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Abstract
This dissertation explores how Generative AI (GenAI) and predictive analytics can assist with demand forecasting and inventory optimisation within the UK retail supply chains with one secondary qualitative case study of Marks & Spencer (M&S). The research addresses a gap in the literature as the adoption of GenAI in retail has been extensively discussed, there is a lack of empirical evidence at an organisation level that examines the impact on forecasting accuracy and inventory performance. The study tackles three research questions relating to the implementation of GenAI and predictive analytics, the types of techniques M&S has implemented, and the opportunities and challenges this brings.
The study is conducted using an interpretivist inductive approach, involving thematic analysis of 20 selected journal articles and corporate and industry sources, revealing that predictive analytics and GenAI are complementary for different purposes. Predictive analytics for structured historical forecasting, and GenAI for scenario generation and interpretation of unstructured data. AI-based forecasting is relevant to M&S's trading context as it is one of the most volatile food demand scenarios, featuring promotions and short product cycles, but because the changes at M&S were taking place at the same time as other changes, the revenue growth cannot be solely attributed to AI. The study also reveals significant investment in inventory optimisation (RELEX, the £340m automated distribution centre) and the widespread use of artificial intelligence throughout content creation, personalisation and store intelligence. The £300 million cost, and the disruption of operations for about 15 weeks, of the 2025 cyber-attack, however, highlights the operational risk inherent in digital interdependence.
The analysis shows that there is a high level of AI use at M&S but evidence of the impact of the use of AI is not consistently linked in a way that is truly causal. It suggests a framework for dedicated KPIs, the necessity for human oversight in forecasting decisions, improved cybersecurity and vendor control, and the use of the Dynamic Capabilities View in combination with the Technology-Organisation-Environment framework for better understanding the technology-organisation-environment gap. Some limitations are: the design is single case and secondary data which limit generalisability. A longitudinal and multi-retailer design, using primary interviews, should be used in future research.
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[bookmark: _3ho4e83up8y3][bookmark: _Toc233845378][bookmark: _Toc237357907]Chapter 1: Introduction
[bookmark: _Toc233845379][bookmark: _Toc237357908]1.1 Background to the Study
Artificial Intelligence (AI), Machine Learning (ML), and predictive analytics are transforming the retail industry all over the world at an unprecedented pace. Among all the parts of the transformation, two operational areas, demand forecasting and inventory optimisation, are among the most strategic ones, especially in a context of fast-moving high-volume retail supply chains. Historical sales data and traditional forecasting cycles used to be the primary tools for forecasting, these are increasingly insufficient in a retail business environment beset by consumer demand volatility, disruptions to suppliers and rapidly shifting product life cycles (Chowdhury, Paul and Rozony, 2025). Today, retailers have a new capability at their disposal: predictive analytics tools, powered by Generative AI (GenAI), can predict demand trends more accurately, minimise inventory waste and dynamically adjust supply chain decisions based on current market signals.
It has been estimated that AI could add USD 1.3 trillion to USD 2.0 trillion in value globally to operations across the supply chain, with demand forecasting and inventory management among the two areas with the highest value (McKinsey & Company, 2023). Within the UK retail industry alone, the losses that are attributed to inventory inefficiencies cost retailers around £11 billion every year, due to stockouts, overstocking, and related markdowns (Reuters, 2026). The statistics underscore the desperate need of key retailers in the UK to delve into AI solutions to efficiently manage their supply chain operations.
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[bookmark: _Toc237786242]Figure 1.1: Worldwide M&S revenue
(Source: statista, 2025)
The case study chosen relates to Marks & Spencer (M&S), one of the most recognisable and established retail organisations in the United Kingdom, and is particularly relevant in the context of this transition. M&S has a big digital transformation plan and has admitted in public that it will undertake this change across all areas of the business including clothing, food and homeware, with more than 1,400 stores worldwide and a growing e-commerce channel (corporate.marksandspencer, 2025). In response to the many challenges that faced the company during the COVID-19 pandemic, the company embarked on a multi-year transformation programme, known as ‘Never the Same Again’, to begin transforming its supply chain, with the explicit recognition of AI and data analytics as key elements of its supply chain renewal programme. In particular, M&S food revenue grew 17.5% when compared with fiscal year 2021/22 and clothing and home revenue increased by 11.4% in the same period, which was partly due to better demand management and supply chain agility (M&S, 2024). This performance offers an empirically informed starting point to assess the impact of generative AI and predictive analytics on achieving tangible results across the supply chain.
[bookmark: _Toc233845380][bookmark: _Toc237357909]1.2 The Research Problem
There is a significant amount of literature in AI in the SCM field, most of it has been either algorithmic or conceptual with only limited attention paid to the case-specific, organisational-level dynamics in which these technologies are used in operational decision-making (Culot, Podrecca and Nassimbeni, 2024). This is a significant gap that brings together aspects of technology management, supply chain research and retail strategy.
Moreover, generative AI is a qualitatively new technological capability than the previous generations of predictive analytics tools. While traditional machine learning models in supply chain management have been traditionally developed using structured historical information and are primarily used to generate demand forecasts. Generative AI models can generate scenario-based demand forecasts by utilising unstructured data sources, such as social media sentiment, macro-economic narratives, and weather pattern projections (Hassani and Silva, 2024). Theoretically and practically relevant, it has not been sufficiently considered in the supply chain management literature especially in the UK food and fashion retail sector where demand volatility is high. Although 58% of supply chain leaders worldwide had implemented pilot AI forecasting tools by 2023, just 22% had rolled out the same beyond the pilot stage, highlighting that technology is not yet being fully adopted in supply chains (Culot, Podrecca and Nassimbeni, 2024).
[bookmark: _Toc233845381][bookmark: _Toc237357910]1.3 Research Aim and Objectives 
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.
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.
[bookmark: _Toc233845382][bookmark: _Toc237357911]1.4 Research Question
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?
[bookmark: _Toc233845383][bookmark: _Toc237357912]1.5 Importance of the study and identifying the gaps
This study is important on both theoretical and practical levels. Academically, it explores the documented gap in the supply chain management literature between the adoption of generative AI and the inventory strategy in the retail sector. Previous research, like Claudia, Francisco and Alexandre, (2025) has investigated the use of AI in supply chain resilience, yet the operational and organisational dynamics of the application of GenAI in demand forecasting within a larger UK retail context has not been explored sufficiently. The case study of M&S is unique because it provides a chance to observe a digitally transforming retailer with a food and general merchandise retailer supply chain that are very different when it comes to the degree of volatility, perishability and complexity in forecasting demand.
On a practical level, the insights gained from this research are applicable to supply chain managers, digital transformation leaders, and retail strategists who want to assess the readiness demands and outcomes for organisations in the implementations of AI-based forecasting. The pressure on retail margins is growing – the UK retail price inflation reached a peak of 14.4% in March 2023, according to ONS, an even greater emphasis on the need for retailers to reduce inventory waste and enhance forecast-driven replenishment cycles (Clark, 2025). The study also fits into an emerging debate about the responsible and effective way in which generative AI can be used in the business world, given the recent publication of the UK Government's AI Safety and Innovation Framework in 2023.
While there is existing literature that has addressed the role of AI, machine learning, and predictive analytics in the supply chain, much of this work has been technical in nature, focused on the creation of AI models for forecasting or on algorithm development or industry-wide supply chain use. There is a lack of research that has examined the practical organisational implementation of Generative AI in the context of demand forecasting and inventory optimisation within specific UK retail organisations. Moreover, the qualitative evidence of how Generative AI is impacting decision-making, inventory planning, and operations in a large omnichannel retailer is lacking. This study helps fill this gap by delivering an in-depth case study of Marks & Spencer, exploring both the potential opportunities and challenges when implementing Generative AI and predictive analytics in the retail supply chain.
[bookmark: _Toc233845384][bookmark: _Toc237357913]1.6 Research Methodology Overview
The research design used in this research is secondary qualitative case study. The research does not involve collecting primary empirical data by conducting interviews or surveys but rather systematically consolidates and synthesises secondary data to build a very contextualised case study analysis. This is based on published M&S annual reports, industry analyst reports and company press releases. This approach is suitable for the scope and depth of publicly accessible documentation related to M&S's digital and supply chain transformation and adoption, allowing a targeted critical examination of the use of AI tools within the context of a specific organisation.
The philosophical approach of the study is interpretivist, which acknowledges that the incorporation of generative AI in a retail supply chain does not solely depend on a technical aspect but is influenced by organisational culture, leadership choices, supplier partnerships, and strategic goals. An inductive analytical method will be used, which means themes and insights will be induced from the secondary evidence, without being tested against predetermined hypotheses. This method has been used in the qualitative case study tradition as described by Plano, Foote and Walton, (2023), and it is appropriate for the purpose of developing an understanding of an emergent and complex phenomenon set in its context.
The thematic analysis process comprises four phases. Firstly, secondary data sources such as annual reports, company publications, industry reports and academic literature will be gathered and analysed. Second, recurring patterns and ideas that emerged in the area of Generative AI adoption, demand forecasting, inventory optimisation, organisational enablers and implementation challenges will be identified through coding. Third, the codes that are similar will be clustered into themes and sub-themes. Last, themes will be interpreted and analysed to gain insights into the role of Generative AI and predictive analytics in improving the performance of the supply chain at Marks & Spencer. This thematic approach is systematic and will guarantee transparency and consistency in the data analysis process.
[bookmark: _Toc237357914][bookmark: _Toc233845385]1.7 Future implication
The findings of this research can be applied beyond the context of Marks & Spencer. The findings from this study can help inform industry understanding of the scenario in which generative AI can bring measurable benefits in terms of demand forecasting and inventory performance as UK retailers collectively struggle to transform into digital businesses and to manage their supply chains. The study offers guidance for the evidence-based debates on incentives for AI adoption and regulatory regimes suitable for AI applications in the supply chain by policymakers. The study provides a methodological framework for qualitative case study analysis of AI integration in the retail context for academic researchers and a set of fruitful directions for primary research.
[bookmark: _Toc233845386][bookmark: _Toc237357915]1.8 Dissertation structure 

[bookmark: _Toc237786243]Figure 1.2: Dissertation structure


[bookmark: _Toc237357916]Chapter 2: Literature Review
[bookmark: _Toc237357917]2.1 Introduction 
The academic literature has been reviewed critically and is deliberately focused throughout this chapter on Generative AI (GenAI) and predictive analytics for demand forecasting and inventory optimisation, but not with regard to industry or international comparisons in general. After the supervisory guidance provided, there is no comparator for any company or sector other than M&S and UK retail; as it sheds light on a mechanism which in turn is interpreted against the M&S case. The chapter is structured thematically around four themes in line with the three research objectives with the theoretical underpinning and explicit statement on the way the review is used to create the research gap answered by Chapter Three. Theme 1 will focus mainly on Objective 1 as it assesses forecasts' accuracy while Theme 2 will link forecasts' output with inventory outcomes, supporting both Objective One and Objective Two, Theme 3 will focus on Objective Two as it will include an organisational focus on M&S and Theme 4 will focus on Objective Three as it will pull together opportunities and constraints.
[bookmark: _Toc237357918]2.2 Theme 1: Traditional Forecasting to Generative AI-Driven Demand Prediction
[bookmark: _Toc237357919]2.2.1 Traditional forecasting models and limitations
Traditionally, retail forecasting has been based on the statistical time-series analysis of meaningful historical sales information. Fildes, Ma and Kolassa (2022) pointed in their now widely cited review of retail forecasting research and practice, it is pointed out that retail forecasting models are still fit when there is stability in the product line. However, they falter badly around promotions, short product life cycles and volatile demand. This restriction is directly applicable to M&S as the business is made up of two parts: a food business with short shelf and high demand volatility, and a clothing and home business where demand is seasonal and trend driven. This is a reason why M&S is considering GenAI based alternative approaches rather than other retail businesses.
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[bookmark: _Toc237786244]Figure 2.1: Ways of AI disrupting in retail sector
(Source: Influenced from Fildes, Ma and Kolassa, 2022)
[bookmark: _Toc237357920]2.2.2 Adoption of generative and predictive techniques in the UK retail sector
According to Hassani and Silva (2024), GenAI is more than just a qualitative leap from traditional machine learning models, as it can produce narrative-driven, scenario-based forecasts based on unstructured data, such as social media sentiment or even macroeconomic commentaries. The authors Chowdhury, Paul and Rozony (2025) also discover that using hybrid models, which combine deep learning with real-time external data, is more successful than just using statistical methods. However, most of the gains they report have been achieved with controlled or simulated datasets, rather than a live, multi-category retail setting such as M&S. The difference in the literature is in the level of confidence that can be placed on the accuracy gains, and whether these can be replicated across a large, multi-channel retailer of the UK.
The claim by Hassani and Silva (2024) is based on a conceptual and technical analysis of the forecasting capacity of GenAI, which is not an empirical study based on controlled conditions. It is credible as evidence of the technical possibility of GenAI's forecasting capacity but has only limited evidence of reliability in a real retail environment. Chowdhury, Paul and Rozony (2025) do, however, have a systematic review, hence the findings from their hybrid-model are drawn from a number of secondary studies with varying quality of methods used and do not come from an empirical setting. This limits the generalisability to a real, multi-category retailer, like M&S. That is, in both cases there is no case study evidence at the organisational level; one is conceptual and the other a synthesis of simulated evidence. This is the reason for any forecasting accuracy claims in this theme being treated with some scepticism and the reason why this should be triangulated later in the dissertation against M&S's own forecasting accuracy claims.
All of these roles imply that there is not a direct relationship between model sophistication and the accuracy of the forecast. However, data quality, deployment context and organisational size are also important factors, which are not often discussed in individual organisations. Forecast accuracy is also significantly improved, but forecast value is not sufficient to generate business value unless inventory systems can be effective in responding to changes in demand. This is why the next section will explore how AI is used for inventory optimisation at M&S.
Together, Hassani and Silva (2024) and Chowdhury, Paul and Rozony (2025) suggest that in principle, GenAI can replace traditional statistical forecasting, but they are far from agreement on the conditions necessary to achieve. The former side by data richness and scenario diversity, the latter by hybridisation with real-time external signals. The conflict can be best understood by the fact that both studies are not tested on a live, multi-category retailer. Thus, the conflict is not a conflict of theories but evidential bases. To M&S, the more immediate takeaway is that any gains in forecast accuracy reported in the technical literature are not guaranteed to be passed on to their food and clothing business. Along with this, any improvement in forecast accuracy achieved using the RELEX platform is considered to be an outcome of the organisation and thus needs to be verified, rather than being an effect of GenAI.
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[bookmark: _Toc237786245]Figure 2.2: Demand forecast and supply chain projection with Automation
(Source: Influenced from Chowdhury, Paul and Rozony, 2025)
[bookmark: _Toc237357921]2.3 Theme 2: Optimising Inventory Using AI at M&S
[bookmark: _Toc237357922]2.3.1 Taking the next step with inventory systems
Typical inventory methods, including constant economic order quantity, assume a constant demand and constant lead time that do not accurately represent the actual fluctuations for M&S. According to a systematic review of empirical studies on AI in the supply chain by Culot, Podrecca and Nassimbeni (2024), AI-driven inventory systems that automatically adjust reorder points based on real-time demand data minimise the understocking and overstocking of products compared to traditional rule-based approaches. It is a system that is directly in use at M&S, which has introduced an AI platform for its planning system developed with RELEX Solutions across over 1,000 food stores in the UK and Ireland, to enhance demand forecasting, ordering and shelf-life optimized allocation (GlobalData, 2023). This industry evidence provides a single organisation, a clear example of how the benefit of AI-powered inventory systems can be realised, rather than a blanket use of the benefit within the industry.
The conclusions of Culot, Podrecca and Nassimbeni's (2024) are a systematic literature review of empirical studies. Therefore, the finding is a secondary synthesis and not primary fieldwork and so is a strength in that it aggregates many empirical studies but is not a strength in suggesting it is the case in M&S. Both sources are highly case based and neither is by itself generalisable to other organisations beyond those described so this dissertation does not consider them to be definitive for M&S.
[bookmark: _Toc237357923]2.3.2 A word of caution: pilot vs scaled implementation
Another significant gap in implementation is highlighted by Culot, Podrecca and Nassimbeni (2024), while AI-based inventory tools are used in some organisations for a short period of time, only a small number have been rolled out to operational scale. This validates the M&S optimism and is especially significant for M&S, as their parallel investment in the automated and AI-powered food distribution infrastructure is one of the few examples of an AI inventory system being rolled out across stores in the UK, having been at pilot stage (Corporate.marksandspencer, 2025). The validity of the accuracy and waste reduction gains claimed in the technical literature in this transition, as opposed to in a pilot or simulated setting. Hence, organisational questions are examined empirically in this study in M&S, at the level of a single, named UK retailer, where leave their question unanswered at the level of a single named retailer in the UK (Culot, Podrecca and Nassimbeni, 2024).
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[bookmark: _Toc237786246]Figure 2.3:  Advanced Automation action of M&S
(Source: Corporate.marksandspencer, 2025)
This disparity is significant because it isn't just a technical hurdle to scale AI-driven inventory solutions from pilot to store-wide deployment. It requires infrastructure investments, the expense of integrating AI-generated insights with legacy warehouse and till systems, and the acceptance of automated reorder processes by store and distribution teams, rather than traditional, manual methods. The key elements of these organisational factors will be what makes the difference in whether or not M&S's automation investment pays off as promised.
The first constraint is infrastructure – the automated systems that support AI-based inventory tools rely on the accuracy and timeliness of data feeds from delivery networks and warehouses. However, these are prone to disruption when a large retailer has not fully converted to digital. The gaps or delays in this data pipeline impact the reliability of automated reorder decisions, often when a large retailer is only part of the way towards digital transformation. The second constraint is that the cost of a store-wide roll-out is far greater than the cost of a contained pilot due to the cost of hardware, cloud infrastructure and system integration for hundreds of stores. This is exacerbated by the need for integration with M&S's existing warehouse management and till systems, which were not designed to communicate with AI recommendations from the start. The final, and likely most important, constraint, is the organisational change and acceptance of the store and distribution staff of the automated reorder recommendations. Although Culot, Podrecca and Nassimbeni (2024) recognise the gap, they fail to provide any specifics at a retailer level; this is the area where the case study presented in this dissertation aims to contribute.
Culot, Podrecca and Nassimbeni (2024) draw up a cautionary flag for the difficulty of scaling up AI-based inventory tools. While M&S disseminates the named £340m investment in such tools (Corporate.marksandspencer, 2025). The implication for M&S is that the benefits of inventory-optimisation should not be assumed because investments have been placed, but rather the level of reorder accuracy and reduction in inventory waste will be driven by the above infrastructure, cost and staff-acceptance constraints and it is this aspect of inventory optimisation that will most directly impact the inventory-related aspect of Objective Two and the second research gap in Section 2.7.
[bookmark: _Toc237357924]2.4 Theme 3: The application of GenAI within M&S in their retail context
This research dedicated to the specific use of GenAI in a retail organisation for forecasting and inventory, which is directly related to Objective Two, is sparse in the technical literature. In the Journal of Business Logistics, Richey et al. (2023) state that most of the current literature on AI in logistics is conceptual or model-based and urge further study at an organizational level of how organisations can translate their AI capabilities into operational results. Similarly, Claudia, Francisco and Alexandre (2025), come to a similar conclusion in the context of AI in supply chains. There is a lot of evidence that AI can help improve supply chain performance, but little evidence on how a particular M&S uses AI. This is especially true of M&S, where there is significant corporate and trade-press coverage of AI projects, including the RELEX partnership and in-store intelligence based on SymphonyAI (Zaytsev, 2023). However, this is largely uncoordinated and not synthesised as a case analysis of organisational adoption.
M&S platform SymphonyAI is used for forecasting food distribution investment and these in-store intelligence tools from SymphonyAI are all different phases of digital transformation. It started with data-driven forecasting, moving to automated food distribution and now real-time in-store decision support. All these without being part of a unified organisational adoption path among the sources reviewed. Little is said about readiness of the organisation, adoption by employees, or the operational change management necessary to integrate the technology into the daily store and distribution practices. Hence, the gains in technology cannot yet be assessed against the cost to humans and organisations necessary to realize them. Operational capability does not necessarily mean value, so the opportunities and challenges this presents for M&S are considered in the following section.
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[bookmark: _Toc237786247]Figure 2.4: SymphonyAI practices in finance management
(Source: Corporate.marksandspencer, 2025)
The RELEX implementation, which has been described publicly by GlobalData, is an AI-based planning platform for demand forecasting, replenishment, and shelf-life optimised allocation in over 1,000 food stores of M&S. However, it is not an independently tested case study and therefore claims made regarding the accuracy and efficiency gains should be treated with caution. As reported by Zaytsev (2023), in the real world, in-store, SymphonyAI's in-store intelligence tools can be used to identify stock discrepancies or to make replenishment suggestions at the point of sale (POP). When taken together, these two projects suggest that M&S's digital transformation is moving along two separate tracks – forecasting and planning on one side, automation in-store on the other – but no one source brings them together as a single, integrated plan for change within the organisation.
On the other hand, the gap has been observed by both Richey et al. (2023) and Claudia, Francisco and Alexandre (2025), at a general level for AI in logistics and supply chains but neither paper addresses M&S specifically. The practical implication is that the technical capability described in the RELEX and SymphonyAI accounts does not on the basis of the literature reviewed, automatically translate to the organizational change, adoption of the change, and readiness to sustain it at scale that is the specific target of the organisation that the methodology of Chapter Three is meant to study.
[bookmark: _Toc237357925]2.5 Theme 4: Exploring the opportunities and challenges arise from the use of GenAI in M&S
[bookmark: _Toc237357926]2.5.1 Opportunities
Increased forecast accuracy, reduced waste and a more agile supply chain are the main advantages that have been identified in the literature of the adoption of GenAI (Hassani and Silva, 2024; Chowdhury, Paul and Rozony, 2025). At M&S, this is reflected in outcomes reported, including food revenue growth of 17.5% and clothing and home revenue growth of 11.4% compared to the 2021/22 base, partly due to better agility and demand management within their supply chain (Corporate.marksandspencer, 2024). While these are still useful to consider, they must be taken with a grain of salt, because they include numerous transformation projects that occur on an annual basis, and it's difficult to isolate the specific impact of AI forecasting from other operational changes.
[bookmark: _Toc237357927]2.5.2 Barriers and constraints
Maghroor et al. (2025) examine the adoption of GenAI in Sustainable Supply Chains using a Technology-Organisation-Environment framework and suggest technological readiness. Regulatory uncertainty and organisational alignment are key barriers while workforce resistance and skills gaps are symptoms of these structural issues rather than a problem in their own right for M&S. This more critical perspective also challenges the opportunity-based approach and further highlights that the implementation of GenAI at M&S is not a technical path but one that is socio-technical in nature (Corporate.marksandspencer, 2024). Combined, Theme Four shows that across the review, technically oriented sources focus on benefits, and organisationally oriented sources focus on constraints; both types of sources are needed to address objective three in relation to the benefit constraint of M&S.
It should also be noted that Maghroor et al. (2025) findings are based on the sustainable supply chain literature and were not empirically tested in a single retail case for M&S in this instance. Therefore, their barriers, technological readiness, regulatory uncertainty and organisational alignment are considered general propositions rather than confirmed as specific and generalisable findings for a single UK omni-channel retailer. This only highlights the organisational gap that was noted across this review. This dichotomy between the optimistic claims of technique and the organisational concerns and evidence in the context of the single case of M&S is exactly what the theoretical framing and research gap developed below aims to counteract.
The studies that focused on the opportunity (Hassani and Silva, 2024; Chowdhury, Paul and Rozony, 2025) and the constraint (Maghroor et al., 2025) are not contradictory, as they have different questions. Hassani and Silva (2024) and Chowdhury, Paul and Rozony (2025) ask whether GenAI can enhance forecasting results. While, Maghroor et al. (2025) asks whether an organisation is prepared to absorb GenAI. The literature's tone is therefore seemingly contradictory, and that's likely because of the different disciplinary perspectives used to evaluate and discuss GenAI's potential – technical paper versus organisational paper. For M&S, the takeaway is reported food and clothing revenue growth is a best estimated indicator of what agile, AI-driven forecasting can deliver, with socio-technical risk also being a significant factor to consider alongside the technology (Corporate.marksandspencer, 2024).
[bookmark: _Toc237357928]2.6 Theoretical Underpinning
The following two theoretical lenses can be used to support this study. First, the Dynamic Capabilities View emphasizes the importance of the organization's capacity to sense opportunities, reconfigure resources, and adapt routines, instead of just the complexity of the technology itself (Liu, 2022). This is a change in focus from GenAI being a standalone solution toward M&S being an organisation that can convert GenAI into forecasting and inventory results. 
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[bookmark: _Toc237786248]Figure 2.5: Flowchart of Dynamic Capabilities theory
(Source: Liu, 2022)
Second, the Technology-Organisation-Environment framework, as operationalised by Xu (2025), can be used to delineate factors related to technology, organisation and environment that influence outcomes of adoption, which directly supports the analysis of Objective Three. The Technology Acceptance Model was considered but not adopted as it focuses on the user's intention to use technology, whereas the research questions of this dissertation focus on the outcomes of the system from an organisational/cause and supply chain perspective, and both models have only recently been used in the field of AI and supply chains.
[bookmark: _Toc237357929]2.7 Research Gap
This review reveals three interrelated gaps, each of which is directly related to one of the above-described limitations. As mentioned in Section 2.2.2, empirical and technical studies on AI driven forecasting have been conducted for different settings or in a simulated context, not in a particular multi-category retail organisation (Fildes, Ma and Kolassa, 2022; Chowdhury, Paul and Rozony, 2025). This study fills this gap and considers the case of M&S's real, publicly documented forecasting deployment instead of a simulated model. Secondly, as discussed in Section 2.3.2. There is a lack of specific studies on the implications of adoption barriers on a large UK omnichannel retailer in the midst of digital and supply chain transformation. This study implements a specific focus on M&S's journey from pilot to store-wide deployment of AI. Third, the literature requests case research at the level of organisation but rarely provides it, which this study directly fulfils by providing a single case study, namely of M&S at the level of organisation (Richey et al., 2023; Claudia, Francisco and Alexandre, 2025). In this way, the literature review does not just describe what has been identified before, rather it shows, one by one, how each identified limitation is followed through and addressed in the methodology and findings chapters, presented in the following M&S case study. This study thus seeks to close these gaps by exploring the use of Generative AI for demand forecasting and inventory optimisation in Marks & Spencer, through the lens of a single case study.
The first gap, the lack of organisation-specific empirical evidence of AI-driven forecasting, is directly aligned with Objective One, which is to evaluate how accurate and reliable AI-based forecasting is compared to traditional forecasting at M&S. The second gap relates to Objective Two, as scaling constraints determine if the forecasting benefits are realised in inventory outcomes. The third gap, lack of organisation level case research on the use of AI in retail, aligns Objective Three. As opportunities and constraints need to be explored in conjunction with one another and not independent of each other. This is an explicit mapping that also makes it possible to carry over each of the limits found in the literature into a specific, traceable element of the empirical focus of this dissertation, and not just as a general observation.
[bookmark: _Toc237357930]2.8 Chapter Summary
This chapter has analysed literature under four themes relating to GenAI and predictive analytics for retail demand forecasting and inventory optimisation, using a particular lens for each theme to reflect M&S and the UK retail context. It has demonstrated that technical literature is generally optimistic about accuracy and efficiency benefits of AI applications, while organisational literature asks more question about implementation, scalability and socio-technical readiness of AI applications, and that the evidence for M&S own AI deployments (RELEX-based forecasting, automated food distribution investment, and SymphonyAI in-store intelligence) offers a tangible but to date academically un-synthesised evidence base on which to test these competing claims. This analysis is underpinned by the theoretical frameworks of the Dynamic Capabilities View and the Technology-Organisation-Environment framework, and three gaps are explored and subsequently directly connected to the one case M&S design implemented in this dissertation. A methodology is set out in the next chapter to address these gaps.


[bookmark: _Toc237357931][bookmark: _Toc234746168]Chapter 3: Methodology
[bookmark: _Toc237357932][bookmark: _Toc234746169]3.1 Introduction
This chapter outlines and rationalises the methodological approach adopted for investigating the role of Generative AI and predictive analytics in enhancing demand forecasting and inventory optimisation at Marks & Spencer (M&S). It directly on the basis of the three research gaps outlined at the end of Chapter Two. The literature review showed that empirical, organisation-level evidence on one named firm was scarce in the UK, so the method used here does not aim at testing a generalised model across multiple firms but rather to fill the gap. The chapter continues by providing a rationale for the interpretivist research philosophy chosen, an explanation of the secondary qualitative case study design, the data sources and data selection, the data analysis, and ethical considerations that are relevant for a study utilizing only secondary data that is publicly available.
[bookmark: _Toc234746170][bookmark: _Toc237357933]3.2 Research Philosophy
This study is based on interpretivist research philosophy. Interpretivism is the perspective of phenomena of organisations (Pervin and Mokhtar, 2022). For instance, the implementation of Generative AI in a particular organisation, is not measurable by only one objective criterion of predictive accuracy or stock management efficiency. As these depend on the meanings, decisions and context of the organisation itself. This position aligns with the research problem raised in Chapter One. This focuses on the adoption of GenAI technologies not just in general but at M&S as a specific UK omnichannel retailer, and how these technologies have been adapted, implemented and communicated by the company in its divisions of food and clothing and home. 
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[bookmark: _Toc237786249]Figure 3.1: Research onion
(Source: Saunders et al. 2019)
In an argument this choice is stronger when placed directly in contrast with the other alternative. In a positivist design the researcher would have to have a hypothesis on how GenAI adoption is associated with forecasting or inventory outcomes that they would test on a sample of similar retailers, and variables like the accuracy of the forecasts or reduction in waste would be considered as objective, quantifiable, and measurable quantities (Turner, 2024). This study does not do this, though: it's about what it means and what it means for a company, not data correlation. This study is about the single- named organisation M&S and how it has interpreted, adapted and communicated its use of GenAI in its context of operation and reporting. This study is therefore more suited to qualitative secondary data, as it is about the nature of the implementation of GenAI at M&S, and more about explaining how and why, rather than about measuring the strength of a relationship between pre-defined variables. It would not capture the organisational and contextual detail. This research is intended to capture if it were quantitative and positivist; and the requirement of multiple comparable organisations would be incompatible with the single, understood case this dissertation provides.
Instead, a positivist approach would involve collecting standardised and quantifiable data from several organizations that share similar characteristics (dimensions) and then comparing the data to test a hypothesis (Turner, 2024). Even suitable for this case, in which the research question is explicitly single-case and organisation-specific as defined in Chapter Two. Interpretivism is thus warranted as it enables the researcher to consider annual reports, technology-focused industry reports and financial performance disclosures as socially constructed accounts, rather than as self-evident, neutral data points, that need to be carefully interpreted and understood within the given context.
[bookmark: _Toc237357934][bookmark: _Toc234746171]3.3 Research Approach
This research is conducted with an inductive approach, as is recommended by the Interpretivist approach of research (Locsin and Schoenhofer, 2024). The study does not start with a specific hypothesis but rather progresses through the themes identified in the literature review, namely forecasting, inventory optimisation, organisational application of opportunities and constraints and creates a contextual understanding of M&S's journey with GenAI based on the qualitative evidence that was available. This is suitable since the theoretical concepts of the Dynamic Capabilities View and the 
‘Technology-Organisation-Environment’ are presented as sensitising concepts, which are used to guide and inform the analysis, not to be statistically confirmed or rejected.
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[bookmark: _Toc237786250]Figure 3.2: Inductive research approach
(Source: Influenced from Locsin and Schoenhofer, 2024)
[bookmark: _Toc234746172][bookmark: _Toc237357935]3.4 Research Design
The research design used is secondary qualitative case study with M&S as the sole case being studied. As was highlighted in the research gap in section 2.7, chapter two, there is a gap in literature and this is justified as the case study design as the literature often required an organisation level analysis but this was rarely seen. The well-established reason for doing case study research for a contemporary phenomenon in its natural setting whereas, the phenomenon and the natural setting are so intimately linked that the lines cannot be drawn between them, applies here. The M&S's use of GenAI in forecasting and inventory is inextricably linked to its wider digital transformation, its food and clothing divisional structure, or its UK retail market context. 

The selection of a single case design was not an accident, but was made intentionally since the goal of this study is not to contrast the adoption of GenAI across multiple retailers, but to build a deeper understanding. More critically synthesised description of one retailer whose AI projects adopt it, the forecasting via RELEX, automated food distribution, and AI-driven in-store intelligence via SymphonyAI are otherwise described in a disjointed, uncoordinated way. This design is qualitative instead of quantitative as the research questions are about how and why GenAI has been adopted and what opportunities and constraints have arisen for the organisation, rather than about statistical relationships between variables.
[bookmark: _Toc237357936][bookmark: _Toc234746173]3.5 Data Collection Methods
The study is based on secondary data, which is based on the interpretivist philosophy and there were practical limitations to access primary organisational data within M&S. Two types of secondary sources are used. The first is peer-reviewed published journal articles on Generative AI, predictive analytics, demand forecast, inventory optimization and digital transformation in the retail and supply chain space. To avoid focusing the sample in a particular theme, the 20 articles selected for this study have been purposefully picked due to their direct relevance to answer the research question. Articles related to forecasting, inventory systems, organisational adoption of AI, and opportunities and constraints have been included. The second category includes organisational and industry evidence, including M&S' annual reports, as well as technology-focused industry and market-intelligence reports, and financial performance disclosures, such as revenues and operational outcomes associated with investments in supply chain and AI. The technical claims of the literature can be supported by organisational and financial evidence, thus addressing the synthesis weakness highlighted in the Chapter 2 critique, and helps to check the technical claims of literature with what M&S has shared with regard to implementation and outcomes.
[bookmark: _Toc237357937]3.5.1 Search strategy and Boolean keyword 

A structured Boolean search strategy was used to search across Google Scholar, Scopus and ScienceDirect to identify the 20 articles mentioned above, rather than using wordy searches with keywords. Boolean operators like "AND" and "OR" were used to combine core concept terms as outlined in Table 3.1 below.
	Concepts
	Search strings using Boolean

	Demand forecast and GenAI
	(GenAI OR Generative AI) AND (sales/demand forecast)

	Inventory optimisation with AI
	(Inventory management OR inventory optimisation) AND (Machine learning OR Artificial intelligence)

	Digital transformation on supply chain
	(Supply chain OR supply chain management) AND (Digital transformation)

	AI adoption in organisation 
	(Technology adoption OR AI adoption) AND (Organisation)

	M&S evidence
	(Marks and Spencer OR M&S) AND (Automation OR Artificial intelligence)


[bookmark: _Toc237786280]Table 3.1: Boolean search table
Using AND made sure articles retrieved focused on both fundamental concepts, such as GenAI and forecasting, or two other concepts, such as inventory and artificial intelligence, and not on either concept but not both. To avoid exclusion of relevant articles based on the choice of terms, the use of OR to capture the terminological variation in a still-emerging field in which some authors use the term “Generative AI” while others use “GenAI” etc. and other model specific terms. The above-mentioned 20 articles that were deliberately selected were identified consistently and repeatably, not by an unstructured keyword search, but through this structured Boolean strategy that adds to the methodological transparency of the secondary data collection process described in this section.
All sources have been given a well-defined time frame: only resources created since 2021 have been added. Two justifications for this cut-off. The first is that the state of Generative AI in the form it has been widely used for the last few years (around 2021 and after) would be significantly different. Secondly, by filtering down to the 2021 onwards period, the organisational and financial evidence that has been reviewed is not of a period that is not representative of M&S's present trading model. However, it relates to its transformation strategy as an organisation and its trading recovery from the pandemic. For this reason, sources published prior to 2021 are intentionally excluded from the main evidence base, except for earlier foundational theory (e.g., the Dynamic Capabilities View) that is still valid for its conceptual, but not empirical, contribution.
[bookmark: _Toc237357938][bookmark: _Toc234746174]3.6 Data Analysis
The 20 journal articles and the accompanying organisation and finance reports are analysed using thematic analysis. This logical progression from chapter to chapter is intentional: it lets the analysis in Chapter Four flow logically from any gaps and theoretical framing of the literature review, and not as a disjointed analytical pattern. In each theme, sources are not presented one after another in a summary but are evaluated critically, such as when there are conflicting opinions. For instance, between the more optimistic technical perspective on the potential for forecasting improvements and the more realistic organisational perspectives on the challenges of scaling up from pilot to store-wide use. Sources are not presented one after another, simply summarised at each other's strengths, but are critically contrasted, such as when there are opposing views. For example, between the more optimistic technical understanding of the potential for forecasting improvements and the more realistic organisational understanding of the difficulties of scaling from pilot to store-wide use. The financial and technology-report evidence is used specifically to test and to situate the claims in the academic literature against what M&S has actually done and disclosed which directly operationalizes the single case justification set out in Section 3.4.
[bookmark: _Toc234746175][bookmark: _Toc237357939]3.7 Ethical Considerations
Ethical risk is minimal as it is a secondary qualitative study with only publicly available reported journal articles, annual reports, industry reports and financial disclosures about technology, and not involving human participants or primary data collection or access to confidential organisational information. However, general good practice has been adhered to. All sources have been accurately attributed and referenced according to the university's Harvard referencing convention, avoiding misrepresentation of authors' findings. Where M&S has provided its own corporate disclosures, these are clearly specified as part of its organisation’s agenda and if they are found in the information they are triangulated with the independent academic and industry literature, not taken on their own as evidence. No data has been fabricated, modified or selectively reported to support an a priori conclusion and the process of selecting 20 articles has been documented in a way that allows the underlying basis for inclusion and exclusion to be transparent and repeatable.
[bookmark: _Toc234746176][bookmark: _Toc237357940]3.8 Limitations of the Methodology
Because of the use of secondary data, this study is not able to directly assess the implementation processes used within M&S, but will need to rely on the implementation processes that have been made public by the organisation and third parties, which could minimise the problems faced in the organisation or overestimate its benefits. Twenty journal articles were selected for this purpose so as to provide thematic coverage, but it is not a systematic, comprehensive review of the field, and thus includes some researcher judgement in the selection of articles. These restrictions are recognised here and reviewed in Chapter Five where the implications for the generalisability of the findings is discussed.
[bookmark: _Toc234746177][bookmark: _Toc237357941]3.9 Chapter summary
The study has warranted the interpretivist and inductive nature of this secondary qualitative case study, which is based on twenty journal articles that were purposefully selected from the year 2021 to date, supplemented by M&S's annual reports and industry and technology-based reports and financial statements from the same period. This design directly addresses the three research gaps outlined in Chapter Two, allowing an organisation level, critically synthesised account of M&S's use of Generative AI for forecasting and inventory optimisation. The findings from the sources selected are presented and analysed using this methodology in Chapter Four.


[bookmark: _Toc237357942][bookmark: _Toc235781986]Chapter 4: Findings / Results, Analysis and Discussion
[bookmark: _Toc237357943][bookmark: _Toc235781987]4.1 Chapter Introduction
The secondary qualitative evidence base outlined in Chapter Three, consisting of twenty purposefully selected journal articles, and M&S's annual reports, industry and technology reports, and financial disclosures, is presented, analysed and discussed in this chapter in a critical manner. The findings are grouped under the same 4 themes which are forecasting, inventory optimisation, organisational application and opportunities and constraints, to maintain the analytical flow of the findings and to ensure that the findings are transparent and traceable. Each theme is explored in two ways: firstly, an examination of what the evidence reveals, secondly, a discussion of how the findings relate to, extend or challenge the broader literature and the theoretical lens provided in Section 2.6 (Dynamic Capabilities View and Technology-Organisation-Environment framework). Whilst doing this, the focus is on areas of agreement, disagreement and why, and each theme is summarised at the end in terms of its specific implications for M&S, addressing the three Research Objectives, directly. This chapter also utilises additional, more recent peer-reviewed journal literature (published since 2021), to further enrich Theme Two (on omnichannel store operations) and Theme Three (on e-commerce). This is specifically because the findings chapter does not only rely on Chapter Two's evidence, against M&S's own disclosures, but can also test these disclosures against broader, sector level academic research on omnichannel operations and AI value creation in M&S.
This chapter brings together 20 peer-reviewed articles from 2021 onwards and M&S corporate evidence. The research questions are explored within four themes: forecasting, inventory optimisation, organisational application and opportunities/constraints. RELEX is AI-based predictive planning for forecasting, replenishment and allocation, it is not GenAI based forecasting, SymphonyAI is AI store intelligence, not necessarily GenAI.
[bookmark: _Toc237357944]4.2 Data summary and findings 
	Sl. no
	Author, year
	Title
	Method
	Finding
	1st order theme

	1
	Cao, 2021
	Artificial intelligence in retail: Applications and value creation logics. International journal of Retail & distribution management
	Primary method 
	The 54 retailers are ones that generate AI value through automation, personalisation, complementarity and innovation.
	Valuing AI

	2
	Guha et al. 2021
	How artificial intelligence will affect the future of Retailing
	Primary interview 
	The value of the customer-facing use, the online context and ethics of using AI matter.
	GenAI adoption

	3
	Fildes, Ma and Kolassa, 2022
	Retail forecasting: Research and Practice
	Literature review 
	Traditional models lack the ability to cope with promotions, short product cycles and fluctuating retail demand.
	Demand forecasting

	4
	Hübner, Hense and Dethlefs, 2022
	The revival of retail stores via omnichannel operations: A literature review and research framework.
	Literature review 
	Appropriate demand forecasting, fulfilment location and inventory 
	Omnichannel market assumptions

	5
	Richey et al. 2023
	Artificial Intelligence in Logistics and Supply Chain management: A Primer and Roadmap for Research.
	Literature review 
	Outcome of the study for AI research, with some evidence of implementation at organisation level.
	Implementation of AI is widespread

	6
	Culot, Podrecca and Nassimbeni, 2024
	Artificial Intelligence in Supply Chain management: a Systematic Literature Review of Empirical Studies and Research Directions
	Systematic literature review 
	AI promises are great but it's not yet easy to implement.
	Scale-up GenAI

	7
	Hassani, and Silva, 2024
	Predictions from Generative Artificial Intelligence Models: Towards a New Benchmark in Forecasting Practice
	Primary conceptual framework 
	There is a lack of experience with GenAI supporting scenario forecasting from richer information, in live-retail.
	Adoption of GenAI

	8
	Maghroor et al. 2025
	Leveraging Generative AI for sustainable supply chain: Adoption challenges and strategic insights.
	Secondary conceptual 
	The barriers to GenAI adoption are: Readiness, regulation and organisational alignment.

	Constraints for GenAI adoption

	9
	Claudia, Francisco and Alexandre, 2025
	The use of artificial intelligence in supply chain management: systematic literature review and future research directions.
	Systematic literature review 
	AI has the potential to enhance the supply-chain. 
	GenAi implementation 

	10
	Chowdhury, Paul and Rozony, 2025
	A SYSTEMATIC REVIEW OF DEMAND FORECASTING MODELS FOR RETAIL E-COMMERCE ENHANCING ACCURACY IN INVENTORY AND DELIVERY PLANNING.
	Systematic literature review
	Hybrid forecasting can help increase accuracy, but is not necessarily transferable to live retailers.
	Demand forecasting 

	11
	Xu, 2025
	Promotion path of digital transformation in retail industry based on technology-organisation-environment framework.
	Secondary framework analysis
	Retail transformation is reliant on technology, organizational readiness and environmental conditions.
	Application of TOE framework

	12
	Abouelrous, Gabor and Zhang, 2022
	Optimizing the inventory and fulfillment of an omnichannel retailer: A stochastic approach with scenario clustering
	Primary framework analysis 
	Allocating store-online can result in reduced expected cost for integrated inventory/fulfilment decisions.
	Omnichannel  market customisation 

	13
	Mejía and Aguilar, 2024
	A demand forecasting system of product categories defined by their time series using a hybrid approach of ensemble learning with feature engineering
	Empirical methodology 
	Hybrid models are used to deal with heterogeneous product demand, and the choice of model should reflect series behaviour.
	Fitting into GenAI model

	14
	Perez et al., 2021
	Algorithmic approaches to inventory management optimization
	Primary methodology 
	Algorithmic optimization deals with the problems of uncertainty in demand, lead time and capacity
	Inventory optimisation 

	15
	Sharma et al., 2025
	Machine learning in supply chain management
	Secondary methodology 
	ML can help with better demand forecasting, stock control, operations decision making, and respond to disruptions. These capabilities can enhance operational efficiency, customer satisfaction and competitive performance, the study states.
	Using machine learning and predictive analytics for supply-chain optimisation.


	16
	Wamba et al., 2023
	ChatGPT and generative artificial intelligence: An exploratory study of key benefits and challenges in operations and supply chain management
	Primary methodology with survey design 
	Projects vary from being proof of concept to full implementation; UK/US companies are seeing benefits in operation, but challenges around data, technology and organisation are limiting uptake.
	GenAI adoption 

	17
	Ye et al., 2024
	Forecasting seasonal demand for retail: A fourier time-varying grey model
	Empirical forecasting model 
	According to data from M5, a Fourier model can beat the benchmark seasonal models.

	Seasonality implementation 

	18
	Ünal, Erkayman and Usanmaz, 2023
	Applications of artificial intelligence in inventory management: A systematic review of the literature
	Systematic literature review 
	There are 59 studies documenting increasing use of AI; inventory is often done using machine learning.
	Inventory management through AI

	19
	Koneti, Aserkar and Bhoola, 2026
	AI-Based Predictive Analytics for demand forecasting and inventory efficiency
	Secondary framework modelling 
	The proposed framework provides better averaged point and probabilistic forecast accuracy than typical baseline forecasts, and fewer days of supply and stockouts under lead-time and promotion scenarios. Data pipelines, governance, explainability and ERP/APS integration are also identified as implementation requirements.
	Forecasting customer demand and optimizing inventory.

	20
	Karpagavigneswari and Kamali, 2025
	Intelligent inventory demand forecasting: Using chaos theory and optimization for supply chain resilience
	Secondary quantitative methodology 
	The RPO-LM model is an advanced model for the problem of forecasting uncertain demand, variable lead times and supply disruptions. The study shows how optimisation-based forecasting can aid in making informed inventory decisions and ensuring the robust supply chain.
	Using AI for predictive demand forecasting and inventory optimization.


[bookmark: _Toc237786281]Table 4.1: Data summary table
As illustrated in Table 4.1, AI/ML can enhance forecasting and inventory decisions, however, the outcome is largely determined by the model's fit, the data, integration and organisational readiness. While there is more empirical literature available for predictive analytics than for GenAI in live retail, there is still a great deal more that must be explored.
[bookmark: _Toc237357945][bookmark: _Toc235781988]4.3 The results of the findings 
For each of the four themes, there is a consistent pattern in the evidence base that is extensively positive about the ability of Generative AI (GenAI) to enhance forecasting and inventory results, whereas literature from an organisational perspective and M&S' recent experience is more sceptical about implementation, scale and operational resilience.
On the forecasting side, Fildes, Ma and Kolassa (2022) show that traditional statistical forecasting fails when promotions are introduced, and when demand is volatile, as is the case in M&S's food and clothing business. Whereas, Hassani and Silva (2024) and Chowdhury, Paul and Rozony (2025) argue that GenAI and hybrid deep-learning models can overcome this lack of statistical forecasting on conceptual or simulated evidence. The findings from Culot, Podrecca and Nassimbeni (2024) are echoed by the reported reorder benefits of AI in principle, with M&S realising this in the UK and Ireland, where they deployed the RELEX Solutions platform in over 1,000 food stores, and also their investment in an automated food distribution centre (Corporate.marksandspencer, 2025). In terms of organisational application, Richey et al. (2023) and Claudia, Francisco and Alexandre (2025) confirm that, so far, AI-in-logistics research is not yet concrete but rather conceptual, except for the few examples cited – M&S's SymphonyAI and RELEX – which are documented by M&S corporate and trade sources, and not by independent research, as Zaytsev (2023) notes. On the opportunity and constraints side, M&S reported revenue growth for food of 17.5% and for clothing and home of 11.4% compared to 2021/22, which highlights the potential upside (Corporate.marksandspencer, 2024). Maghroor et al. (2025) elaborated the April 2025 cyberattack, which impacted M&S's forecasting and stock systems for some 15 weeks and resulted in a loss of estimated £300 million in operating profit. The socio-technical and operational risk that goes hand in hand with deep reliance on interconnected, AI-enabled systems (Zero100, 2025).
On organisational breadth, M&S uses generative AI to write most of its online product descriptions and also to power the personalised homepages as part of their AI-driven personalisation engine for style & fit (which has been acquired by M&S as Thread) and has engaged more than 450,000 customers (DigitalDefynd, 2025). Retailers in the Clothing and Home merchandising category use AI-powered customer-intelligence tools from M&S partners.  First Insight, o9 and PTC; retailers in Customer Contact use Google Cloud's speech-recognition AI. The broad evidence base is leveraged in Theme Three below to build the analysis beyond a narrow forecasting-and-inventory understanding of GenAI at M&S to a more complete organisational understanding of GenAI.
[bookmark: _Toc237357946][bookmark: _Toc235781989]4.4 Thematic Analysis
[bookmark: _Toc235781990][bookmark: _Toc237357947]4.4.1 Theme One: Traditional Forecasting to Generative AI-Driven Demand Prediction
4.4.1.1 Analysis of Findings
The evidence shows that the usual time-series forecasting technique does not fit the trading pattern of M&S. Fildes, Ma and Kolassa (2022) demonstrate that the classical models work well in more stable demand conditions, but fail to work well when facing promotions and short product life cycles, which are common occurrences in M&S food business as well as their seasonal clothing and home range. Conceptually, Hassani and Silva (2024) mitigate this limitation by considering that GenAI can access non-structured information, like social sentiment and macroeconomic commentaries, which enables scenario forecasting. A systematic review by Chowdhury, Paul and Rozony (2025) also arrives at similar results, concluding that an integration of deep learning and real-time external data is more effective than the use of statistical models alone. Food revenue increased 17.5% and clothing and home revenue went up 11.4% compared to 2021/22 as a base (Corporate.marksandspencer, 2024), which is the time the RELEX-based forecasting rollout was happening across over 1,000 food stores (GlobalData, 2023). When taken at face value, this pattern supports the idea that GenAI-supported forecasting can have a positive impact on retail performance. However, as the same period was the time of multiple transformation projects occurring simultaneously, the growth figures cannot be attributed to forecasting alone, and should be interpreted as directionally rather than as hard evidence.
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[bookmark: _Toc237786251]Figure 4.1: Revenue of food division of M&S
(Source: statista, 2025)
Under promotions, short life cycles and volatility, conventional retail forecasting becomes weaker as demonstrated by Fildes, Ma and Kolassa (2022). When model choice is informed by product behaviour, Mejía and Aguilar (2024), Ye et al. (2024) demonstrate that hybrid, ML and seasonal approaches can enhance forecast accuracy. The research by Hassani and Silva (2024) is also conceptual and outlines the possibilities of scenario forecasting with GenAI.
4.4.1.2 Findings in Relation to Literature
The present results are part of a good but not complete dialogue with the broader literature. In keeping with this, both Hassani and Silva (2024) and Chowdhury, Paul and Rozony (2025) confirm that GenAI is a better option than classical forecasting, but both use conceptual models and/or models based on simulated retail settings, not a real retailer with many product categories. M&S's reported growth in sales is therefore the best available independently sourced real-world evidence of the claim, but is not peer-reviewed data because it is sourced from the company's own reporting. As per the opinion of Liu (2022), the improvement from the Dynamic Capabilities View is more likely to be due to M&S's ability to recognise the shortcomings of their traditional forecasting method and restructure their systems in response to RELEX than to GenAI alone. This aligns with the theoretical lenses set up in Section 2.6 that prioritises organisational capability over GenAI in isolation. One likely reason for this difference with the technical literature is that M&S forecasts failure under "general retail conditions". While Hassani and Silva (2024) and Chowdhury, Paul and Rozony (2025) forecast improvement under "favourable, curated" conditions. The M&S’s trading environment lies somewhere in the middle of the spectrum, and therefore the growth figures should be interpreted as indicative rather than definitive. This means that M&S should keep investing in GenAI-fuelled forecasting because the trend of the evidence supports it, but must first be proven effective for individual food and clothing KPIs before the claims that GenAI can be used throughout the business are generalised.
M&S implemented RELEX in over 1,000 Food stores in the UK & Ireland. This is aimed at predictive analytics, not towards a claim of GenAI forecasting. There is a 7.0% increase in food sales to £9.719bn in 2025/26, with M&S pointing to various factors behind the performance. Thus, the 7.0% increase cannot be attributed to an AI forecasting effect alone. In relation to RQ1 the response is guarded, noting the potential operational relevance of predictive analytics, but caution that evidence around the forecasting accuracy of GenAI is still not established at M&S.
[bookmark: _Toc237357948][bookmark: _Toc235781991]4.4.2 Theme Two: Optimising Inventory Using AI at M&S
4.4.2.1 Analysis of Findings
Culot, Podrecca and Nassimbeni's (2024) systematic review confirms that AI-based inventory systems that rely on real-time demand to decide reorder points are better than static, rule-based inventory systems, such as constant economic order quantity/ this difference is most evident in operational scale, with short pilots often failing to replicate its benefits. The evidence base provided by M&S is rare because it provides a named example of the exact transition – the rollout of the RELEX platform to over 1,000 food stores has since been followed by a further £340m capital commitment for an automated, AI-powered food distribution centre, with M&S "moving beyond pilot-stage experimentation" to store-wide and network-wide deployment (GlobalData, 2023), (Corporate.marksandspencer, 2025). This progression is significant, as Culot, Podrecca and Nassimbeni (2024) are explicit that only a few organisations are able to successfully scale up AI inventory tools beyond pilot stages. M&S's continued investment and escalation of investment is one of the more obvious examples on the evidence base that this scaling barrier is being actively worked on rather than simply talked about.

Ünal et al. (2023) note that ML is a popular AI technique in inventory research, Perez et al. (2021) argue that algorithmic optimisation under uncertain demand works, and the benefits of integrated inventory/fulfilment across channels. Also, forecasting, fulfilling location and inventory planning are linked by Hübner et al. (2022). The £340m investment in its automated Food distribution-centre and 1.7m sq ft extra capacity to be added in 2026 suggest a massive investment in infrastructure. Investment does not constitute optimisation, however. Forecast error, availability, stock cover, waste, markdowns, turnover and fulfilment cost are all examples of KPIs. This answers the feedback on measurable outcomes.
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[bookmark: _Toc237786252]Figure 4.2: Inventory optimisation using AI
(Source: Influenced from Culot, Podrecca and Nassimbeni, 2024)
4.4.2.2 Findings in relation to literature
The £340m investment is not a contradiction of the pilot-to-scale argument, but rather an organisational corroboration of it, based on reading against the literature. The authors of Culot, Podrecca and Nassimbeni (2024) say that scaling is generally hard because of infrastructure, integration and workforce acceptance costs. Whereas, M&S is investing in its infrastructure, integration and workforce acceptance costs. It is explained well using the Technology-Organisation-Environment approach where the technology dimension (RELEX and automated distribution) is able to provide benefits in terms of inventory reduction but requires the organisation's readiness (Xu, 2025). In this case, employee acceptance towards automated reorder decisions and integration with the legacy warehouses and till systems, which are identified as unresolved constraints for M&S in chapter Two. The most plausible explanation for the seemingly disjointed nature of the technical and organisational literature is that Culot, Podrecca and Nassimbeni (2024) comb evidence from across a multitude of organisations at different levels of readiness, while M&S is a single organisation, or perhaps it is one company's implementation in a single branch, at the relatively high end of the readiness curve. For M&S, this means the £340m investment will help mitigate, but not eradicate, the understocking or overstocking issues raised in theme one and that the value achieved will be dependent on the rollout of the organisational-change constraints as well as the technology itself.
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[bookmark: _Toc237786253]Figure 4.3: M&S’s Approach to net zero
(Source: Annual report, 2023)
This inventory picture can be supplemented with academic evidence from the sector level that is not covered in Chapter Two. In a literature review and research framework published in the European Journal of Operational Research, Hübner, Hense and Dethlefs (2022) conclude that integrated fulfilment concepts are driving the resurgence of the physical store, and that three central, unsolved planning challenges for retailers like M&S are related to demand forecasting, fulfilment-location choice and inventory planning. This is directly relevant to M&S, where the food and clothing divisions struggle to determine the allocation of inventory optimised using RELEX between in-store shelf stock and the online or click-and-collect fulfilment. This issue is not addressed by Culot, Podrecca and Nassimbeni (2024), whose emphasis is on reorder-point automation rather than channel allocation. This is supported by another piece of new evidence that has not been deployed elsewhere and is specific to M&S: Ocado Retail is a 50% subsidiary of M&S, and its ‘Customer Fulfilment Centres’ employ robotic picking arms powered by AI and, in the not-too-distant past, robot “bots” to scale in order to manage online grocery inventory and order assembly (OcadoGroup, 2024). While these investments in M&S are separate from the RELEX, the financial investment that Ocado has in M&S is part of the company's own accounts and therefore a comprehensive evaluation of the contribution of AI to inventory optimisation cannot just be restricted to M&S's store portfolio. As alluded to previously, Hübner, Hense and Dethlehs (2022) and the Ocado case studies show that M&S's inventory-optimisation issue, and hence Objective Two, is more of a channel-allocation problem between three fulfilment routes, namely in-store, RELEX-optimised food distribution, and automated online grocery fulfilment, than a single-channel forecasting or reorder-point problem, as originally stated in the narrower evidence base of Chapter Two.
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[bookmark: _Toc237786254]Figure 4.4: Ocado and M&S venture
(Source: corporate.marksandspencer, 2025)
[bookmark: _Toc235781992][bookmark: _Toc237357949]4.4.3 Theme Three: The Organisational Breadth of GenAI Application at M&S
4.4.3.1 Analysis of Findings
The earlier evidence base for this theme was drawn narrowly from two initiatives, RELEX based forecasting and in store intelligence from SymphonyAI – not enough to characterise the organisational application of GenAI and is revisited here with a broader evidence base. For one, M&S' own generative AI system has helped to write around 80% of the retailer's online product descriptions, and create personalised homepages, personalised styling language and body-shape and style quizzes. This has helped to increase the retailer's online customer base to 9.4 million and M&S app share of online orders to 44% from 37% the year before (Mills, 2024). Second, M&S's involvement in the purchase of the fashion-tech company Thread reinforces an AI-powered personalisation engine, which crunches customer data on up to 40 million style combinations to deliver individually tailored product recommendations, with over 450,000 customers having made use of the service so far (DigitalDefynd, 2025). Third, with the AI-based collaborative planning platform o9 and the AI-powered customer-intelligence engine from ‘First Insight’, M&S integrates the voice of the customer whilst considering price and range prior to committing products to stock (Berthiaume, 2024). Fourth, M&S has implemented AI speech-recognition technology from Google Cloud to streamline and personalise calls to its stores' contact centres (cloud.google, 2024). The previously mentioned RELEX forecasting platform, plus M&S' SymphonyAI-powered computer vision-based store intelligence (symphonyai, 2023). This has been confirmed to cover over 500 stores in a formal partnership in 2023, gives a much more comprehensive and up-to-date organisational view than is currently possible. M&S isn't limited to using GenAI in the supply chain, as its use extends right the way through to in-store operations, merchandising, customer facing content and personalisation, and customer service.
Automation, hyper-personalisation, complementarity and innovation are retail AI value logics identified by Cao (2021) and value, application context and ethics by Guha et al. (2021). There is limited organisation-level evidence as reported by Richey et al. (2023). In 2023, M&S chose SymphonyAI for store intelligence in over 500 stores and in 2026, the company's annual report highlights digital, data and technology as priorities. There is an assumption that M&S has a wide span of AI offerings, but interoperability, governance, cyber resilience and accountability need to be handled across systems.
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[bookmark: _Toc237786255]Figure 4.5: GenAI application architecture
(Source: linkedin, 2025)
4.4.3.3 Findings and arguments in relation to literature  
This general body of evidence does not modify, but rather expands, the interpretation provided in Chapter Two. Richey et al. (2023) and Claudia, Francisco and Alexandre (2025) suggest that the research that exists on the adoption of AI at the organisational level is limited and fragmented. The initiatives identified here are, both substantively and also in terms of their synthesis and consolidation into a single transformation story, being found by academic or corporate sources individually. Mills (2024), DigitalDefynd (2025), Berthiaume (2024) and cloud.google (2024) all report one initiative, coherent story of transformation. Another tension that becomes more evident from a close reading of the theme is the difference between the customer-facing, marketing-driven nature of the generative-AI and personalisation programs (product-description automation, the Thread-based style engine, First Insight's customer intelligence) and the operations-first, cost and waste reduction focus of RELEX and SymphonyAI. 
One of the most likely explanations for this is that these two sets of initiatives are located in different parts of the business – digital/marketing and supply chain/operations – and are reported through different trade channels. This is however a reflection of a larger sensing-and-seizing capability than just Theme Two. M&S is not just applying GenAI to one operational choke point, it's reconfiguring multiple functionally distinct parts of the business simultaneously. Not only this, but the diversity of vendors involved – RELEX, SymphonyAI, Thread, First Insight, o9, PTC and Google Cloud also raises an organisational-environment question that has not been covered in the literature.  Integrating and managing the data-governance risk associated with seven or more third-party AI vendors is a significant organisational challenge, and that is arguably a better way to describe M&S's GenAI adoption as a two-initiative story than an account that centres on Google Cloud and its open-source tools. For M&S, the answer to Objective Two is not just in the inventory systems, but rather, the opportunities and integration risks arising from GenAI adoption are spread across the organisation, making the case for a cross-functional, organisation-level single case design, as covered in Chapter Three, even more compelling.
With this organisational width it is now possible to apply a more analytical framework, with the help of evidence from academic literature. Based on 54 retail companies in the grounded theory study published in the ‘International Journal of Retail & Distribution Management (IJRDM)’ (Cao, 2021), retailers have four value-creation logics in implementing AI: automation, hyper-personalisation, complementarity, and innovation. In Cao's (2021) classification, the automation logic is represented by RELEX and SymphonyAI, the hyper-personalisation logic by the Thread-based style engine and the personalised homepages. The complementarity logic by First Insight, by o9 and by PTC as these complement the human merchandising judgement, while the generative product-description writing represents the innovation logic. That all four of Cao's (2021) logics are all found at M&S is a finding in its own right: it suggests that M&S is not only multi-vendor as noted above but also that its adoption of GenAI is not only multi-vendor, but also not monomodal in the way that M&S values creation. This is echoed by Guha, et al. (2021), in the Journal of Retailing, who argue that, in the future, AI's impact on retailing will be felt unevenly between front-end, customer-facing aspects of a retail business and back-end, operational aspects; and that retailers best positioned to benefit are those who coordinate investment across both fronts. 
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[bookmark: _Toc237786256]Figure 4.6: Hike on share price for M&S
(Source: BBC. 2023)
The evidence base that M&S provided is a real example of this imbalanced investment: both front-end investments (Thread, generative content, Google Cloud) and back-end investments (RELEX, SymphonyAI) are significant, yet there is no cross-coordination of these investments in any of the sources reviewed. Together, the implications of Cao (2021) and Guha et al. (2021) for M&S are that the challenge is not technological, as M&S demonstrates competence in all four value-creation logics. However, this is one of the internal coordination of the M&S' front-end and back-end AI investment, a point beyond what either of the original two-initiatives account or the literature in Chapter Two suggests.
Thus, RQ2 is more to the point: M&S is applying predictive AI on a much bigger scale in supply-chain activities, whereas genAI is more apparent in content and customer-facing applications. RELEX, SymphonyAI and GenAI are not the same.
[bookmark: _Toc235781993][bookmark: _Toc237357950]4.4.4 Theme Four: Opportunities and Challenges Arising from the Use of GenAI 
4.4.4.1 Analysis of Findings
The opportunity side of the evidence base is indicated by M&S's food revenue gains of 17.5% above the 2021/22 base and clothing and home revenue gains of 11.4% as well as forecasting and inventory gains suggested in Themes One and Two (Corporate.marksandspencer, 2024). The constraint side is shown conceptually and found to be more impressive in practice. The initial challenges faced by organisations adopting GenAI in the supply chain are technological readiness, regulatory uncertainty, and organisational alignment, as noted by Maghroor et al. (2025); workforce resistance and the lack of skills are downstream consequences of these underlying structural issues. The recent M&S incident is a particularly stark example of this fragility and only a few months ago a cyber-attack on one of their suppliers badly affected M&S's digital systems and had to be manually managed by pen and paper to some extent for parts of the food and clothing supply chain, with a 15-week downtime and a loss of around £300 million in group operating profit (Zero100, 2025).
According to Mahraz et al. (2022) and Wamba et al. (2024), AI value relies on data, readiness, governance and wider environment; while Maghroor et al. (2025) and Xu (2025) highlight data, readiness, governance and wider environment. In M&S' 2025/26 results, group sales were £17.37bn and adjusted profit before tax £671.4m; Food sales increased by 7.0% but Fashion, Home & Beauty sales decreased 7.7% due to disruption of systems access and online trading which had limited stock flow and availability. M&S attains £89 million cost saving in FY 2025-26, which has been against £600m target of structure by FY2022-2028. These data reveal why resilience, as well as cost and continuity, must be evaluated when considering AI.
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[bookmark: _Toc237786257]Figure 4.7: Advantages and dis-advantages of using GenAI
(Source: Influenced from Maghroor et al. 2025)
4.4.4.2 Discussion of Findings in the context of literature 
The cyber-attack is not an indictment of the opportunity side literature; it is a confirmation of the constraint side literature in the most obvious manner possible from the evidence base. Maghroor et al. (2025) are abstract barriers; in the case of the 2025 incident, they are clearly illustrated as the interconnected, automated systems that would benefit forecasting and inventory are a single point of failure when attacked. This can be well explained by the framework of technology-organisation-environment (Xu, 2025). The interaction between the technology dimension and the organisation dimension in the context of cybersecurity risk from a third-party vendor led to a result that neither of the two technical and organisational literatures alone could foresee. The literature on opportunity-based and constraint-based models appears to be at odds because they are assessed under different conditions. The implicit assumption of stable, continuous system operation is present in Hassani and Silva (2024) and Chowdhury, Paul and Rozony (2025) while not in the 2025 incident. The implication for M&S in this study is that the opportunities identified are indeed reality but contingent, meaning that they require a shift in the priority of investments on resilience and governance being treated as equal investment to forecasting-accuracy investments rather than a secondary concern.
[bookmark: _Toc235781994][bookmark: _Toc237357951]4.5 Discussion 
The findings are analysed in the context of each of the three research objectives and underlying research questions outlined in Chapter One, rather than thematically, to make it explicit how findings relate to answering each objective and research question.
The findings in Theme One provide qualified support for Objective One on the accuracy and reliability of GenAI-based forecasting compared to traditional forecasts at M&S. Fildes, Ma and Kolassa (2022) describe the reasons for the poor performance of traditional forecasting in M&S's volatile trading pattern, while Hassani and Silva (2024) and Chowdhury, Paul and Rozony (2025) give conceptual and systematic review evidence that GenAI can overcome this weakness. M&S's own reported revenue growth figure during the RELEX rollout period (Corporate.marksandspencer, 2024) is directionally supportive of this claim, but should not be used as an independent measure as it does not take into account the many other transformation projects that were also undertaken during the period. So the research question is tentatively answered: whilst in theory, the use of GenAI for forecasting looks more reliable than traditional forecasting, there is no evidence of this improvement at the organisational level at M&S.
Themes Two and Three are the most convincing evidence for Objectives Two in the dissertation, which is centered on investigating how GenAI can support inventory optimisation in M&S. At a basic level, Culot, Podrecca and Nassimbeni (2024) explain why AI reorder systems lessen understocking and overstocking and M&S's £340m investment in the automated food distribution system (Corporate.marksandspencer, 2025) shows that this isn't just a pilot, but a real-world scale of operations. In addition to this inventory evidence, the re-analysed Theme Three reveals another group of customer-facing GenAI capabilities, albeit one which is less tightly coupled to inventory optimisation, that is in turn: GenAI's role in inventory optimisation is not only real, but the strands of its role are not fully coordinated within an organisation, with a number of parallel, less-integrated efforts being carried out by other vendors (Mills, 2024; DigitalDefynd, 2025; Berthiaume, 2024 and cloud.google, 2024).
In line with Objective Three, to explore the opportunities and challenges of GenAI adoption at M&S, Theme Four provides the most direct response as it relies on a lived organisational event rather than just on projected benefit. Reported revenue growth as reflected on the opportunity side (Corporate.marksandspencer, 2024) is real but hinges on a number of factors, including technological readiness, regulatory clarity and organisational alignment. According to Maghroor et al. (2025) the challenge side of the research question is directly answered by the April 2025 cyberattack. Those systems that yield forecasting and inventory benefits when they are working normally yield a concentration of risk when they are not working normally. The overall discussion of the three research questions outlined above suggests that the effect of GenAI on M&S is not a simple one-to-one relationship between the technology and the outcome; instead, the answer to these research questions is found when the technology, the readiness of the organisation to adopt the technology and the environment in which the technology works are intertwined and collectively influence the outcomes.
In the three research questions, competitive value is not just in the hands of GenAI. The best M&S evidence relates to predictive analytics, automated inventory infrastructure and digital transformation overall. Predictive analytics and GenAI should not be combined analytically. The opportunities and constraints are mutually dependent: Better data and automation will lead to better availability, and interconnected systems will lead to greater integration, cyber, data-quality and governance risks. In this sense, understanding consumer demand and leveraging the opportunities digital technology can provide is more important for long-term value than the type of label an AI has.
[bookmark: _Toc237357952][bookmark: _Toc235781995]4.6 Integrated Synthesis
Putting the four themes together, the conclusions are consistent overall: whilst GenAI and predictive analytics have the potential for plausible benefits for demand forecasting (Theme One) and inventory optimisation (Theme Two), the organisational translation of these benefits, in M&S's case by way of RELEX, automated distribution and SymphonyAI, is at least in part observable here, in some detail (Theme Three). Not only in RELEX, automated distribution and SymphonyAI (Theme Three), but also in forecasting, in-store operations, merchandising, customer-facing personalisation and customer service, spread across at least seven different third-party technology partners. These are also re-analysed evidence base confirms that organisational translation is wider, and organisational-integration risk is greater, than the account previously presented in the two-initiative scenario. Just as opportunities are inextricably linked to organizational and environmental constraints (Theme Four). However, it extends from acceptance by staff to integration with legacy systems and cyber security resilience. The evidence indicates that M&S's capacity to create value from GenAI is more about their ability to sense a risk. Reconfigure their systems when under pressure, and sustain a disruption, whether it is commercial, operational or cyber related, then any specific technology. The research gaps identified in Section 2.7 (i.e. absence of organisation-specific forecasting evidence, lack of pilot-to-scale evidence and shortage of organisation-level case research) have all been addressed in the M&S-specific evidence discussed in this chapter and directly answer the 3 research objectives.
[bookmark: _Toc235781996][bookmark: _Toc237357953]4.7 Chapter Summary
This chapter has introduced and critically examined the evidence presented within the four themes outlined in Chapter Two, testing and corroborating these claims using evidence of M&S' own forecasting, inventory, digital and financial evidence and, in the case of the 2025 cyberattack, challenging the claims with evidence. Evidence as a whole suggests some degree of technical optimism as reported in the forecasting and inventory literature but with more evident and explicit organisational and environmental risk reported than is contained in the literature alone. The conclusions and recommendations presented in Chapter Five are based on these findings and their theoretical interpretation based on the Dynamic Capabilities View and the Technology-Organisation-Environment framework. Comparing the two, overall, there is more empirical evidence behind predictive analytics for M&S forecasting and inventory applications, than for GenAI. While financial performance cannot be solely attributed to AI, M&S have progressed towards investing in scaled AI-driven planning and distribution. To differentiate and report AI effects from other transformation efforts, future evaluation should be based on longitudinal KPI evidence based on predictive analytics or GenAI. 


[bookmark: _Toc237357954]Chapter 5: Conclusions and recommendations 
[bookmark: _Toc237357955]5.1 Main findings 
This chapter summarises the results of each theme in Chapter Four and to that end states what it means for M&S' ambition to improve the demand forecasting and inventory optimisation. This study aimed to explore the potential of Generative AI (GenAI) and predictive analytics to aid Demand Forecasting and Inventory Optimisation within the UK retail supply chain with the one secondary qualitative case of Marks & Spencer (M&S). The results demonstrate that predictive analytics and GenAI are not one and the same. While predictive analytics is more directly related to structured historical data and demand prediction and replenishment, GenAI can be used for analysis beyond structured information, such as scenario generation and interpretation of less-structured information (Fildes, Ma and Kolassa, 2022; Hassani and Silva, 2024).
The first major finding 
The first major finding is that the trading context of M&S consists of volatile food demand, promotions, seasonal products and short product life cycles suggesting AI-based forecasting applicable to M&S. Literature indicates that forecasting models may be vulnerable under these circumstances. The M&S evidence, however, does not offer enough evidence for KPI-level to support improving the accuracy of forecasts via GenAI. M&S saw food revenue up 17.5% and clothing and home revenue up 11.4% in the transformation period compared to the previous year 2021/22. These numbers should not be interpreted as being solely driven by AI forecasts, however, as there were multiple transformation efforts that took place concurrently.
The second major finding
The second one is inventory optimisation. M&S have gone beyond experimentation with RELEX, rolling it out to over 1000 food stores and a £340 million investment in an automated food distribution centre. This aligns with the literature on the need for significant organizational and infrastructure preparations to scale AI (Culot, Podrecca and Nassimbeni, 2024). However, evidence suggests that inventory optimisation is more than just automatic reorder points. Stock availability, inventory turnover and fulfilment allocation are important performance indicators for M&S as they need to coordinate the various channels of fulfilment, including store, online and automated.
The third major finding
The third is that M&S's AI use is widespread. GenAI reportedly helped to support 80% of online product descriptions, and the total number of online customers jumped from 37% to 44% of app-based online orders (Mills, 2024). SymphonyAI store intelligence impacted over 500 stores and the Thread related personalisation capability had been accessed by over 450,000 customers. This reflects several AI values creating logics (Cao, 2021). There are also a number of technology vendors that add to integration and governance complexity. 
The fourth major finding
The fourth finding is that AI can be beneficial, however, a good, practical example of this limitation in the cyber capability of M&S is the disruption that occurred in 2025, which led to a drop in operating profit of around £300 million and a reported duration of the cyber-attack of about 15 weeks. This indicates the potential for operational risk to be focused when digital interdependence comes into play. So, forecasting accuracy, resilience, cyber security and governance and organisational readiness should be taken together.
[bookmark: _Toc237357956]5.2 Answer to research objectives 
RQ1: How are GenAI and predictive analytics applied in the fields of demand forecasting and inventory optimisation? While structured forecast and replenishment benefit more from predictive analytics, GenAI provides scenario-based analysis and interpretation of unstructured information. Literature suggests that there are opportunities to improve the accuracy, but evidence of causal impact from an organisation-level is limited.
RQ2: What techniques has M&S used? The key developments at M&S include RELEX, automated distribution, SymphonyAI, personalisation and AI-assisted content. Investment in RELEX scale and £340 million demonstrate strategic commitment. But current evidence does not differentiate between AI's role in the accuracy of forecasts, the availability of stocks or inventory turnover. This means that M&S have shown in their usage of AI that they've adopted it to a large extent, but not a clear causal measurement of how their supply chain has been improved.
RQ3: focused on opportunities and challenges. The possibilities are: enhanced demand sensing, automated replenishment, personalisation, efficiency and responding. The challenges are: Legacy integration, Workforce capability, Data governance, Third party dependency, Cybersecurity and Scaling. The M&S cyber incident shows the need for balance between benefits of connected systems and resilience and contingency planning.
[bookmark: _Toc237357957]5.3 Recommendation (Practical and Theoretical)
1. Finding: Revenue growth is now an indirect measure of forecasting success, which cannot be distinguished from other transformation projects going on simultaneously.
Implication: M&S lacks a clear and causal relationship between AI and improved forecasting. 
Action: M&S is required to create a KPI set to monitor the accuracy of the forecasts, the bias of the forecasts, stock availability, stock out rate, inventory turns and the accuracy of the fulfilment and waste.
2. Finding: automated forecasting/replenishment can be problematic in unusual demand scenarios. 
Implication: When the demand is not always predictable, full automation is risky. 
Action: M&S should continue to have humans in the loop for critical forecasting and replenishment decision making.
3. Finding: This one targeted system that were using AI technology and caused them to be unavailable for 15 weeks and cost approximately £300 million. 
Implication: When AI systems are connected, there is one place where they are vulnerable. 
Action: M&S to incorporate cyber security testing, manual fallback, supplier risk monitoring.
4. Finding: M&S is using at least seven different AI vendors in various business areas.
Implication: upsets the data governance and data accountability risk. 
Action: Ensure uniform governance and accountability of all AI vendors across M&S.
Adopting AI should be addressed from the Dynamic Capabilities View as an activity of sensing, seizing and reconfiguring, not merely as technology investment. Furthermore, the Dynamic Capabilities View must be complemented by the Technology-Organisation-Environment framework as in the M&S case, the legacy integration and external environment influence the technological capability (Xu, 2025). This holistic view will help to understand the disconnect between technology promise and organisational results.
[bookmark: _Toc237357958]5.4 Limitation of the study 
The main restriction is the secondary qualitative case study design. The research is unable to examine in person the activities of M&S managers, employees, suppliers or AI systems, and cannot independently verify the internal decisions taken or KPI's performance. Corporate reports might focus on achievements and successful projects, and trade and technology sources may be biased toward vendors. In addition, the study does not conduct a broad systematic review and uses only 20 selected journal articles, thus requiring researcher judgement for selecting the articles. Further, the fact that the data is based on one retailer in the UK restricts the generalisability to other retailers, countries and sizes of organisations. Lastly, the rapid development of GenAI can result in changes in technologies and outcomes beyond the scope of the study.
[bookmark: _Toc237357959]5.5 Recommendation for Future Work
Research needs to use an M&S case study with a longitudinal design to track AI performance over the years. Primary interviews with supply-chain managers, data scientists, store managers and technology partners would uncover what actually happens with regards to the integration of AI recommendations into decisions. If possible, pre- and post-AI KPIs should be compared, with a range of controlled or matched product categories like forecast error, stock availability, inventory turnover, waste, and markdown rates. Therefore, further research is recommended to compare the results of M&S with other retailers in the UK to find out if the results are organization-specific or sector-wide. Lastly, studies need to focus on the governance of both GenAI and predictive analytics, especially issues such as cybersecurity, explainability, and vendor dependency, alongside human oversight. This research would not only enhance the empirical evidence base, but also the theoretical knowledge and understanding of smart retail supply chains using AI.
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