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1. Introduction, Background and Research Problem
The adoption of Artificial Intelligence (AI) in supply chain management (SCM) is among some of the most impactful technological advancements of the modern era in the business world. AI-powered supply chain tools, such as machine learning, predictive analytics, and demand-sensing platforms, have also proven to be effective in generating tangible operational benefits, particularly for large enterprises. AI mature organisations can expect to see logistics expense reductions of up to 15%, inventory reductions of up to 35%, and service level improvements of up to 65% (McKinsey & Company, 2021). The results, however, tend to be mostly confined to larger multinationals that have the technology and resources needed to support enterprise-level artificial intelligence solutions. 
Artificial Intelligence (AI) is one of the most impactful technological shifts in today's retail landscape, particularly in supply chain management (SCM). AI-driven solutions, including machine learning, predictive analytics and demand-sensing platforms, have proven to be very useful in terms of operations, especially for larger organizations. AI-ready companies have seen logistics costs cut up to 15%, inventory cut up to 35% and service levels improved up to 65% (McKinsey & Company, 2021). Particularly this is important for the retail industry in the UK, where stock-outs, overstocks, and other associated mark-downs account for losses of around £11 billion per year for the retailers (Reuters Staff, 2026).
Unlike predictive analytics, Generative AI (GenAI) is a qualitatively new capability. Typical ML models use structured data from past records to make demand forecasts; Generative AI can use unstructured data sources like social media sentiment, macroeconomic narratives, and weather forecasts to create scenario-based forecasts of demand (Hassani and Silva, 2024). However, by 2023, only 22% of supply chain leaders had taken AI forecasting tools beyond the pilot phase, indicating a significant disconnect between the use of AI tools and their implementation (Culot, Podrecca and Nassimbeni, 2024).
A case study context particularly relevant to Marks & Spencer (M&S) is presented. M&S is one of the UK's most famous and largest retailers, selling clothing, food and homeware in over 1,400 stores worldwide, and has a developing e-commerce segment. Due to a number of key supply chain issues during the COVID-19 pandemic, M&S launched its multi-year 'Never the Same Again' transformation programme, making AI and data analytics part of the core of the supply chain renewal. This has led to measurable results, as M&S food revenue rose by 17.5% in FY23/24 and clothing and home revenue grew by 11.4% during the period, in part due to M&S' enhanced demand management and supply chain agility (M&S, 2024).
Despite the practitioner advances, the research on GenAI applications in retail supply chains is still in its nascent stages, and not much research at the organisational level is available. The majority of the current research is either algorithmic or conceptual, and few studies have focused on the case-specific, real-world dynamics in which these technologies are used for making decisions (Culot, Podrecca and Nassimbeni, 2024). This dissertation aims to remedy that, by conducting a focused secondary qualitative case study of M&S.
[bookmark: _Toc231937246]2. Research Aim, Objectives and Research Question
[bookmark: _Toc231937247]2.1 Research Aim
To explore the impact of Generative AI and predictive analytics on enhancing the demand forecast and inventory optimisation in the UK retail supply chain, with a case study example of Marks & Spencer.
[bookmark: _Toc231937248]2.2 Research Objectives
· To explore the use of Generative AI and predictive analytics for demand forecasting and inventory optimisation in the retail supply chain.
· To assess the use of Generative AI and predictive analytics at Marks & Spencer, and how it is helping to improve forecasting accuracy and inventory performance.
· To understand the opportunities and obstacles for the use of Generative AI and predictive analytics to improve the efficiency and competitiveness of the supply chain at Marks & Spencer.
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1. In retail supply chains, how is Generative AI and predictive analytics used in demand forecasting & inventory optimisation?
2. How has M&S applied Generative AI and predictive analytics to enhance its demand forecasting and inventory performance?
3. What are the opportunities and challenges of implementing predictive analytics and Generative AI in enhancing the efficiency and competitiveness of the supply chain at Marks & Spencer?
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[bookmark: _Toc231937251]3.1 AI and Supply Chain Management: Global Evidence
Since the outbreak of COVID-19, the body of research related to the application of AI in supply chain management has grown significantly. As mentioned by Remko (2020), the pandemic has shortened the time frame for digital supply chain transformation from 10 years to a few months and spurred customers to invest in AI for demand sensing and cloud supply chain management. Importantly, digitally mature companies performed much better than their less mature peers, thus providing direct implications for evaluating organisational readiness for GenAI adoption. Ivanov & Dolgui (2021) built upon this analysis by suggesting a framework for viability of supply chains which points out that the real power of resilience is not buffering capacity but real-time adaptive decision-making with the help of AI. Further, Huang et al. (2023) show how autonomous risk response is being achieved on an entirely new scale when using the technologies of Industry 4.0, such as IoT and advanced analytics, as compared to the pre-digital supply chain. The key point raised by Queiroz et al. (2022) is that the adoption of algorithmic systems can lead to additional systemic vulnerabilities, such as increased susceptibility to cyber-attack, necessitating a balanced assessment of the capabilities of AI systems.
[bookmark: _Toc231937252]3.2 Generative AI in Retail Demand Forecasting
Traditional demand forecasting has been done based on structured historical sales data and statistical modelling, in the specific retail context. Chowdhury, Paul and Rozony (2025) determines that these methods are becoming insufficient in retail environments that are subject to fast changes in demand, short product life cycles and complexity within e-commerce. The breakthrough paradigm of generative AI is to shift from extrapolating from historic patterns to providing dynamic, scenario-based forecasts using the unstructured data that can be fed into AI models. Hassani and Silva (2024) theories’ that the predictions made by GenAI could be the new standard in forecasting practice. In the M&S context, specifically, there is ample evidence of the use of AI-based demand forecasting in both food and clothes, with the measurable performance gains confirmed in the Annual Report 2024.
[bookmark: _Toc231937253]3.3 Theoretical framework: Resource Based View and Research Gap
This study was theoretically based on the Resource Based View (RBV) developed by Wernerfelt (1984) and later developed by Barney (1991). Sustained competitive advantage is believed to be possible through the use of resources that are valuable, rare, inimitable, and non-substitutable (VRIN) as proposed by RBV. In the context of Generative AI in retail supply chains, RBV provides a useful perspective on why organisations do not necessarily achieve the same results from accessing the same AI technology. There are systematic differences in firms in the extent to which they have the data infrastructure, management digital literacy, financial capacity and capability to make supplier-facing technology work as part of a productive outcome that facilitates the use of AI tools. The aforementioned lack of AI capability absorption is described by Wulandhari et al., (2022) as the concept of ‘technology adoption without capability absorption'. This makes RBV a useful tool to explore the impact of M&S's specific resource endowments on the way its investment in GenAI and predictive analytics has been deployed and how this has affected the outcome of its investment, as well as identifying conditions that may need to be in place for its investment to be successful.
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This study takes an interpretivist philosophical approach as it assumes that in SMEs, the outcomes of the supply chain are not driven by deterministic causal relationships that can be measured by positivism, but rather by the meanings, judgements and resource endowments of the actors within the organisation (Bryman, 2016). In line with interpretivism, an inductive approach is used; theory will be developed as a result of repeated interactions with empirical data instead of testing hypotheses. This seems fitting because the current theoretical work such as RBV offer an incomplete and provisional explanation of the outcomes of and the adoption of AI in M&S.
The research design is a secondary qualitative case study with a focus on the published and public documents. Interviews or surveys to gather primary data are not pertinent to this study. Secondary sources will comprise M&S Annual Reports (2022–2024) and company press releases and investor presentations, industry analyst reports from organisations, for instance, McKinsey & Company and the Confederation of British Industry, and peer-reviewed academic literature, such as the International Journal of Production Research, Journal of Supply Chain Management, Computers in Industry. All sources will be published starting from 2021, except for some of the foundational theoretical sources. Grey literature such as publications by the UK Government's Office for Artificial Intelligence and the Department for Business and Trade will also be added.
Thematic Synthesis will be used as a data analysis method throughout 4 phases. Relevant secondary sources will be collected and recorded. Second, initial coding will uncover common themes across the terms of GenAI adoption, forecasting accuracy, inventory performance, enablers and barriers to implementation. Thirdly, codes will be grouped into coherent themes and sub themes. Fourth, themes will be analysed in the light of the research questions and the RBV model. There is no ethical issue with participant consent and data privacy with all data sources being public. The main ethical issue is the proper, clear and accurate credit of all sources.
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· As GenAI is a relatively new field of study, the number of peer-reviewed publications exclusively focused on GenAI in retail supply chain forecasting might be low. This will be addressed by balancing it with good quality institutional and industry reports.
· Reports produced by industry or company may have commercial or advocacy orientation. This risk will be tackled through triangulation between various sources and through a critical examination of the methodological underpinning of each source.
· Scope management may be difficult because of the wide range of literature on the topics of AI, Supply Chain Management and Retail Strategy. The analyses will be focused by the application of strict inclusion and exclusion criteria based on research questions and the context of the M&S case study.
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