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[bookmark: _Toc214509338]Proposed Title
The Impact of Generative Artificial Intelligence on Strategic Decision-Making Processes in UK Manufacturing Firms: Opportunities, Challenges, and Pathways to Effective Adoption
[bookmark: _Toc214509339]Research Aim and Objectives
Aim
The primary task of this investigation is to study the role of generative artificial intelligence (GenAI) in the strategic decision-making of manufacturing companies in the United Kingdom and outline the opportunities of relevant efficiency and innovation as well as discuss corresponding challenges such as ethical issues, lack of skills, and integration barriers. The study will provide a practical conclusion to managerial stakeholder to utilize GenAI to gain competitive advantage in a swiftly evolving digital environment.
Research Objectives
1. To examine the current adoption levels and applications of GenAI in strategic decision-making within UK manufacturing firms.
2. To identify the opportunities presented by GenAI, including improved data analysis, scenario planning, and predictive modelling for strategic choices.
3. To analyse the challenges and risks associated with GenAI adoption, such as biases in AI outputs, data privacy issues, and organisational resistance.
4. To explore the role of human-AI collaboration in mitigating challenges and enhancing decision quality.
5. To develop a framework for effective GenAI integration in strategic management practices, with recommendations for UK manufacturing firms.
Research Questions
1. What is the extent of GenAI adoption in strategic decision-making among UK manufacturing firms, and what specific tools or applications are most commonly used?
2. How does GenAI enhance strategic decision-making processes, particularly in areas like forecasting, risk assessment, and innovation?
3. What are the primary barriers and risks faced by UK manufacturing firms when integrating GenAI into strategic decision-making?
4. To what degree does human oversight complement GenAI in achieving reliable and ethical strategic outcomes?
5. What strategies can UK manufacturing firms employ to maximise the benefits of GenAI while minimising its risks?
At this point, no formal hypotheses are stated since the research is of an exploratory paradigm that aligns with the nature of an emerging technology like GenAI. However, it is speculated that effective human-AI hybrid configurations will create decision outcomes superior to that generated by AI, as well as human-only modalities.
[bookmark: _Toc214509340]Justification of the Research
The paradigm of generative AI (including large language models, e.g., the GPT series, and image/video Lisp) has been described as transformative to business management with the rampant use of ChatGPT since late 2022. With GenAI, it is estimated that it will add a lot to global economic value by 2025, with some estimates showing that the global economy will see an addition of 2.6-4.4 trillion annually by 2025 through greater productivity and innovation (McKinsey, 2023; updated projections in 2025 reports suggest that it will continue to grow despite hurdles in adoption).
Strategic decision-making, as a high-level decision-making concerning resource allocation, market positioning, and long-term planning activities, is one of the fundamental activities of business management that are associated with uncertainty, complexity, and ambiguity. The common techniques of decision making (based on human instincts, past analysis, or other analysis methods) are often limited by cognitive bias, data overload, and slowness. GenAI has the promise to supplement such processes with the available artificial data, modeling real-life situations, and ensuring real-time responses, making them able to make decisions faster and better-informed.
The UK manufacturing industry is especially relevant to this paper. Although the sector contributes about 10 07 to the UK GDP and has more than 2.5 million (as at the year 2025 data released by the office of national statistics) employees, it faces stiff competition globally, supply chain shocks, the need to remain sustainable, and digital transformation necessities in the post-Brexit period and during economic recovery. It has been reported that UK manufacturers are not in line with their competitors in the field of AI implementation, and only approximately 3040 percent of them actively use advanced AI instruments in their practices (Deloitte, 2025; Make UK reports). GenAI has the potential to solve acute pain areas, including predictive maintenance, supply-chain optimization, and helping with product design, but the issue of job replacement, conformity with legal regulations (e.g., implications of EU AI Act), and expensive implementation make the adoption rather unequal.
[bookmark: _Toc214509341]Literature Review
Generative Artificial Intelligence (GenAI) or systems that can generate novel content such as text, code, images, and synthetic data based on learned patterns (OpenAI, 2023; Vaswani et al., 2017) have developed quickly as a novelty in research but a future asset of the enterprise. According to a survey at a large scale, 79 per cent of organizations have embraced some type of GenAI by 2025; strategic functions such as scenario planning, risk modelling, and innovation management are also the most mature (Deloitte, 2025; McKinsey and Company, 2025).
GenAI complements human cognition in the process of strategic decision making, where unstructured data can be quickly synthesized, multiple scenarios can be predicted, and novel options can be generated (Brynjolfsson et al., 2023). Empirical research shows positive changes: companies applying GenAI to strategic planning state that the speed of decision-making and the quality of results differ by 25-40 times and become high in unpredictable conditions (Rockwell Automation, 2025). Based on the dynamic capability’s theory, GenAI enhances sensing (early signal detection), seizing (option generation), and transforming (organisational reconfiguration) capabilities (Teece, 2023; Warner and Wäger, 2024).
Major problems, however, do exist. High-stakes decisions are also not supported by hallucinations, an amplification of biases, and a lack of explainability (Sarkadi, 2024; Feuerriegel et al., 2024). The danger of over-reliance is automation bias when managers pass AI flawed information without opposition (Abdulmuhsin et al., 2025). In factories, the barrier to integration is acute: outdated systems, lack of quality data, and dry vacuity of skills encourage only a third less than half of UK companies to actively apply GenAI after the pilot is complete (Make UK, 2025; ONS, 2025).
The current literature focuses on the advantages of hybrid forms of intelligence as the way forward. Human-AI partnership, with GenAI working on scale and speed and managers offering contextual decision-making and ethical supervision is, by far, preferable to either people working alone or Artificial Intelligence (Hemmer et al., 2024; Abdulmuhsin et al., 2025). Manufacture longitudinal case research proves that governed human-in-the-loop structures can lower error rates by 60 percent, although strategically creative (Rockwell Automation, 2025).
Although the world literature is growing, there are still many voids. The majority of studies are either conceptual (e.g., Bouschery et al., 2023) or about samples in the US tech-sector. Superior-market-specific studies regarding the UK manufacturing industry - an industry with a distinctive post-Brexit complexity of its supply chain and regulatory alignment with the EU AI Act - are particularly absent. Additionally, not many research studies empirically assess the effect of GenAI on strategic and not operational decisions, or experimental frameworks in a real-life industrial context (Make UK, 2025). These gaps are being filled in this study because it presents mixed-method evidence that is based on the UK manufacturing background scenario.
[bookmark: _Toc214509342]Methodology
The philosophical position followed in this study is pragmatic because it combines both positivism and objective, quantifiable understanding of the GenAI adoption patterns with interpretivism that has integrated subjective managerial experiences and perceptions (Creswell and Plano Clark, 2018). A sequential explanatory mixed-methods design will be used that, initially, will focus on quantitative data collection and analysis to determine trends and relationships, and subsequently on qualitative data to clarify and to contextualize such results (Ivankova et al., 2006). This method is especially appropriate to such new phenomena as GenAI that is used in strategic decision-making since breadth (quantitative) shows prevalence and depth (qualitative) unearths nuances of human-AI relationships (Molina-Azorin and Cameron, 2010).
Research Design
Phase 1: Quantitative Survey 
The research focuses on the senior managers of (e.g. CEOs, CIOs, strategy directors) in the UK manufacturing organizations in the SIC groupings 10 33 (food, textiles, chemicals, metals, machinery, and transport equipment). The population will be suitable due to the fact that the sector is still in digital transformation and at different levels of GenAI maturity (Rockwell Automation, 2025; Make UK, 2024). The stratified random sampling will be used to select the 250-350 respondents based on the commercial databases, i.e. Bureau van Dijk (FAME) and Make UK (membership directory) to gather the samples based on the type of firms (SMEs vs. large enterprises), sub-sectors, and areas. Stratification improves representativeness in the eclectic manufacturing environment of the UK with adoption levels varying between SMEs (experimental) to larger companies (scaled).
The data will be gathered through an online survey (stored on Qualtrics) that includes validated measures: GenAI adoption levels (based on the State of Generative AI surveys created by Deloitte), opportunities/challenges (Items in the Likert scale built by Feuerriegel et al., 2024), and strategic performance outcomes (e.g., the speed of making decisions, rates of innovations). Products will contain variables on firm demographic and current AI maturity. Philot testing will be conducted on 20 managers in order to sharpen clarity, and validity. Distribution channels are to be LinkedIn professional groups, Make UK newsletters, and industry associations with a response rate of 25-35 percent that is expected in the case of executive survey.
Phase 2: Qualitative Semi-Structured Interviews 
The survey respondents will be purposively followed up (18-22 follow-up interviews) to explain the quantitative results, who will have different profiles (high / low adopters, SMEs/large firm, various-impact performance). This size is sufficient to be thematically saturated in the world of management (Guest et al., 2006). Human-AI collaboration experience, ethical issues, and integration strategies will be discussed during interviews (45-60 minutes, via Zoom) based on a guide based on the dynamic capability’s theory. Thematic analysis will be determined by the reflexive method of Braun and Clarke (2021), and the coding will have the quantitative results (e.g., the exploration of the outliers in regression results) as its frames. The merging happens on the interpretation level, in which qualitative knowledge clarifies the reasons and methods of producing quantitative trends, which is a comprehensive Theory of GenAI adoption.
Data Collection and Ethical Considerations
Primary data will be gathered using surveys (anonymous, incentives such as summary reports) and taped interviews (verbatim). Recent reports published by ONS, Make UK, Deloitte (2025) and Rockwell Automation will be used as secondary sources in contextual benchmarking. Ethical procedures are based on the British Educational Research Association rules: the approval of the university ethics committee will be taken, informed consent, voluntary participation, secrecy, and compliance with GDPR will be provided. Anonymization and secure storage will eliminate any risk that could be associated with sensitive commercial data.
Limitations, Reliability, and Validity
Self-reported data can cause social desirability/recall bias that can be reduced through triangulation of data collection methods and sources, anonymous data, and validated measures. Wave analysis will be carried to measure non-response bias. The generalizability is limited to the manufacturing industry in the UK but has transferable information to other related industries. Pilot testing can improve reliability, qualitative analysis can be improved by inter-coder agreement (higher than 80%), and sound statistical diagnostics. The philosopher has been enhanced through the convergence of qualitative and quantitative approaches to mixed methods, interview summaries member checking, and the consistency with the modern best practices in business management research (Cameron et al., 2023).
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	Conduct 18–22 semi-structured interviews
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	Draft full dissertation (80–100 pages)
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