absence of comparative baselines reduces generalisability. Zulaikha et al. (2020) further showed that predictive analytics strengthens loyalty and satisfaction, but adoption barriers such as organisational readiness and trust remain. From an industry perspective, Rushda (2024) emphasised that predictive analytics is shaping the future of marketing, though insufficient attention is paid to consumer trust and perceptions. As per Arora, Singh, Bhatt and Sharma (2021), customer engagement can be explained using social CRM as a driver of loyalty and retention. Using structural equation modelling on survey data, they found statistically significant paths from SCRM practices to customer engagement and loyalty outcomes. Nevertheless, their reliance on a cross-sectional dataset constrains causal interpretation, and their focus outside grocery retail weakens contextual application. Building on this, Perez-Vega (2020) proposed a conceptual framework of AI-mediated customer engagement using the Stimulus-Organism-Response approach. This framework clarifies how AI interventions (stimuli) affect psychological states (organism) and lead to behavioural engagement (response). However, because the framework is theoretical, the absence of empirical measures of engagement outcomes limits its applicability. Furthermore, Acikgoz, Yoganathan, Jebarajakirthy and Ashraf (2023) extend engagement theory by integrating Behavioural Reasoning Theory with the Technology Acceptance Model to study AI-powered voice assistants. Their survey-based findings demonstrate that “reasons for” adoption significantly influence attitudes and disclosure willingness, while “reasons against” suppress engagement. Although statistically rigorous, this study focuses on voice channels, creating a gap in understanding engagement in broader retail ecosystems like organisation’s loyalty programmes (Yaiprasert and Hidayanto, 2023).
According to Ziakis and Vlachopoulou (2023), the reviewed studies primarily highlight e-commerce and advertising, while Joshi et al. (2021) demonstrate the marketing pipeline potential of NLP. However, Tesco, Sainsbury’s, Amazon Fresh, and M&S employ predictive analytics in omnichannel loyalty ecosystems where engagement involves frequency of basket purchases, Clubcard points, and satisfaction scores. These sector-specific engagement factors are absent in the examined studies, underscoring the necessity of case-based investigation within UK grocery retail. As stated by Arora et al. (2021), customer engagement strategies assume strong governance over customer data, raising concerns about privacy and compliance. Perez-Vega (2020) similarly notes that AI systems can generate feedback loops that amplify bias, if unchecked. In addition, Acikgoz et al. (2023) demonstrate disclosure aversion among consumers, suggesting a barrier to data breadth and model reliability. Collectively, these studies emphasise limitations around GDPR compliance, algorithm bias, and data quality, yet do not provide solutions contextualised to UK retail. Drawing on these contributions, the proposed conceptual framework positions AI-driven predictive analytics as the stimulus, customer perceptions of loyalty, satisfaction, and personalisation as the responses, and mediating variables such as engagement intensity and value co-creation. Moderating conditions include privacy trust, perceived usefulness, and channel context. Controls include governance and data quality assurance, which directly affect customer willingness to disclose information and the accuracy of predictions. This framework adapts insights from Ziakis and Vlachopoulou (2023), Arora et al. (2021), Perez-Vega (2020), Acikgoz et al. (2023), and Joshi et al. (2021), situating them in an industry-specific context.
Ziakis and Vlachopoulou (2023) aim to map AI applications in marketing through a PRISMA review, identifying personalisation as a consistent engagement driver. Their method provides breadth but lacks effect sizes, restricting causal insight. Arora et al. (2021) apply SEM on survey data, evidencing significant relationships between SCRM, engagement, and loyalty, but limitations include non-retail sampling and the absence of longitudinal data. Perez-Vega (2020) conceptualises AI-engagement mechanisms, yet without empirical measurement. Acikgoz et al. (2023) test a behavioural reasoning model using survey data, finding significant positive effects of “reasons for” adoption, but their channel specificity limits retail transferability. Joshi et al. (2021) integrate NLP with prediction to improve engagement pipelines; while results suggest conversion gains, no statistical benchmarks or confidence intervals are reported. There is a lack of robust customer-perceived evidence linking predictive analytics to loyalty, satisfaction, and personalisation in UK grocery retail. Existing studies either focus on conceptual frameworks, case systems without engagement metrics, or channels outside supermarkets. This study will survey customers to operationalise engagement across loyalty, satisfaction, and personalisation. Using SPSS, regression analysis will test causal links between predictive analytics exposure and engagement. Ethical safeguards, GDPR compliance, and attention checks will address validity issues while ensuring credible and sector-relevant insights. Findings across reviewed studies suggest predictive analytics can enhance engagement, but fragmented measurement and sectoral gaps demand targeted empirical validation within UK grocery retail to confirm customer-perceived effectiveness.
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Philosophy & Approach
This research will adopt positivism as the guiding philosophy since it will support objective measurement of customer perceptions through structured surveys and statistical analysis, ensuring quantifiable and generalisable outcomes. As stated by Junjie and Yingxin (2022), positivism will be suitable when phenomena are studied using empirical evidence rather than subjective interpretation, aligning with the evaluation of predictive analytics in organisational marketing. A deductive approach will be applied because hypotheses derived from existing theories on engagement and personalisation will be systematically tested with collected data. According to Hall, Hall and Shaw (2022), deduction will ensure structured hypothesis testing, making it appropriate for studies seeking causal links.
Research Design
This study will employ a quantitative, survey-based design because it will allow the systematic collection of numerical data from customers of retail sector to evaluate perceptions of AI-driven predictive analytics in digital marketing. A quantitative design will be selected since it facilitates hypothesis testing and enables generalisation from samples to larger populations through statistical analysis (Slater and Hasson, 2024). Surveys will provide structured and standardised responses, ensuring comparability across participants, while quantitative analysis will highlight measurable relationships between predictive analytics and customer engagement dimensions such as loyalty, satisfaction, and personalisation. This approach will therefore ensure both reliability and objectivity in addressing the research objectives.
Data Collection
Primary data will be collected using an online survey, as it offers accessibility, cost-effectiveness, and efficiency in gathering responses from a wide demographic of customers across the UK. The survey will consist of closed-ended Likert scale questions designed to measure perceptions of personalisation, loyalty, and satisfaction influenced by predictive analytics (Ajayi, 2025). Likert scales will be selected because they provide a reliable means of quantifying subjective perceptions and allow for statistical testing. The study will target a minimum of 50 valid responses, meeting the university’s requirement for quantitative projects at the postgraduate level. This sample size will be sufficient to generate descriptive insights and perform basic inferential tests, though larger participation will be encouraged to enhance reliability and robustness.
Sampling Strategy
This study will use a non-probability convenience sampling for participants. This strategy will be chosen because it is possible to do, easy to do and quick to do. As customers are widely available on various online platforms and forums, it provides a feasible way for convenience sampling due to the time-limited nature of the dissertation (Stratton, 2021). Although probability sampling would give us more representativeness, using it will require a lot of resources and would take a longer time, which is not possible for this project. Even though it has drawbacks, using convenience sampling can be beneficial as it provides useful insights into how consumers view predictive analytics. In this way, the approach will provide findings that will be sufficiently robust to analyse engagement, satisfaction, and loyalty in this context of digital marketing.
Data Analysis
This survey data would be analysed by using SPSS, which is a trusted source used in social sciences research.   The customer perception of predictive analytics and engagement outcomes will be revealed by measuring the means, frequencies and standard deviations. Once this is done, statistical tests will be used to check the relationship between the variables (Sitopu, Purba and Sipayung, 2021). Statistics help analyse the data to determine the correlation and dependency of things in the world.  Chi-Square or T tests are instruments that help identify the demographic groups around the world. When the mathematical approach is combined with circumstance analysis, the impact assessment will be completed (Onifade et al., 2024). The SPSS software is a well-known tool to analyse huge amounts of data.
Ethical Considerations
Trustworthiness and the protection of participants are prioritised in this study. Researchers will provide an informed consent form to the respondents. The consent form will include the purpose of the research. The participation in the research is voluntary and the participants will be able to be withdrawn from the research at any stage (Dave, Athaluri and Singh, 2023). And if they withdraw, they will not be held responsible for doing so. Anonymity will be protected by not including identifying information, and any data collected from the dongle will be password-protected in a digital file. GDPR will guide data handling to ensure lawful processing, privacy and transparency. Steps will also be taken to minimise any discomfort or bias while taking the survey (Laryeafio and Ogbewe, 2023). This study will be submitted for formal university ethics approval prior to data collection commencing. Through these procedures, the participants’ data can be protected and uphold the research process.
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	Proposal & Ethics Approval
	15-Sep-25
	10-Oct-25

	Literature Review
	11-Oct-25
	10-Nov-25

	Survey Design & Pilot
	11-Nov-25
	20-Nov-25

	Data Collection
	21-Nov-25
	15-Dec-25

	Data Analysis
	16-Dec-25
	24-Dec-25

	Write-up & Conclusions
	25-Dec-25
	06-Jan-26

	Final Submission
	07-Jan-26
	07-Jan-26



Table 1: Project timeline
(Source: Self-created)
The dissertation will happen according to a planned schedule and will finish on 7th January 2026. The plan will start with the proposal finalisation and ethics approval in September-October, followed by literature review, survey design and piloting in November. In December, data will be gathered and analysed, allowing enough time for interpretation and critical evaluation. The last phase will involve drafting the findings, conclusions, and recommendations for the submission. This structured plan will ensure an appropriate balance of efficiency and rigour while meeting institutional deadlines.
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This research will generate significant contributions across academic, practical, and policy domains. Academically, it will extend existing literature on AI-driven marketing and customer engagement by offering empirical evidence from the UK grocery retail sector. While prior studies have highlighted conceptual frameworks or technical applications, this study will focus on customer-perceived effectiveness, thereby addressing a noted gap in current scholarship. Practically, the findings will provide evidence-based insights to refine the use of predictive analytics for improving loyalty, satisfaction, and personalisation outcomes. Such recommendations will enhance strategic decision-making and strengthen competitive positioning. Policy and ethics-wise, the study will highlight responsible AI practices, particularly compliance with GDPR and consumer data protection principles. This emphasis will not only guide organisations but also inform broader industry standards, contributing to sustainable and ethical adoption of predictive analytics in digital marketing.
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This study will face certain limitations that must be acknowledged. The use of relatively small sample size of at least fifty responses can limit the scope of generalisation of the findings to the overall UK retail market. The statistical power and representativeness can be improved when a bigger dataset is used. They also used self-reported survey data, which may lead to a bias in responding since the respondents may be aware or subconsciously interested in responding with a socially desirable response rather than a fully realistic perception. One more important limitation is that the research will be context-specific, which may restrict the applicability of findings to other organisations due to differences in operational strategies and customer bases. The analysis of this context shows that this research contains a number of limitations, which are also going to be addressed by the application of statistical tests. Thus, findings will be more reliable, valid and meaningful in the more general context of digital marketing.
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