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This dissertation explores the use of Artificial Intelligence (AI) in driving innovation 

within supply chains across the UK, their efficiency, resilience, and responsiveness to 

locality. It discusses how AI enables these dynamic capability elements to sense-seize-

reconfigure and evaluates the strategy frameworks being used by the Big Four consulting 

firms (Deloitte, PwC, EY, and KPMG) towards integrating AI into supply chains. This 

research also tries to find out which governance mechanisms are most critical in 

encouraging sustainable, AI-driven supply chain innovation within the context of the UK. 

By means of a mixed-methods design, this study applied Structural Equation Modelling 

(SEM) on the quantitative side and in-depth insights from 21 semi-structured expert 

interviews for its qualitative component. The quantitative results above have empirically 
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validated that AI augments dynamic capabilities, firstly by enhancing sensing capacity, 

which improves firms’ abilities to recognise shifts in markets as well as possibilities to 

better utilise their resources. While AI increases efficiency as well as resilience toward 

dynamism, it does not directly contribute to place sensitivity because the logic of global 

optimisation driven through AI may run parallel with the logic of region adjustment under 

new post-Brexit regulations. Qualitative findings solidify perceptions of AI as a strategic 

enabler, thereby allowing for real-time monitoring and predictive analytics. Challenges in 

the legacy systems, data fragmentation, and cultural resistance to the efforts of imposition 

were also noted in implementing AI. In critical terms, the study evaluated the adequacy of 

the Big Four AI strategic frameworks in intervening in the complex UK regulatory 

environment post-Brexit. The argument that this research advances is that there should be 

reforms to those frameworks so that intervention could be more effective by localising 

compliance-regulatory considerations. This research emphasises the need for flexible 

governance mechanisms through collaboration and digital management practices that 

would update AI adoption to local regulatory requirements. The findings of this study add 

value to existing literature regarding the role of AI in supply chain innovation and further 

provide a set of practical recommendations that would assist organisations trying to 

implement AI successfully into their supply chains. It, therefore, opens up more avenues 

for future research and investigation into aspects such as the effect of AI on local 

responsiveness and the evolving frameworks of governance about AI.  
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Dissertation Outline Summary 

This dissertation is composed of six chapters that together provide an overview of how 

Artificial Intelligence (AI) can create strategic frameworks for enabling innovation in 

supply chains across the UK. To provide a context for the study, Chapter I presents an 

introduction to the background of the research and contains details about the research 

problem and the aims of the research, as well as questions that will be explored throughout 

this project. It also identifies the importance of this research with respect to global supply 

chain disruptions, as well as the current state of affairs in the post-Brexit UK environment. 

Chapter II provides an extensive review of relevant literature on AI use and adoption, the 

use and development of innovative approaches to the supply chain, digital transformation 

and transformation frameworks, and a review of the key literature defining dynamic 

capabilities, as well as the development of a conceptual framework for the study. Chapter 

III outlines the methodology that was used in conducting the research, including research 

philosophies, research design, sampling strategy, methods for collecting data, and 

techniques for analysing data. The empirical results from both qualitative and quantitative 

phases of research, such as statistical examination (through SEM) and thematic 

perspectives from expert interviews, are described in Chapter IV. The findings are then 

discussed and interpreted in Chapter V, relating to research objectives and previously 

published literature. Last, the important results of this study and the implications for 

researchers, managers and policymakers are summarised in Chapter VI, along with 

recommendations for further research. 
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CHAPTER I 

INTRODUCTION 

 

1.1 Introduction  

Extreme disruption has impacted global supply chains in the last decade, exposing the 

disasters of a formerly classic model based on the achievement of mere efficiency (Panya, 

K. O., & Marendi, P., 2025). Until now, shocks, including the Covid-19 pandemic, Brexit, 

and an upsurge in geopolitical tensions, have underlined a critical fact: that global 

production and logistics systems, although historically and predominantly organised for 

the cost minimisation of production and logistics, exhibit high levels of vulnerability to 

volatility, change of policies, and shocks in the supply of resources. Such events bring great 

barriers to trade routes and add to the uncertainty on an explicitly demonstrated basis, 

where strategic resilience actually requires elements of flexibility and quickness in 

responding to embed these elements into supply chain management systems. Therefore, 

there is increasing pressure on corporations not to adhere to silos of logic, which is relevant 

only for cost efficiency, but rather in integrated strategic frameworks which balance risk 

management with the ability to be responsive to local conditions for the fundamental 

business issue of long-term competitiveness. In this environment, Artificial Intelligence 

(AI) has emerged as an enabler of supply chain innovation. Firms can now anticipate their 

demands and any potential disruptions in real-time and match their resources through the 

application of predictive analytics, machine learning, and adaptive optimisation 

technologies (Nweje, U., & Taiwo, M., 2025). This will advance the upgrade of both the 
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operational efficiency and strategic agility further through informed decisions based on 

data and continuous learning in the network of supply chains. AI enhances the ability of an 

organisation to sustain its performance in a state of uncertainty by establishing accurate 

and responsive governing bodies. The United Kingdom (UK) post-Brexit context 

emphasises the need for such transformation. Regulatory divergence, altered trading 

relations, and enhanced logistical and compliance non-uniformities are all induced by 

Brexit; they navigate directly towards the stability of the supply chain (Fawzy, A. G., 

2021). Disruptions of this magnitude can be effectively dealt with by organisations in the 

UK through the adoption of AI in terms of automated compliance as well as resource 

allocation optimisation, plus enhanced situation responding to changes in markets and 

policies. Therefore, achieving global competitiveness combined with national regulatory 

fit has made AI-enabled strategies a rock in a dynamic, evolving UK business environment. 

Meanwhile, the Big Four consulting firms (Deloitte, PwC, EY and KPMG) have articulated 

a series of frameworks based on AI that are meant to work towards digital transformation 

and risk resiliency operations. Very influential, these frameworks are mostly considered at 

the global level and have not been fully adapted to the UK's unique post-Brexit regulatory 

and market dynamics. This creates an empirical and a theoretical gap in terms of their 

relevance and effectiveness in supporting local supply chain innovation. 

This research focuses on researching supply chains in the UK because there have been 

significant changes in how supply chains operate because of economic changes and 

geopolitical events recently. Events such as Brexit and disruptions to global supply chains 

have caused UK-based companies to rethink traditional supply chains and develop new 
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innovative ways of operating within supply chains. In addition to figuring out how to 

innovate their supply chains, the UK has also become a global leader in artificial 

intelligence (AI) due to strong government programs, extensive digital infrastructure, and 

a diversified industrial base. All of these factors help support the UK’s relevance and 

significance as a location to research and examine the use of AI to implement strategic 

innovations within supply chain methodologies. 

1.2 Research Problem 

Despite the transformative potential of AI in overcoming the global supply chain 

challenges, a large gap persists towards understanding how AI-enabled strategic 

frameworks can be effectively capitalised on in the UK's intricate post-Brexit environment. 

While it has been widely acknowledged that AI has helped to improve the accuracy of 

forecasts, decision-making processes, and the identification of risks across international 

supply chains, the extent to which it is implemented in practice within the UK's unique 

regulatory, economic and operational context is not sufficiently examined. Brexit has not 

only changed the structure of trade and the market, but also caused a multifaceted challenge 

of compliance, labour and governance that requires localisation in its approach to solution 

(García-Lázaro, A., Misták, J., & Özkan, F., 2021). As such, frameworks that focus on 

optimising globally may not be aligned with the UK's new priorities of resilience, 

responsiveness and ethical compliance. 

Existing studies on the integration of AI in supply chains have, in large part, been 

focused on the results of efficiency on a global scale, with limited attention given to how 

AI can simultaneously help achieve risk mitigation and local responsiveness. Moreover, 
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most AI adoption models and frameworks, particularly those proposed by the Big Four 

(Deloitte, PwC, EY and KPMG) consulting firms, tend to focus more on global scalability 

rather than on alignment with local regulations (Teixeira, A. R., Ferreira, J. V., & Ramos, 

A. L., 2025). These frameworks, in their influence, do not sufficiently mirror the post-

Brexit considerations such as regulatory divergence, trade compliance or governance, 

which are now pushing the business jetron as part of operational continuity in the UK 

context. This challenge leaves some critical questions related to the application and 

flexibility of such frameworks for organisations operating within the UK's changing policy 

environment. 

Moreover, there is an overall lack of empirical evidence to support this relationship 

between supply chain innovation via AI and key performance dimensions such as 

efficiency, resilience and local responsiveness for UK businesses. A lot of the existing 

research around performance improvements assumes that this will automatically occur 

without looking at the mediating/influencing role of performance improvements with 

regards to innovation practises and measurable outcomes within a supply chain. There are 

also no contextualised, comprehensive frameworks available to assist managers in making 

informed strategic determinations regarding investments in and governing AIs. 

In addition, aspects of ethical and governance issues related to the deployment of 

AI, including algorithmic transparency and accountability, are underexplored in a supply 

chain context. These issues of oversight can jeopardise the strategic effort towards the 

sustainability of AI-based transformation efforts. The paucity of research combining AI 

governance, risk management and local responsiveness in a single conceptual model means 
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that both academics and practitioners have an incomplete picture of how to operationalise 

AI for long-term resilience in the UK. 

1.3 Purpose of Research  

This study will look for ways that Intelligent (AI) can strategically implement the 

enhancement of Supply Chain Innovation (SCI) in the post-Brexit UK while attempting to 

maintain an effective balance between efficiency, risk management, and local 

responsiveness. This study is meant to generate insight into the challenges that 

organisations in the UK grapple with in their bid to operate within a highly dynamic legal 

and economic environment. Practical tips for infusion, adaptation, resiliency, and 

compliance inculcation into supply chain systems are also provided. This is research which 

aims to accomplish two things: one theory and the other is practical. It is attempting to 

contribute to the increasing volume of knowledge about the supply chain's transformation 

by AI through a study of how it makes decisions better and innovates, thus resulting in 

performance leading to efficiency, resilience, and responsiveness. In doing so, this research 

will be very instrumental in the explication of the strategic role that AI has in the 

transformation of supply chain operations and governance structures under the ever-

changing business context of the UK. From a practical point of view, the study aims to 

develop a strategic, but implementable, plan towards which organisations located in the 

UK can swear by in order to infuse the use of AI in their supply chain management 

operations. It will help companies to manoeuvre within a regulatory complex while 

ensuring risk and performance management in the dynamic local market and policy 

environments. The findings of this research shall furthermore be benchmarked with the 



17 | P a g e  
 

supply chain innovation frameworks of the Big Four consulting firms (Deloitte, PwC, EY 

and KPMG) to establish how such models already tested can be remodelled to suit the 

particular post-Brexit scenario in the UK, for assured global competitiveness on the one 

hand, while enabling local relevance on the other hand. 

1.4 Significance of the Study  

This study is of high academic, practical and policy interests as it attempts to fill in a very 

critical gap on how AI can be strategically used to transform SCI in the post-Brexit UK. 

Political, economic and regulatory changes all over the world have added up to a clamour 

for adaptive, resilient, technologically enabled supply chains. This makes research such as 

this relevant - and indeed urgent - for scholars, practitioners and policymakers who are 

benchmarking as they endeavour to deal effectively with comparable transformations. 

Significance in Learning  

The research found in this paper contributes to the combination of knowledge between AI 

driven innovation, supply chain management and strategic governance. Most of the 

existing research literature does not provide specific examples of how AI contributes to 

increased efficiencies and operational agility by providing improved service levels through 

AI applications. Additionally, very few empirical studies have identified how AI 

technologies have been strategically integrated into supply chains under the new realities 

in the UK after Brexit. Hence, data that has emerged from this study offers a new body of 

knowledge supporting academic discussions on the potential role that AI can play on 

determining supply chain performance metrics; encompassing efficiency, resilience and 

local responsiveness within fluid regulatory environments and global market uncertainty. 
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Furthermore, conceptual foundations derived from the previous frameworks offer a means 

of advancing academic discussions on this phenomenon (i.e., AI enabled supply chain 

transformation) at the national level. 

Real-World Significance  

On the practical side, it shall be able to develop an actionable context-specific framework 

that would guide the infusion of AI in supply chain management as a tool toward enhancing 

firm performance while managing risks under new regulatory standards for UK firms who 

are currently involved in reconfigurations of their supply chains as a move to mitigate 

challenges emanating from the post-Brexit environment. These frameworks will be 

subjected to a comparative evaluation and benchmarking exercise between frameworks of 

Deloitte, PwC, EY, and KPMG, the Big Four consulting This exercise is going to bring out 

strengths and weaknesses, as well as to which localisation has occurred in extant global 

models. This derived framework would thus show a path of ethically as well as effectively 

integrating AI with digital transformation towards competitiveness as well as sustainability 

for UK managers and decision-makers.  

Understanding How Policies Affect Us  

At the policy level, this study is supposed to inform a policy based on evidence regarding 

the responsible implementation of AI and sustainable innovations in the supply chain 

ecosystem of the UK. To reiterate, AI highlights factors about increased compliance, 

resilience and transparency that could be thought about by policymakers and governmental 

bodies, respectively, policies that are linked to national objectives on digitalisation and 

sustainability.  
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1.5 Scope and Limitations  

The object of this study is to clarify what can be done via AI to establish strategic 

frameworks for supply chain innovations (SCI) by balancing efficiency, risk management 

and local responsiveness in the context of the UK having exited the EU (Brexit). It is 

positioned in the context of the current business environment created by regulatory, 

logistical and trade changes, both as a result of and following Brexit; the continuous and 

ever-changing nature of the business environment in the UK creates challenges and 

opportunities for businesses in the UK, thereby necessitating the development of more 

adaptive and resilient strategies for the supply chain. Hence, this research is deliberately 

configured to define the nexus of AI capabilities and the strategic transformation of the 

supply chain in this particular environment. 

The geographical scope of this research is limited to the UK, which is a unique 

environment because of the process of stepping out of the European Union and subsequent 

reorganisation of trade and regulatory systems. This national context is perfect for an 

exploration of how AI can assist organisations to ensure they remain competitive with 

others, while also having to respond to local compliance requirements. In terms of 

industrial focus, the study focuses on UK-based organisations involved in supply chain 

management, logistics and consultancy, especially those that have ties with or are 

influenced by the Big Four consulting firms, i.e., Deloitte, PwC, EY and KPMG. These 

firms have set up AI-enabled frameworks and structures of their supply chains that offer a 

point of reference in terms of strategic applicability and localisation to the UK (Ismaeil, 

2024). Conceptually, the research focuses on practical strategic and managerial 
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applications of AI in the governance of supply chains rather than on technical or algorithm 

development. The focus is on the role of AI in facilitating data-driven decision-making, 

innovation, and resilience. Temporally, the study takes a cross-sectional perspective to 

offer a snapshot of what is happening in the post-Brexit environment, taking it into account 

that conditions surrounding the case of AI adoption and supply chain innovation are subject 

to continual evolution. 

Although a strong and contextually based understanding will be developed by this 

research study, it is important to acknowledge a number of limitations that are present. The 

first limitation is that the study only examines the context of the UK, so the findings may 

not be directly generalisable to countries or regions with different regulatory, trading or 

political systems than those found in the UK; therefore, the findings will primarily apply 

to countries currently going through some type of structural transition or trade transition. 

A second limitation, regarding data sources and the sample of respondents (i.e., members 

of supply chain and consulting professionals located in the UK), is that this may also limit 

some aspects of sample representation. Due to differences between the organisation's size, 

industry type and digital maturity, there could be variances in perceptions around AI's 

strategic role, which could limit the universality of the findings. 

The benchmarking process of the four major consulting firms is another 

drawback.Although these models are recognized worldwide, they are designed for a larger 

viewpoint of worldwide effectiveness and economies of scale, and therefore do not provide 

the appropriate benchmark for the issues related to smaller or medium-sized organisation 

types at the local level.Because this study is cross-sectional in nature we have only 
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examined a snapshot in time and have not accounted for changes in the technology created 

by AI on a longitudinal basis or future changes in the policies affecting AI 

technologies.Undertakings in advanced technology develop rapidly and change with 

respect to regulations related to international trade, and thus the application of the findings 

will also develop or change as well. 

1.6 Research Questions and Objectives  

Research Questions 

This study will address the way artificial intelligence has been used in England to drive 

innovation along the key components of success in supply chains, which are efficiency, 

resilience and local responsitivity. The research will assess how effective the Big 4 AI 

strategies are at helping companies to create problems and perform activations of AI-

assisted supply chain managers and what limits exist in relation to the UK. In addition, it 

will look into whether AI serves as an intermediary between global supply chain 

innovations and results from these innovations, and also explore which governance 

mechanism (adaptable, collective, or digital) has the most important role in facilitating the 

successful implementation of AI based, sustainable supply chain innovations within the 

UK. 
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Research Objectives 

RO1: To critically analyse the impact of AI on supply chain innovation and assess its effect 

on organisational performance, with particular reference to improvement in efficiency, 

building up resilience, and better local responsiveness. 

Discussion: This study will examine the intervening role of AI in linking innovation 

practices to measurable supply chain outcomes, based on the conceptual framework that 

outlines the key relationships and underlying dynamics. 

RO2: To critically assess and revalidate the output of (RO1): how AI-driven supply chain 

innovation enhances organisational performance through improved efficiency, resilience, 

and local responsiveness) for examining AI’s intervening role in linking innovation 

practices to measurable outcomes and benchmarking these insights against Supply Chain 

Innovation Frameworks of the Big Four consulting firms. 

Discussion: This objective cross-checks findings of RO1 with those of the Big Four 

Frameworks of AI Innovations to see where it aligns or does not align contextually. It 

comes in to evaluate the AI Maturity (as a critical interchange variable), recalibrating the 

relationship between innovation and performance. Through synthesising these industry 

standards, this study further defines the contribution that AI can make towards bringing 

local responsiveness, efficiency and resilience to the UK supply chain landscape. 
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CHAPTER II:  

REVIEW OF LITERATURE 

2.1 Introduction 

In recent years, global supply chains have experienced their greatest disturbing 

from new technologies, geopolitical tensions, and shifts in patterns of trade. In response to 

this, AI supply chain solutions have begun fundamentally changing visibility, as well as 

predictability and decisiveness across complex networks. Predictive analytics at a high 

level, among other opportunities brought about by AI-based technologies include 

automation and intelligent optimisation, which improve disruption sensing and opportunity 

realisation for firms, besides enabling them to reconfigure the way they operate instantly 

when changes take place. This has transformed SCI into a techno-enabled dynamic process 

that brings strategic decision-making processes together with agility and resilience. 

There is growing pressure on organisations within the UK to realign their supply 

chain structures and governance mechanisms in response to the replacement of the UK's 

membership within the European Union with that of being outside following Brexit. 

Among other effects, Brexit has impacted cross-border trade, brought back regulatory 

complexity, and highlighted an acute shortage of labour due to the cessation of free 

movement across the European Union (Jucyte, A., Kumar, V., & Ruan, X., 2021). All these 

challenges have thus exposed how inadequate traditional efficiency-centric supply chain 

models are and have shifted increasing demands for frameworks that balance efficiency 

with risk management and local responsiveness (Hendry et al., 2019). Research indicates 
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that there are more food, pharmaceutical, and logistics supply chain disruptions as a result 

of border delays, new compliance procedures and inefficiency in logistics. 

The literature also highlights the increasing strategic position when it comes to the 

solution of these challenges of AI-enabled supply chain systems. Studies suggest that the 

use of AI applications can increase the supply chain agility, create better collaboration and 

resilience, and support continuous functioning with uncertainties. AI-driven analytics and 

automation are a part of realising the benefit of dynamic capabilities, i.e. sensing, seizing 

and transforming, that enables companies to adapt well to environmental turbulence 

(Hendry et al., 2019). This theoretical alignment separates AI as a key factor of 

organisational adaptability, and at the base of the change of the supply chains into smart 

and reactive ecosystems. Moreover, the context post-Brexit has added new concerns 

relating to digital governance and ethical compliance/regulatory adaptation. Similarly, Al 

Kahtib, Alghababsheh and Khattab (2025) suggest that incorporating AI capabilities into 

supply chains improves operational efficiency. Despite the mounting evidence of the 

benefits of AI, there is still a significant gap in the current frameworks of the UK in terms 

of the interplay between efficiency, resilience and local responsiveness in terms of supply 

chain innovation. The Big Four consulting firms   Deloitte, PwC, EY, and KPMG   have 

come up with global models for AI-enabled transformation, but often these have been 

designed for scale and have been insufficiently contextualised to the UK's post-Brexit 

regulatory environment. 
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2.2 Theoretical Framework  

To develop an academic foundation, this literature review has considered several 

established theories which collectively identify AI-enabled supply chain innovation and 

dynamics in the UK context. The theories offer conceptual depth and help to understand 

the interpretation of efficiency, risk management, and local responsiveness as key 

dimensions of SCI. 

Supply Chain Performance Theory (SCP Framework) 

The Supply Chain Performance Measurement (SCPM) framework provides a basic 

theoretical insight into how supply chain outcomes, particularly operational efficiency, 

resilience, and local responsiveness, can be systematically gauged and enhanced. 

According to SCPM, supply chain performance is not an isolated measure but rather a 

multidimensional concept with both quantitative and qualitative indicators that judge the 

extent to which a supply chain has achieved its strategic objectives. (Akyuz & Erkan, 2010) 

emphasise that supply chain performance measurement is a developing multidimensional 

research area requiring frameworks that integrate quantitative and qualitative indicators to 

align operational outcomes with strategic objectives. Building on earlier conceptual models 

(Gunasekaran et al., 2004), such frameworks are intended to help firms systematically 

assess and enhance supply chain efficiency, resilience, and responsiveness. 

Within this framework, operational efficiency is defined as the ability of the supply 

chain to maximise the use of resources, minimise costs, and deliver products and services 

on time. Systematic reviews of performance measurement frameworks state that metrics 

used in measuring efficiency typically include cost per order, inventory turnover, lead 
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times, and cycle times; such elements reflect how well processes are executed under certain 

constraints (Gunasekaran et al., 2004). The resilience and risk management dimension 

under SCP frameworks reflects a supply chain’s capability to anticipate, absorb, and 

recover from disruptions while maintaining operational continuity. Digital initiatives 

strengthen supply chain power and transparency, which in turn improve resilience (Li, 

Chen, & Guo, 2025). Recent empirical studies demonstrate that digital transformation 

plays a critical role in enhancing these capabilities by strengthening supply chain power 

and transparency, thereby improving firms’ capacity to manage risks effectively and build 

long-term resilience. Consequently, resilience within modern supply chains has emerged 

as a strategic outcome that mitigates uncertainty and secures competitive advantage.  

Local responsiveness is the third performance outcome under SCP frameworks, 

whereby agility in adjusting to region-specific market demands and regulatory 

environments becomes a competitive necessity. Recent research on supply chain 

responsiveness highlights how firms leverage technologies and organisational processes to 

manage rapid changes in customer requirements, regulatory compliance, and delivery 

expectations (Singh, Soni & Badhotiya, 2019). Therefore, SCPM provides an integrated 

theoretical approach that links strategic supply chain capabilities not only with broader 

organisational goals but also with their performance outcomes.  

Performance measurement frameworks also take into consideration how 

Information Technology's role fits into the overall performance of the supply chain 

(aggregate) supply chain based on already established empirical data showing that it is 

advanced digital systems and analytics that provide increased visibility and therefore 
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improved coordination throughout the supply chain; providing evidence supporting the 

connection of these types of metrics to performance (efficiency) and output 

(responsiveness). By combining Artificial Intelligence (AI) enabled innovation with this 

SCPM framework, it further validates the argument that supply chain (SC) performance 

outcomes are not only a measure of running operations, but they also capture the SCs' 

ability to adapt strategically to the changing environment around them. This is especially 

true in complex environments such as the United Kingdom after the referendum on exiting 

the European Union (Brexit), requiring organisations to offer a combination of efficiency, 

resilience, and responsiveness to the local regulatory environment, to maintain their 

competitive advantage. 

Technology Acceptance Model (TAM) 

A complementary micro-level perspective, the Technology Acceptance Model 

(TAM) describes the determinants of user adoption behaviour; specifically, the selection 

of the extent to which individuals assess the need for using (the usefulness viewed by the 

innovation) and ease of use of digital technologies. Within the context of SCI, TAM is 

highly relevant in explaining the managerial perceptions and behavioural intentions in 

decision makers to select and use AI tools for critical functions such as predictive analytics, 

compliance monitoring and real-time disruption management. Focusing on cognitive 

assessments of major stakeholders in the organisation, this model helps to offer much-

needed insight about the successful implementation and institution of technology within 

fast-changing business spheres. 
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Dynamic Capabilities Theory (DCT)  

Dynamic Capabilities Theory (DCT) is a theory developed by Teece, Pisano, and 

Shuen (1997), which is about the ability of any given organisation to rearrange and 

reclassify its capabilities and resources as a result of an ever-changing environment. 

Despite traditional resource-based perspectives where the emphasis is laid on resource 

accumulation that takes place in less dynamic ways, DCT pre-empts the activities in which 

firms identify the opportunity, exploit and convert their existing capabilities in the 

realisation of a competitive advantage. Under the domain of supply-chain innovation, DCT 

clarifies how companies can execute their dynamic abilities, including the tendency to 

innovate, risk management, and responsiveness to local market needs, using strategic 

adjustments that ensure perennial sustenance and competitiveness. It has been noted that 

the theory is particularly relevant in the volatile milieus, like the post-Brexit United 

Kingdom, where businesses will get to quickly adjust their strategies to changing 

regulations and market forces. The ability to absorb new technologies, e.g. AI, and 

continuously adjust their operational frameworks means that firms have increased ability 

to predict disruptions, increase their ability to utilise their resources and remain 

operationally responsive. So, the DCT can offer an important view by which firms create 

and hold a competitive edge based on constant learning, innovation, and agility in 

responding to uncertainty (Gao, 2025). 

These three theoretical frameworks help to offer a comprehensive, multi-level lens 

to analyse AI-driven Supply Chain Innovation (SCI). The TOE Framework involves the 

macro level of the environment and organisational factors, whereas the TAM addresses the 
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micro-level acceptance of the user regarding new technology. In turn, DCT forms the heart 

of an understanding that explains how firms dynamically marshal these technological 

adoptions to build resilience as well as support a competitive advantage, albeit in the midst 

of discontinuities in environments such as post-Brexit UK. 

Theoretical grounding  

While there are several theoretical perspectives that provide valuable insight into 

the adoption and innovation of AI, for the current research, the main theoretical foundation 

is the Dynamic Capabilities Theory (DCT). The decision of choosing DCT is based on 

three important considerations that make it most suitable for the context, the objectives and 

the conceptual focus of this study. 

First, DCT gives a contextually relevant explanation of the way in which firms 

achieve and maintain competitiveness in dynamic environments. The post-Brexit UK 

supply chain landscape is characterised by regulatory volatility and uncertainty in the 

market, along with global trade reconfiguration. DCT focuses directly on these realities by 

explaining how organisations continuously make sense of opportunities and seize them 

through innovation, and reconfigure their resources and processes in response to external 

shifts. This contrasts with static views of organisations, such as RBV; DCT can capture the 

adaptive and evolutionary nature of organisational performance. 

Second, DCT provides for theoretical alignment with AI-empowered innovation. 

AI technologies naturally create an environment for the three dimensions of dynamic 

capabilities by providing enhanced data-driven sensing capabilities, capabilities to make 

quick decisions and to dynamically change resources in real-time. This makes DCT 
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especially suitable for investigating the operationalisation of strategic adaptability in 

supply chain systems using AI. 

Finally, DCT plays an integrative role that links information about the TOE and 

TAM models. Whereas TOE explains the condition of environmental and organisational 

factors shaping the adoption of AI, and TAM focuses on the individual level of accepting 

technology, DCT extends this to depict how this translates to strategic transformation and 

measurable performance outcomes. Thus, DCT become the theoretical backbone of this 

research that guides the conceptual framework as well as relates AI-enabled innovation 

with efficiency, resilience, and local responsiveness performance dimensions. 

Dynamic Capabilities Theory (DCT)  

The DCT is used as the key theoretical foundation for this research, which offers 

an explanatory framework for how organisations adapt, innovate and maintain competitive 

advantage in a volatile environment. Originally articulated by Teece, Pisano and Shuen 

(1997), the theory was developed as an evolution of the Resource-Based View (RBV), 

which emphasised the possession of valuable, rare, inimitable and non-substitutable 

resources as the basis of sustained competitive advantage. While the RBV provided a static 

view of competitiveness, DCT developed this view by emphasising the ability of the firm 

to integrate, build and reconfigure internal and external competences in response to fast-

evolving environments. This changed position represented a theoretical move from the 

possession over orchestration of resources, placing your adaptability and innovation at the 

heart of organisational survival and performance. 
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Teece, Pisano and Shuen (1997) referred to dynamic capabilities as the ability of a 

firm to "achieve new and innovative forms of competitive advantage" by renewing its 

competencies in response to environmental change. The central tenet of DCT is that the 

external environment is dynamic and turbulent, and it is necessary for organisations to 

constantly sense the opportunities and threats in the environment, take advantage of them 

through timely decision making and reconfigure their resources to keep them abreast with 

the changing dynamics of the external environment. In further development, Teece (2007) 

and Teece, Peteraf and Leih (2016) further build upon these foundations by 

operationalising DCT into three whirling processes: sensing, seizing and reconfiguring. 

Sensing is the identification and evaluation of the emerging opportunities and risks, seizing 

is the mobilisation of resources and their execution to obtain the value and reconfiguring 

is the continuous transformation of the organisational assets and processes to maintain the 

competitiveness. These dimensions all underscore the evolutionary and learning oriented 

nature of firms operating under uncertainty. 

In the structure of contemporary supply chain management, DCT provides a 

significant theoretical lens on understanding the manner in which organisations respond to 

disruptions and turbulence emanating from the external environment. There is an exposure 

of supply chains to conditions of volatility in the markets, regulatory uncertainties, and 

shifts in geopolitics that pose a continuous requirement for adaptation. Scholars such as 

Stadtfeld, G. M., & Gruchmann, T. (2024) suggest that dynamic capabilities are not only 

rare but also patterned and replicable practices that help firms to respond effectively to 

changes in external conditions. In terms of supply chain literature, such capabilities are 
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translated into the ability to detect problems, coordinate along the networked partners, and 

reconfigure processes in real time to ensure continuity and resilience. Thus, DCT looks 

beyond efficiency-based models of supply chain management to emphasise strategic 

responsiveness and innovation as key determinants of long-term performance. 

The emergence of AI has brought a major change to the operationalisation of 

dynamic capabilities. Contemporary studies have recognised the role of AI as a strategic 

enabler which increases a firm's capability to sense, seize and reconfigure via data-driven 

intelligence and automation (van de Wetering, 2025). AI-based analytics enable better 

sensing by detecting patterns in large datasets to balance the risks, such as identifying 

market shift, demand shift, or even making it easy for the firms to envisage a change in 

demand. Similarly, AI boosts seizing capabilities, which are numerous and consist of the 

ability to make quick decisions based on predictive insights and intelligent automation, 

minimising delay time between detection and action. Finally, AI reinforces reconfiguring 

by enabling flexible reinforcement of resources, this flexible process of redesigning 

processes, and by providing real-time coordination across distributed networks (van de 

Wetering, 2025). Via this integration, AI operationalises the theoretical essence of DCT, 

providing them with agility, learning and resilience in the operation of the supply chain.  

In the context of the post-Brexit UK, the relevance of DCT is even more marked. 

Brexit has created a new trading, regulatory, and labour environment for the UK, bringing 

a level of complexity and uncertainty for supply chain operations unlike ever before. The 

ability to adapt quickly enough to new regulatory parameters, logistic conditions and 

fluctuating market conditions now determines organisational survival. Applying the lens 
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of DCT, firms in the UK need to build dynamic capabilities to be "sensitive to sensing 

regulations and market developments and to find opportunities to capitalise on 

opportunities such as reshoring or regional diversification and reconfigure their networks 

and resources, ensuring their resilience". The integration of AI technologies into such 

processes is a practical mechanism to strengthen such dynamic capabilities with the 

transformation of traditional supply chains into intelligent and adaptive ones with 

capabilities of sustained performance in uncertain environments.  

To conclude, the changing nature of global supply chains indicates that there will 

be an increased role for digital transformation as a key driver for innovation and resilience. 

Companies around the globe are increasingly embracing the use of cutting-edge 

technologies to improve supply chain visibility, coordination, and responsiveness. The 

most significant emerging technology within this context is artificial intelligence (AI), 

which acts as an important driver of data-driven decision-making, predictive analytics, and 

flexibility in operations. By leveraging AI in their supply chain operations, companies can 

move from a traditional process-driven focus to a more intelligent and responsive system 

capable of managing uncertainty and volatility within the marketplace. The ongoing 

evolution of the world’s supply chains into interconnected digital ecosystems demands new 

approaches to business methods and practices. The growing significance of AI-based 

innovations makes it easier for businesses to remain competitive, provide opportunities for 

collaboration with other stakeholders, and react efficiently and effectively to global 

disruptions as well as local market needs. Correspondingly, this evolution creates an 
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excellent opportunity to assess how digital transformation, coupled with the 

adoption/implementation of AI, is transforming the supply chain ecosystem. 

2.3 Digital Transformation and AI Adoption in Supply Chain Ecosystems 

The digital transformation of the supply chain ecosystem has become one of the 

defining trends of the 21st century. It has transformed the way organisations create, deliver, 

and maintain value across a globalised but increasingly fragmented market. Digital 

transformation, broadly conceived as the integration of cutting-edge technologies into 

organisational processes and strategies, is not merely technological upgrading but a 

fundamental restructuring of business models, decision-making mechanisms, and inter-

organisational relations (Büyüközkan and Göçer, 2018). Digital transformation enables 

companies to improve their agility, resilience, and innovation across their value chains, as 

global shocks have exposed the vulnerability of standard efficiency-based models. 

Advanced technologies give an organisation access to accurate prescient information, 

immediate responses, and adaptive learning abilities that will enable firms to improve their 

interconnected supply chain networks. 

Supply chain ecosystem digital transformation refers to the implementation of 

technologies such as AI, Internet of Things (IoT), Blockchain, Cloud Computing, and Big 

Data Analytics concurrently to develop digitally integrated and smart supply networks 

(Kadam & Vaidya, 2025). Among these, therefore, AI could be viewed as a cognitive 

engine interpreting data for optimisation decisions and process automation. For instance, 

applications based on AI can evaluate supplier performance dynamically in line with 

market demand variations, identifying bottlenecks and dynamically adjusting procurement 



35 | P a g e  
 

or logistics operations. The change is not just moving Supply Chain Management from 

reactive to proactive, but further going to predictive and prescriptive. This results in a better 

understanding of risks that firms can take on new emerging opportunities and resource 

reconfiguration, careers fitting well under the capabilities enunciated by DCT. 

Globally, the adoption of AI has redefined the approach to organising supply chain 

ecosystems by widening the perspective through operational efficiency, strategic 

integration, and innovation capability. AI automation easily eliminates decisions, which 

leads to low transaction costs as well as downtimes due to predictive maintenance, as 

depicted by (van de Wetering, 2025), thus speeding up operations and making them 

reliable. It brings all partners within the supply chain by offering a data-driven 

collaboration platform, hence increasing transparency at a higher level as reported by 

(Yusuf et al., 2025). Also, real-time information for continuous improvement and new 

product development, plus resource allocation support, is provided. This indicates that 

supply chains are no longer linear or hierarchical entities but dynamic, data-driven 

ecosystems that adjust to changes in market and environmental conditions. 

The adoption of digital technologies in the context of digital transformation is not 

a mere technological process but rather an organisational and cultural change. Scholars 

argue that the major determinants of success in digital transformation efforts are the 

alignment of technology with strategy, leadership involvement, digital maturity, and 

employee readiness (Mikalef and Krogstie, 2020). Firms miss out on the transformative 

leverage that can be gained when technology is fully integrated into their strategic decision-

making frameworks by treating digitalisation as nothing more than an operational tool. 
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Also, the level of digital maturity determines how fast and effectively new technologies 

are adopted. Robust data infrastructures, organisational intelligence and cross-functional 

collaboration abilities to maximise digital capabilities are better planned by mature firms 

(Mikalef and Krogstie, 2020). Immature firms, particularly SMEs, still mull over issues 

regarding funding inadequacies, quality of data, and the general lack of skills in the area of 

digitalisation.  

In the UK context, digital transformation has become a matter of necessary strategy 

post-Brexit. Agile and data-driven systems in supply chain management that can 

accommodate new trade barriers, documentation requirements, and regulatory 

complexities underscore what was brought to light by the exit of the UK from the EU 

(Roscoe et al., 2020). At the centre of such transformation is increasing reliance on AI 

among UK businesses as part of their efforts in using predictive analytics, digital twins, 

and intelligent automation amidst uncertainty to sustain competitiveness. Indeed, 

government programs such as an AI Sector Deal and Digital Strategy 2022 further 

institutionalise the infusion process for adopting AI technologies within logistics, 

manufacturing, and retail activities (UK Government, 2022). Such policies incentivise 

firms to invest based on data. The focus is on ethical use of AI, cybersecurity and 

sustainability. 

The road ahead towards full-scale adoption of AI in the UK supply chain 

ecosystems is rather rocky. Quite to the contrary, big business leads in all fields of AI 

Integration. This is mainly because it is often company surplus AI or globally connected 

from consultancy companies. Small businesses have been left behind due to a lack of 
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resources and skills. This digital divide risks structurally positioning capabilities and the 

competitiveness of the supply chain landscape. There exists cultural resistance against 

digital transformation as well as data security, algorithm accountability, and employment 

displacement in the adoption process. All these blocks indicate how important it is for the 

tech growth pace to begin setting up rules under ethics, law, and social aspects of AI 

governance. 

From a tactical view, brain-driven digital change can also help boost cross-

organisation teamwork and ecosystem creativity. In a setup of digitally linked settings, 

value creation relies more than ever on the ability of firms to grow with partners and the 

sharing of information openly across levels of supply chains. AI helps by adding smarts to 

info sharing, supplier risk, and progress checks through spread systems. For UK firms who 

want to keep their edge in trade after Brexit, it is the dangers in breaking up trade and 

encouraging flexible strength that such joint types of digital ecosystems can assist them to 

tackle. 

2.3.1 AI and Global Supply Chain Innovation   

Three main pillars underlie the global development of AI-based Supply Chain Innovation 

(SCI): obtaining operational efficiency, improved risk management, and local 

responsiveness. A study using national case studies will provide a very limited view of the 

strategic use of AI to increase the competitiveness of supply chains by evaluating 

information about developing economics within an aggregate economic region. 

This global view, often parsed across major insights buckets- Asia-Pacific, EMEA, North 

America, and LATAM helps spot the prevailing strategic foci as well as regional variations 
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in how AI tech gets applied to governance, plus resilience challenges. Only such a method 

can take one from local observations to something that would count as globally relevant 

patterns of SCI development. 

Region: Asia-Pacific Key Scholarly Insights / References : 

(Amosu et al., 2024), (Chowdhury, Limon, & 

Rahman, 2024) 

Efficiency Focus Risk Management Focus Local Responsiveness 

Focus 

Extensive use of AI-driven 

demand forecasting, 

inventory optimisation, 

and supplier performance 

analytics to reduce 

production delays and cost 

overruns. 

Predictive modelling for supply-

disruption mitigation and 

logistics resilience following 

pandemic-related shocks. 

Moderate responsiveness 

achieved through regional 

customisation and supplier 

collaboration within 

manufacturing clusters. 

Region: EMEA (Europe, Middle East & 

Africa) 

Key Scholarly Insights / References : 

(Kusuma Kumari et al., 2025), (Fernández-

Miguel et al., 2025) 

Digital transformation 

integrating AI with 

compliance monitoring, 

Emphasis on regulatory-driven 

governance and ESG-aligned 

High focus on legal 

conformity and cultural 

adaptability to 
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blockchain traceability, 

and sustainability metrics. 

risk frameworks in response to 

EU and UK policies. 

heterogeneous markets 

within the EU and post-

Brexit UK. 

Region: North America Key Scholarly Insights / References : 

(Thenmozhi & Krisknakumari, 2024), 

(Rainer, Richey, & Chowdhury, 2025) 

AI is utilised for logistics 

routing, warehouse 

robotics, and cost-to-serve 

analytics, enhancing 

process efficiency. 

Strong orientation toward 

predictive risk profiling, supplier 

diversification, and resilience 

planning. 

Limited localisation; focus 

remains on standardisation 

for scalability across multi-

state operations. 

Region: LATAM (Latin America)  Key Scholarly Insights / References : 

(Thenmozhi & Krisknakumari, 2024), 

(Roque Júnior et al., 2025)  

Emerging adoption of AI-

enabled automation in 

logistics and inventory 

management for cost 

efficiency in volatile 

markets. 

Developing frameworks for 

supply-risk identification and 

credit-risk monitoring across 

resource-dependent industries. 

Increasing emphasis on 

local sourcing, community 

partnerships, and policy 

compliance amid 

institutional constraints. 

 

Table 2.3.1: Global Evolution of AI-Driven Supply Chain Innovation 
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Over the past decade, AI has emerged as one of the leading enablers of global SCI 

with the ability to revolutionise the manner in which organisations design, manage and 

optimise their operations in increasingly volatile environments. The integration of AI 

technologies and technologies such as machine learning, natural language processing, 

predictive analytics and autonomous optimisation has transformed the capabilities of 

modern supply chains to be more intelligent, responsive and strategic in adaptation 

(Mohammed, 2023). Unlike the traditional models of supply chains being built by 

eliminating excesses and saving costs for a linear system, the innovative model of AI-

powered decision making, with the power of dynamic data, allows for making better 

decisions on flexibility, transparency, and resilience. It followed on down the line that AI 

is no longer defined as a technological facilitator, but more so a strategic innovation driver 

to the success of an organisation in the delivery of sustainable competitive advantages 

within industries globally (van de Wetering, 2025). 

The transformative impact that AI can play in global supply chain systems can be 

viewed through its ability to facilitate visibility, prediction and automation. AI-based 

analytics improves visibility for the supply chain by converging and interpreting intricate 

data sets from diverse sources for accurate anticipation of disruptions and customer 

demand by firms (Yusuf et al., 2025). For example, real-time data on transportation routes, 

weather conditions and supplier performance are able to feed into AI algorithms embedded 

in logistics networks and at more granular levels, such as routes and schedules, to make 

predictions on potential bottlenecks and proposed adaptive responses, such as those 

recommended by these algorithms. This predictive capability promotes operational agility 
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to proactively handle uncertainties like demand fluctuation, geopolitical instability or 

shortage of supply factors that have become a hallmark of increasingly characterising the 

post-pandemic and globalised economy.  

Other than prediction, AI inspires decision-making and process optimisation, thus 

inspiring AI and innovation. Intelligent automation, together with reinforcement learning 

AI enables supply chain systems to autonomously fine-tune adjustments and optimise 

results based on continuous feedback. Supply chain management thus shifts from 

descriptive analytics to prescriptive analytics, thereby changing the domain of supply chain 

management from a reactive problem-solving domain to a proactive innovation domain. 

Moreover, integration of AI in the design of supply chains supports strategic flexibility, in 

which organisations are able to test novel configurations, markets and technology, to 

continue to stay competitive (Culot, Podrecca & Nassimbeni, 2024). Such capacity of 

adaptability is key in the context of disruptions like the one now thrown down by the global 

pandemic Covid-19, which has brought to attention the fragility of efficiency-oriented 

models of supply chain management and highlighted the strategic value of AI-enabled 

models of resilience and responsiveness.  

At a strategic level, the AI has to support innovation in the field of supply chain 

(SCI) through three mechanisms that are intertwined knowledge generation, operation, and 

collaborative integration. First, AI supports the construction of data-driven knowledge 

ecosystems, where knowledge from real-time analytics helps to associate innovation and 

strategic alignment between organisational boundaries (Shen, 2026). Second, AI helps in 

the transformation of operations by automating routine processes, minimising human 
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errors and speeding up the cycle times. Third, AI promotes the collaborative integration of 

supply chain partners through synchronisation of information flows and a digital platform 

for cooperative planning, risk sharing and performance measurement. These capabilities 

taken together reinvent global supply chains as learning, evolving and innovating cognitive 

networks.  

Challenges, however, come in the way of realising such a transformative potential 

that AI can have in global supply chains. This has been articulated through barriers 

involving data silos, technological immaturity, cybersecurity problems, and organisational 

resistance to change by the literature (Suganda & Judijanto, 2023). Big tech firms are 

aggressively implementing AI technologies, while small and medium enterprises regularly 

face financial and skill-based constraints as a barrier to implementation. These differences 

indicate the need for an inclusive framework and governance approach to support ethical 

and context-specific AI integration at scale. The enhanced scholarly inquiry into the 

process of governing strategically assimilated AI further supports this dimension since it 

underlines that attaining SCI through AI does not only depend on adopting related 

technologies and capabilities but also the capacity of relevant firms to integrate such 

associated AI into their strategic decision-making processes (Mikalef and Krogstie, 2020). 

2.3.2 AI and Supply Chain Innovation in the UK Context 

Brexit, or more particularly, the exit of the UK from the European Union, will 

become a milestone in redesigning and operating national as well as international supply 

chains. It brought to light the structural weaknesses of existing models of supply chains 

since changes in trade rules, customs protocol, labour mobility, and market access were 
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exposed, which had long relied on practices within the EU systems (Kaloyanova, 2023). 

Disruptions have increased pressure for innovation, adaptive and technology-based supply 

chain strategies by firms in the UK. Such an evolving environment has put forward AI as 

a significant source for supply chain innovation for building more resilience, gaining 

compliance, and getting firms to be responsive under conditions of heightened complexity 

(Roscoe et al., 2020). 

The long-term impacts of Brexit are more than just border checks or tariffs; it is a 

redefinition of the way dynamic operations take place in a wide array of sectors, from 

manufacturing to logistics, healthcare and food supply. Labour market restrictions have 

induced skill shortage and regulatory disintegration throughout Europe (Milne Ives et al., 

2020). These have disrupted the networks that were supplying firms with the needed inputs 

and have compelled the companies to change their method of operation toward 

regionalisation and localisation. Firms also compete in another dimension: this triadic 

balance between efficiency and resilience (and responsiveness) that has become the 

defining challenge imposed upon post-Brexit supply chain management. Thus, it can be 

found at a supply chain competing not only for being efficient but also for being resilient. 

In this respect, therefore, it is relevant to note that AI technologies have 

transformational capacities toward the new challenges being raised. Therefore, by adopting 

Predictive Analytics, Intelligent Automation Compliance and Crisis Monitoring, AI will 

deliver disruption anticipation, automated compliance process and dynamic adjustments to 

the changing regulatory environment and market cycles. The investment into AI in UK 

supply chains results in enhanced sensing capabilities (such as detection of newly emerged 
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trading obstacles or alterations in consumer demand) as well as seizing opportunities 

(automatic decision making and resource optimisation). In addition, AI enhances 

reconfiguring capabilities by allowing companies to simulate different supply chain 

scenarios, to optimise logistic routes as well as new sourcing alternatives. These 

presuppose very closely what has been viewed under DCT in terms of the firms' ability to 

adapt and reorganise resources under situations of uncertainty (Teece, Pisano & Shuen 

1997). 

Empirical evidence in the UK has shown emerging use of AI-powered systems 

across industries to improve supply chain innovation. For example, big retailers and 

logistics companies have adopted forecasting models with AI to control demand 

fluctuations and risks of cross-border trade. Similarly, manufacturing companies have been 

using quality control systems enabled by AI technology and digital twin technology to 

maintain the efficiency of production despite constrained supplies. Applications of AI in 

the transport and storage sectors have also impacted visibility and coordination among 

multimodal networks because of the stringency that new fragmented supply rules have 

brought. These advancements are part of how the might of AI-driven innovation can be 

used to maintain not only business continuity but also strategic agility, placing firms in the 

UK who are ready to deal with regulatory turbulence found within a post-Brexit economy. 

A further major dimension that matters in the landscape of the UK is the 

incorporation of AI into its supply chain governance and compliance with ethical standards. 

As regulation takes an increased share of attention, companies have to maintain high 

standards relating to aspects such as data protection, trade compliance, and environmental 
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sustainability (Gilbert et al, 2023). In this respect, AI plays a great role in latching 

compliance checks for maintaining adherence to these standard practices within automated 

compliance checks, resulting in transparency at supply network levels. 

These promising advancements notwithstanding, a wide disparity continues to exist 

across industries and firm sizes in the way AI is adopted within UK supply chains. Reports 

indicate that large multinational firms which operate partnerships with global consulting 

organisations-Deloitte, PwC, EY, and KPMG-are at the forefront of adopting AI. However, 

SMEs face constraints of low financial resources, inadequate digital knowledge, and 

cultural resistance toward any change in technology (Cao, Duan & Edwards, 2025). This 

digital divide has important implications for the overall competitiveness of the UK 

economy since SMEs are a very large part of the national supply chain activity. Therefore, 

there is a great demand for context-specific frameworks that will make the adoption of AI 

inclusive and at scale while ensuring regulatory alignment and ethical integrity. 

Furthermore, several frameworks that exist currently in academia and in practice 

do not adequately represent the localised nature of AI-led supply chain innovation in the 

UK. Global models put forward by the Big Four consultancies, such as the Cost to Serve 

framework by Deloitte or the Glocalisation strategy by PwC, offer profound insights but 

fail to account for those changes fit for post-Brexit realities, such as regulatory divergence, 

border complexities, etc. These frameworks, whilst successful at the international level, are 

not sufficiently adapted to the particularities of the UK in terms of governance structures 

and policy environment. This disconnect calls for an empirical and conceptual gap in the 
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literature, the need for an AI-enabled and unified strategic framework which balances the 

needs of the global best practices with the local regulatory responsiveness. 

2.4 Supply chain performance outcome 

The modern supply chain world is defined by a continuing tension between an 

emphasis on efficiency, the need for risk management and resilience, and the strategic need 

for local responsiveness. Historically, worldwide supply chain models were developed 

primarily with the view to optimising efficiency through cost reduction, lean operations 

and just-in-time logistics. However, in recent times, due to worldwide disruption such as 

the Covid-19 pandemic, Brexit and geopolitical conflicts, the vulnerabilities of such 

efficiency-driven systems have become evident, and we can now see how over-

optimisation has come at the expense of resilience and adaptability (Aldrighetti et al., 

2021). As a result, companies are now rethinking their approaches to supply chain 

management, searching for the ideal balance to combine operational efficiency, preventive 

management of risks and reactivity to local regulatory and market conditions. 

The Efficiency Reliability Tradeoff 

Efficiency in the sense of supply chain management usually means the capacity to 

minimise costs and streamline the operation, to ensure the best possible utilisation of 

resources with consistent performance in terms of delivery (Christopher and Peck, 2004). 

Techniques such as lean management, demand forecasting and just-in-time production 

have been features of efficiency-based design of the supply chain. However, these same 

practices, if sufficiently good under stable conditions, often are not very flexible and render 
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the microsystem more vulnerable to disruptions. (Aldrighetti et al., 2021) Systems 

optimised for cost and speed are structurally fragile when hit by shocks. 

Resilience, which is often used interchangeably with risk management, refers to a 

supply chain's ability to anticipate, absorb, recover from, and adapt to disruptions (Sheffi, 

2021). The literature emphasises that resilience is not merely reactive but increasingly 

proactive, requiring firms to have dynamic capabilities that enable them to reconfigure 

resources and processes rapidly and in response to changing environments (Teece, Peteraf 

and Leih, 2016). In this sense, efficiency and resilience are not mutually exclusive but form 

an interdependent relationship and have to be strategically balanced. AI has become an 

important enabler in this balancing process by enabling predictive intelligence, scenario 

planning through simulations and monitoring of the situation in real time in order to 

optimise both cost and continuity. 

AI contributes to efficiency due to automation and predictive analytics, optimising 

inventory and transportation expenses, and by making supply chains more resilient through 

forecasting risks and making decisions (Singh, Chatterjee & Mariani, 2024). For instance, 

AI-driven models can be used to imitate disruption scenarios, such as failure of suppliers 

or transportation delays and recommend alternative strategies before the real disruption 

even happens. Such predictive adaptability is in line with the DCT, but it is especially 

related to its sensing and reconfiguring dimensions, which allow organisations to sense and 

adapt in a dynamic way. 
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Role of the Local Responsiveness 

While the issues of efficiency and resilience have been articulated in most cases in 

global terms, local responsiveness has been gaining growing visibility as supply chains are 

having increasing attachment to the regulatory and cultural contexts of various regions. In 

the post-Brexit setting of the UK, localised responsiveness has taken on an added level of 

importance as a result of changing trade regulations, labour market challenges and differing 

regulatory requirements (Roscoe et al., 2020). Local responsiveness describes an 

organisation's ability to adapt its supply chain activities to specific needs of local markets, 

regulations and consumers, without compromising strategic coherence throughout its 

global network (Mishra, Gupta & Jha, 2024). 

AI plays a role in the local responsiveness by the ability of granular data analysis, 

adaptive logistic planning and customised production strategies. For example, machine 

learning algorithms can be used to analyse data about the market in a certain location and 

predict what the consumer behaviour is going to be or what possible compliance risks are 

going to be in this jurisdiction (Yusuf et al., 2025). Also, AI backs up decentralised moves 

by sharing quick facts with area heads so they can act fast on local changes in need or rules. 

This spread of smarts helps quickness as much as it does duty, key traits for firms fighting 

through the mess of post-Brexit trade. 

The concept of glocalisation has been massively pushed by PwC (2021) as a 

concept in trying to capture the duality between global efficiency and local responsiveness. 

It, therefore, underscores an insight into how AI-based analytics and automation stand 

ready to assist firms in the accomplishment of world coordination with adjustments to local 
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realities. Therefore, for UK firms, glocalisation is a practicable way of competing within 

fragmented trade systems using AI to arbitrate between global standardisation and national 

adaptability. 

Bringing Efficiency and Risk Management Together and Making Communities 

Responsive. Achieving a sustainable balance between these three dimensions, efficiency, 

resilience (risk management) and responsiveness, requires an integrative strategic 

approach. Scholars such as (Singh, Chatterjee & Mariani, 2024) have postulated that the 

digital transformation by AI can be said to be the "bridging mechanism" between 

operational efficiency on one hand and strategic resilience and responsiveness on the other. 

By permitting supply chain coordination through data, AI permits organisations to 

minimise waste and losses whilst also ensuring the agility to pivot, always in a crisis. 

For example, in predictive analytics, a company uses a predictive algorithm to 

optimise the efficiency of its logistics processes by forecasting demand and optimising 

supply; prescriptive algorithms enable quicker responses, allowing the company to identify 

vulnerabilities and prescribe actions to mitigate those risks; and adaptive systems support 

local responsiveness, enabling the company to tailor its decisions to the context in which 

it operates. Together, these applications demonstrate that AI is a dynamic balancing tool 

that allows firms to continuously recalibrate their performance priorities in response to 

changing environmental conditions (Yusuf et al., 2025).  
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Strategic Implications in the context of the UK 

In the post-Brexit UK supply chain management ecosystem, finding the balance 

transcends operational optimisation and leans more toward strategic planning. Brexit has 

caused a disruption in the traditional supply routes, together with new barriers being 

introduced to compliance and increased volatility in both demand markets and labour 

(Kaloyanova, 2023). AI will assist UK companies in mitigating these risks through 

automated compliance, advanced warning of changes to regulation, and simplifying the 

coordination of operations within different regions. In addition, through digital twins and 

scenario modelling, firms can plan for various Brexit-related contingency scenarios so that 

sudden events do not hinder them from carrying on business activities (Roscoe et al., 2020). 

However, this balance is still difficult to operationalise. Many UK organisations are 

still investing in short-term measures to be more efficient, neglecting long-term resilience 

of their operations and local adaptation strategies (Cao, Duan & Edwards, 2025). As per 

the literature, the key to reaching a real equilibrium lies in a change of mindset of managers, 

from the old philosophy of efficiency focus and optimisation to adaptive orchestration, in 

which SEC, through AI-enabled decision making, combines cost efficiency with resilience 

and contextual flexibility (Sheffi, 2021). 
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2.5 Conceptual Framework  

Figure 1:  Conceptual Framework. Source: created by the author. 
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Hypothesis 

H1 Hypothesis: AI-enabled supply-chain innovation is positively associated with supply-

chain performance outcomes (operational efficiency, risk management/resilience, and local 

responsiveness) 

H2 Hypothesis: AI adoption and maturity act as an intervening variable, influencing the 

relationship between AI-enabled supply chain innovation and supply chain performance 

outcomes. 

Conceptual Framework 

This research designates a conceptual framework solely based on the Dynamic Capability 

Theory (DCT), which is the foundation on which the research aims to develop a model to 

investigate how AI facilitates Supply Chain Innovation (SCI) for improved organisational 

performance in the post-Brexit UK context. According to DCT, as put forth by Teece, 

Pisano, and Shuen (1997), the competitiveness and long-term success of a firm are 

dependent upon its ability to not only sense opportunities successfully, seize them 

effectively, and reconfigure internal and external resources to the environmental 

turbulence. This framework creates a strong bedrock on which to understand how UK 

organisations can use AI to build resilience and efficiency and be more locally responsive 

in an uncertain and rapidly changing environment. 

Conceptual Model Overview 

The conceptual model, presented in Figure 1 has AI-enabled Supply Chain Innovation (A) 

as the independent construct. This is by three dynamic capability dimensions: sensing, 

seizing and reconfiguring. These are mechanisms through which firms can use the potential 
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of AI technologies: first by finding opportunities and risks, then by mobilising and acting 

on resources to harvest value while mitigating disruptions, and finally by continuously 

realigning their operational structure and relationships to maintain performance. In 

synthesis, these capabilities explain how AI empowers organisations to preempt challenges 

through market conditions or any regulatory changes by repositioning their strategies and 

structures. 

The dependent construct (B), Supply Chain Performance Outcomes, is conceptualised 

under three dimensions of efficiency, resilience, and local responsiveness. Efficiency 

reflects the optimisation of resources, reduction in cost and better process management 

through the use of AI-driven automation and analytics. Bouncing back after disruptions in 

the supply chain, Resilience describes the capacity to predict, absorb and recover from 

interruptions, while local responsiveness refers to the agility with which firms adjust their 

operations and compliance mechanisms to their particular market and policy environment, 

including changes related to post-Brexit developments. These dimensions represent the 

outcomes of AI-enabled innovation, collectively and combined, which deals with the DCT 

view that dynamic adaptation is the key to sustainable competitive advantage. 

Between these two constructs lies the mediating variable (C), which determines the extent 

to which AI is embedded within the strategy, operations and culture of an organisation, AI 

Adoption and Maturity. Within the DCT lens, AI adoption and maturity form the 

operational pathway of realising and bringing dynamic capabilities into measurable 

performance outcomes. The framework assumes that the higher the levels of AI maturity, 

the more robust an organisation's ability to effectively sense opportunities, seize 



54 | P a g e  
 

opportunities by rapidly making decisions, and reconfigure processes to respond to external 

shocks or opportunities. 

The conceptual framework is organised using two key hypotheses, which are directly 

related to the research aims of the study. The first one (H1) discusses when AI-enabled 

supply chain innovation directly and positively affects supply chain performance outcomes 

(A -> B). This formulates the direct influence of dynamic capabilities on performance in 

terms of the emphasis that the capabilities of AI, sensing, seizing, and reconfiguring 

exercise in order to increase efficiency, resilience, and responsiveness. The second 

hypothesis (H2) proposes that the relationship between AI-enabled supply chain innovation 

and supply chain performance outcome is mediated by AI adoption and maturity (A -> C -

> B). This suggests that the maturity of AI within an organisation brings a greater impact 

on the innovation capabilities, by converting them into greater and more consistent 

improvements in performance. 

The conceptual framework enables the placement of DCT at its centre, showing how AI 

complements the role of a strategic enabler of dynamic capabilities in the supply chain 

ecosystem. Through sensation-driven by AI, firms can determine real-time changes in 

market conditions and regulatory requirements. Through seizing, AI helps in much faster 

data-informed decision-making and optimum resource allocation. Through reconfiguring, 

AI makes it possible to continuously redesign processes and make them flexible to sustain 

stability in the change. In the post-Brexit UK, where regulatory, economic and logistical 

challenges continue to exist, these dynamic capabilities are essential for maintaining 

competitiveness and ensuring continuity of the supply chain. 
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2.6 Literature Review Gaps  

The perusal of available literature shows several significant gaps, which are very 

much warranted for carrying out this research. Although there have been some studies of 

the transformative role of  AI on global supply chains, there is still a paucity of 

understanding on how AI-enabled SCI can play a strategic role in improving efficiency, 

risk management, and local responsiveness in the post-Brexit UK. The following key gaps 

have been identified: 

(a). Contextual Gap: Limited UK Market Research on AI-Enabled Supply Chain 

Innovation 

Existing research on AI in supply chain management has tended to be done from 

global or generalised perspectives, offering a limited understanding of the unique 

regulatory, economic, and logistical issues the organisations are dealing with in the post-

Brexit United Kingdom. The post-Brexit environment has fundamentally changed the 

design of UK supply chains, with additional complexities such as trade friction, compliance 

barriers and market volatility being introduced. Despite these unique challenges, most AI-

enabled strategic frameworks, especially those promoted by global consulting businesses, 

have been developed with international scalability and operational efficiency in mind and 

with little tailoring to the UK's developing trade and governance systems. 

There is, therefore, a major contextual gap in comprehending how AI-enabled Supply 

Chain Innovation (SCI) can be strategically aligned to the local regulatory and market 

realities in the UK. In particular, there is a lack of a unified strategic framework that 

integrates the key components of efficiency, risk and local responsiveness (i.e. Supply 
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Chain Innovation - SCI) to their entirety, including the full integration of AI-powered 

governance and sustainability with operational performance. This gap highlights the need 

for research that creates a context-specific, DCT-based framework that can explain how AI 

can help UK organisations to sense changes in their environment, to take advantage of 

emerging opportunities and help to reconfigure resources to deliver their colour in the post 

Brexit landscape. 

(b). Theoretical Gap: Limited Research Work on DCT-Based AI Adoption in Supply 

Chains 

While Dynamic Capabilities Theory is a firm base on which to build understanding of 

organisational adaptation and innovation in turbulent environments, its relevance and 

application in AI-enabled supply chains are underdeveloped. Existing studies frequently 

talk about the role of AI in general terms, but do not have direct connections with sensing, 

seizing and reconfiguring competencies that characterise dynamic adaptability. A 

theoretical gap therefore exists in showing how AI operationalises such dynamic 

capabilities to drive sustainable supply chain performance outcomes such as efficiency, 

resilience and local responsiveness. 

(c). Empirical Gap: Lack of Research in AI Maturity as an Intervening Variable 

Although the adoption of AI has been widely recognised as a performance driver, few 

studies have considered the extent to which AI maturity mediates the link between supply 

chain innovation and organisational performance. The maturity of the integration of AI, 

including definitions on technological maturity, data governance and strategic alignment, 

plays a critical role in how successful the translation of innovation practices into 
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measurable results is. The lack of such empirical evidence is a major research gap which 

hinders knowledge about how AI maturity improves or restricts strategic performance. 

2.7 Conclusion 

This chapter has critically reviewed and synthesised the existing body of literature 

concerning AI-enabled SCI with a particular focus on its relevance to the post-Brexit UK. 

The evolution of supply chain thinking has been captured in a review that moves from 

efficiency-driven supply chains to more adaptive, resilient and technology empowered 

supply chains. Across the global and national context, AI has been recognised as the 

transformative force that boosts data-driven decision making, builds strong predictive and 

adaptive abilities as well and fosters the development of agile and response-oriented supply 

chain systems. 

The review found that the DCT provides a solid theoretical framework for 

understanding the capabilities of organisations to sense changes in the environment, 

identify opportunities, and reconfigure the organisation's resources in order to remain 

competitive in volatile environments. Within this theoretical lens, AI is an enabler acting 

as a critical piece, operationalising these dynamic capabilities using predictive analytics, 

intelligent automation and continuous learning. However, while this theoretical potential 

is proven, current research has not fully considered the way in which these mechanisms 

will work within the changing regulatory and economic landscape of the UK, which has 

occurred as a consequence of Brexit. 

The analysis of literature also showed that although the Big Four consulting firms, 

i.e. Deloitte, PwC, EY and KPMG, have launched globally recognised AI-based 
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frameworks for supply chain transformation, they are not locally adapted to the UK 

context. Moreover, aspects of responsible AI, data governance and ethical compliance are 

often considered secondary and not integral components of strategic supply chain 

innovation. This suggests a crucial gap between the application of technological progress 

and the application of principles of accountability, transparency and sustainability that are 

fundamental to twenty-first century expectations of governance in the UK. 

From this review, four important gaps have been identified:  

(a) the dearth of UK-specific studies relating to AI-enabled supply chain innovation 

post Brexit.  

(b) the poor integration of DCT and AI mechanisms in theory. 

(c) the absence of empirical evidence on AI maturity as an intervening variable. 

(d) a lack of exploration of responsible AI and data governance within strategic 

frameworks.  

For this reason, addressing these gaps is the major motivation and contribution of this 

research. 
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CHAPTER III:  

METHODOLOGY 

3.1 Overview of the Research Approach 

This chapter highlights the research methodology adopted to achieve the objectives 

of this study, which investigates how AI can be strategically used to improve SCI in post-

Brexit UK. It outlines the guiding principles for conducting this study, including 

philosophies assumed in research, research design, data collection methods, sampling 

methods, analytical procedures, and ethics. Methodological choices have been made to 

ensure coherence, for example, a coherence between the research problem, the conceptual 

framework that is based on DCT and the research purpose and double focus of the research, 

which is to quantitatively measure and qualitatively explore the AI-enabled strategic 

frameworks in supply chain management. 

The study applies an explanatory sequential mixed methods approach where the 

quantitative and qualitative methods are applied to handle the complexity of AI adoption 

and impact on organisations. The first phase of the research was quantitative and used a 

structured questionnaire that was distributed using Google Form to three hundred (300) 

supply chain professionals from the Big Four companies, including Deloitte, PwC, EY and 

KPMG, who work in the UK. The survey was based on a five-point (1-5) Likert scale, and 

was designed to statistically determine the relationships suggested in the conceptual model 

through analysing the effects of AI as it influences dynamic capabilities (sensing, seizing 

and reconfiguring), as well as just how these influence organisational performance 

dimensions, which include efficiency, resilience and local responsiveness. The data has 
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been analysed with Structural Equation Modelling (SEM) with the software SmartPLS 4.0 

in order to quantify and evaluate the relationships between the constructs (direct, indirect 

and mediating).  

Before beginning the qualitative part of the research, preliminary statistical results 

from the quantitative phase were given to twenty-one (21) professionals in the industry, 

who were then invited to be part of the semi-structured interviews. This served a two-fold 

methodological function, in that it: (a) introduced participants to the key findings from a 

qualitative perspective; whereas (b) provided a practitioner-based process for validating 

the statistical results against actual managers' realities. The output from SmartPLS 4.0 for 

the structural model was displayed in a concise manner. It included all principal path 

coefficients, R² Values, and identified meaningful relationships between AI adoption, 

dynamic capabilities (sensing, seizing, and reconfiguring), and organisational 

performance. Participants were provided with the opportunity to examine the findings on 

their own before the one-on-one interviews. After providing the findings in a structured 

discussion at the beginning of each session, professional reflections were sought relating 

to the validity of the quantitative findings, the practical relevance of the quantitative 

findings, and the thoughtful interpretation of the quantitative findings. The study's 

methodological robustness was enhanced by using a sequential explanatory mixed-method 

design (quantitative-qualitative inquiry). The quantitative phase established statistically 

significant relationships and theoretical propositions (structural equation modelling). The 

qualitative phase was deliberately designed to extend those results by exploring managers’ 

interpretations of those results, contextual subtleties surrounding them, and experiential 
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confirmations of those interpretations. This design sequence improved the study’s internal 

validity by allowing the empirical patterns identified in the quantitative model to be 

examined through practitioners’ perspective, thus increasing the theoretical coherence of 

the model with its practical application. Although participants in the twenty-one (21) 

interviews were overwhelmingly supportive of the quantitative results, they were not at all 

supportive of modifying either the structural model or the way it is to be interpreted. They 

also affirmed that the adoption of AI positively affects the company's ability to sense new 

business opportunities, seize those opportunities, and reconfigure its business in order to 

exploit them. They supported the tradeoff between efficiency and local responsiveness that 

was noted in the United Kingdom supply chain environment. This additional evidence 

provided a strong practitioner-oriented confirmation of the hypothesised relationships. By 

demonstrating that the statistical relationships support not just theory but also managerially 

meaningful results, this revalidation process enhanced the research's empirical legitimacy. 

In addition, the sequential blending of qualitative and quantitative phases enabled 

methodological triangulation and enhanced the explanatory strength of the study. 

Therefore, the qualitative inquiry augmented and contextualised the quantitative results 

rather than existing independently from them, thus ensuring that the qualitative inquiry and 

quantitative results were coherently integrated into the DBA research design, thereby 

reinforcing the research design's overall rigour. 

Following the quantitative phase, a qualitative analysis was done to gain more 

insight into the patterns and relationships that were found statistically. This phase included 

having semi-structured interviews with twenty-one (21) industry experts and professionals 
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who are involved in AI for supply chain transformation. The qualitative data were analysed 

using NVivo 12 software, which was utilised to assist in organising the interview 

transcripts systematically, as well as coding and categorising interview transcripts. The 

software allowed for the identification of recurrent themes, relationships, and patterns that 

comply with the dimensions of the conceptual framework (sensing, seizing, and 

reconfiguring). Through NVivo 12's software query functions, the study also compared 

coded themes across the respondent groups to highlight some differences in perception and 

strategic responses. The analysis was based on the six-phase thematic analysis, which was 

suggested by Braun & Clarke (2006). This latter, interpretative phase was to examine the 

managerial perceptions, strategic challenges and governance practices experienced through 

taking up AI to marry the numerical results with real organisational experiences. 

The combination of both methods means understanding the comprehensive 

approach to the phenomenon through a quantitative result, a measurable relation and a 

qualitative result, contemplation and explanation with practical interpretation. This 

methodological integration aligns with the pragmatic philosophy of research, whose 

concern is about the practical consequences and context of research rather than sticking to 

any methodological paradigm. 
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3.2 Research Purpose  

This study has sought to explore the role that Supply Chain Integration supported 

by AI plays concerning changes in organisational performance in the post-Brexit UK. Its 

focus is on how approaches supported by AI facilitate balancing these dimensions of 

performance relating to risk and local responsiveness, which is an important factor in 

sustaining a competitive edge amidst changes and increasing complexity within a business 

environment. 

The overarching aim is to build an AI-enabled strategic framework reflecting the 

way organisations in the UK can embed AI into their supply chain operations as part of a 

strategy to drive greater innovation, resilience and responsiveness and which is consistent 

with global best practice, such as the Big Four consulting firms-Deloitte, PwC, EY and 

KPMG proposed. 

This research is thus guided by the following objectives, which form the basis for 

the central research inquiries: 

Research Objectives 

RO1: To critically analyse the impact of AI on supply chain innovation and assess its effect 

on organisational performance, with particular reference to improvement in efficiency, 

building up resilience, and better local responsiveness. 

RO2: To critically assess and revalidate the output of RO1, examining how AI-driven 

supply chain innovation enhances organisational performance by analysing AI’s 

intervening role in linking innovation practices to measurable outcomes and benchmarking 
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these insights against Supply Chain Innovation frameworks of the Big Four consulting 

firms. 

3.3 Research Design 

The research design is the structural foundation of this research, in which the logical 

sequence of how the research objectives are addressed with the empirical evidence is 

systematically collected, analysed and interpreted. Given the complex and 

multidimensional nature of the research problem, looking at the role of  AI in enabling 

supply chain innovation & improving organisational performance within the post-Brexit 

UK, a mixed-methods research design was adopted. This approach has allowed for a 

combination of empirical measurement alongside interpretive understanding and therefore 

allowed for the opportunity to understand in depth how AI-driven innovation can 

contribute to efficiency, resilience and local responsiveness in UK supply chains. 

The study is one that employs the approach of mixed methods because of the need 

to reach quantitative validation and qualitative contextualisation as the goal of the research. 

The first objective aims at the critical analysis of the impact of AI on the innovation of the 

supply chain and its effects on performance outcomes, and in particular efficiency, 

resilience and local responsiveness. To this end, a quantitative approach was applied to the 

measurement and testing of the relationships between key variables with the help of a 

structured questionnaire. The second objective consists of a critical appraisal and 

confirmation of the quantitative findings through examination of the role of AI in between 

and comparing its findings to recognised frameworks of Big Four consulting firms, i.e 

Deloitte, PwC, EY and KPMG. This resulted in the application of qualitative analysis in 
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order to gain access to the insight and depth of the experts, which led to a practical and 

interpretive understanding of the phenomena. A combination of quantitative and 

qualitative information in this research, therefore, assures methodology triangulation, 

resulting in the addition of richness, reliability and rigour in the research findings. 

The research design method that is to be adopted is the explanatory sequential 

design that emphasises the quantitative phase before the qualitative phase. In the first 

phase, the data were collected from Three Hundred (300) respondents based on a structured 

survey by using the internet-based platform named Google Form (Google form) (refer to 

Appendix A: Questionnaire and Appendix B: Interview Guide) The survey comprised a 

five-point (1-5) Likert scale aimed to measure opinions of adoption of AI, dynamic 

capabilities of sensing, seizing and reconfiguring and their relationship with organisational 

performance outcomes. The collected data were analysed using Structural Equation 

Modelling (SEM) in the data analysis tool SmartPLS 4.0, in which the research was able 

to analyse the strength and directionality of the relationship between constructs as well as 

test the validity of the conceptual model. The quantitative analysis created a foundation for 

understanding the statistical relationships between capabilities enabled by AI and how they 

impact the results of supply chain performance. 

Following the quantitative phase, the second phase of the study utilised a qualitative 

approach in order to better understand the patterns that were emerging from the statistical 

findings. Semi-structured interviews were conducted with industry professionals, supply 

chain experts and technology managers to acquire some of their experiences and views 

about AI integration in supply chain systems (refer to Appendix B: Interview Guide). The 

https://docs.google.com/forms/d/e/1FAIpQLSd_zak-c0rkfMiJGvhUMrR7NRJ-ZyVjJDV8Dxd54w9iugeEiA/viewform
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qualitative data were analysed using the NVivo 12 software in a Six (6) step process (for 

the thematic analysis, see Braun and Clarke, 2006). This approach helped to identify key 

themes, relationships and patterns that helped to explain and interpret the quantitative 

findings. The qualitative phase additionally enabled the possibility of comparing empirical 

findings using the framework of global models used in the leading consulting firms to 

ensure the proposed model is practical in the UK context. 

The research is based on a pragmatic paradigm, which favours methodological 

pluralism and puts value on the use of various approaches to best approach the research 

objectives. Pragmatism is especially amenable to such a study in that it allows for positivist 

but also interpretivist approaches to such studies, and therefore for the objective 

measurement and the subjective interpretation to come into a single coherent framework. 

The pragmatic position also fits into the foci of the study of producing actionable 

knowledge, which should be theoretically informed and also relevant for practice in 

organisations working in dynamic and uncertain environments. 

Integration between the quantitative and the qualitative aspects of this study occurs 

both at the design and at the interpretation. The results obtained as a result of the 

quantitative phase informed the development of the qualitative phase interview framework 

in order to ensure that areas that warranted further explanation and/or validation were 

explored in depth. Subsequently, qualitative findings were then used to interpret, explain 

and contextualise the statistical relationships and provide a comprehensive understanding 

of how the AI-driven capabilities influence the supply chain performance. This is an 
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integrated approach which adds more validity to the research results as it checks the results 

across different methods. 

3.4 Population and Sample 

The sample in this study is selected from the UK economy's different sectors in 

which various professionals carry out supply chain-related functions. It includes 

manufacturing, logistics, retail, consulting and technology people; essentially every sector 

uses and applies more and more AI in their operational and strategic decision processes. 

The selection of this population is purposive because of the perception of the emergence 

of supply chain innovation enabled by AI as a force changing the rules of the game in a 

post-Brexit environment to best fit the study. Managerial and operational perspectives that 

go into how performance and competitiveness are getting impacted by AI-driven 

innovation in the supply chain ecosystem across the UK are what the sample tries to 

represent. Simple random sampling is used in order to have representativeness, whereby 

every individual of the population has the same chances of being selected. This eliminates 

selection bias and enhances results generalisability since it helps ensure that the sample 

depicts the typicity of variations of experiences and organisational contexts that happen to 

exist within the wider community of the UK supply chain. Random sampling suits this 

study the most because it goes hand in hand with its quantitative research objective of 

finding some generalisable relationships between Al adoption, SCI and performance 

outcomes within the context of the pragmatic paradigm, which supports a mixed 

methodology design. The sampling is done in the quantitative stage by participating three 

hundred people with the help of structured questionnaire via Google form. This had three 
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major parts: demographic information about the respondents, measures of AIs allowed for 

dynamic capabilities (sensing, seizing, and reconfiguring) and measures of organisational 

performance (efficiency, resiliency, and local responsiveness). Five measurement items per 

construct rated from "strongly disagree" to "strongly agree", which would allow expressing 

the attitudes and perceptions towards AI for supply chain innovation statistically by 

quantifying them. A sample size of three hundred (300) respondents is adequate support in 

carrying out SEM with the data analysis tool SmartPLS 4.0 software because it adequately 

supersedes the minimum number of samples that is recommended for conducting 

multivariate analysis for results that are powerful and statistically reliable. In the qualitative 

phase of this study, a total of twenty-one (21) semi-structured interviews were held with 

professionals who have responsibilities regarding the areas of supply chain management, 

operations and technology inside organisations based within the UK. The people 

interviewed were selected randomly from a population of supply chain practitioners. Such 

a composition guarantees diversity in terms of perspective and context as these 

professionals are part of industries such as manufacturing, logistics, retail and consulting. 

The number twenty-one (21)  is sufficient to take the study to where no more is popping 

up or saturation of themes is present in the data; however, it gives a level of depth for 

analysis that is adequate. Besides, it also allows for getting a rather nuanced understanding 

of how AI is implemented in different organisational contexts towards improving supply 

chain performance as well as adaptability. Quantitative and qualitative samples describe 

the approach as mixed methods since it is primarily about empirically measuring the 

relationships between major constructs, which have contributed to the study, and 
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interpretive knowledge of what was underlying and contributing to these relationships in 

terms of contextual factors. Simple random sampling assured objectivity of the choice of 

people to enter the study and hence the credibility of the findings. The variety has brought 

additional strength required to produce proven results that are broadly representative of the 

UK supply chain environment. 

Sample Size Justification 

The number of respondents (N = 300) of the quantitative phase was determined 

using methodological guidelines regarding structural equation modelling (SEM) using 

SmartPLS 4.0 software. According to Hair et al. (2021), a minimum number of respondents 

for each indicator variable or two hundred (200) valid respondents, should be collected to 

reach statistical power, model validity and generalisability of model findings. Therefore, a 

sample of Three Hundred (300) will not only go above the minimum threshold but will 

also have enough representation from the different sectors of the UK supply chain to make 

the analysis more robust and reliable. The size selected allows estimation of parameters 

and medium to large effect sizes to be estimated with acceptable confidence levels. 

For the qualitative phase, Twenty One (21) semi-structured interviews were 

conducted, which is appropriate according to Creswell and Poth (2018), with about Fifteen 

to Twenty Five (15-25) respondents for thematic analysis. This number was considered 

sufficient for achieving data saturation - where no new insight or themes were coming from 

additional interviews - but sufficient in terms of depth and diversity across industries such 

as manufacturing, logistics, retail and consulting. The combination of the Three Hundred 

(300) quantitative and twenty-one (21) qualitative respondents thus provides a balance 
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between statistical rigour on the one hand, and contextual minute detail on the other. This 

fits with the mixed-method approach helps contribute to the validity and the interpretive 

depth of any research findings 

3.5 Participant Selection 

Since it was necessary to apply a purposive sampling approach in determining the 

respondents of this research, the study has ensured that the respondents/interviewees 

selected have actual professional experience and working knowledge of adoption and 

supply chain management principles linked to AI in the context of the UK. As this research 

is expected to investigate the development of supply chain innovation and performance by 

using AI-enabled frameworks in a post-Brexit environment, there is little doubt that the 

research respondents will need to possess an active role associated with functions related 

to logistics, procurement, operations, planning or technology integration. Therefore, 

purposive sampling was implemented in order to determine who may provide quantitative 

information for statistical modelling as well as qualitative information for interpretive 

analysis.  

Simple random sampling was employed in the selection of the respondents in the 

quantitative and qualitative phases. This is because the method manifests equal probability 

of consideration of every eligible participant within a target population to be considered 

within the study, hence reducing selection bias and increasing representativeness. The 

professional networks, industry associations, and LinkedIn connections of professionals 

working in the field of supply chain and technology based in the UK, were utilised to 

produce a sampling frame. Invitations were digitally sent through email and online 
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channels to as many respondents as possible from different consulting firms in different 

industries. 

Inclusion criteria for the quantitative phase were set as respondents (1) currently 

employed in any organisation located within the UK, (2) involved or familiar with 

processes or transformations towards digitalisation in supply chain operations and (3) have 

access to use in their work lives any form of AI. Three hundred (300) valid responses were 

gathered through a structured questionnaire using the Google Forms platform as an 

administration platform. Random distribution of the survey ensured different 

organisational sizes and industry segments of the respondents to get a fairly balanced data 

set to perform the analysis. The sample size was sufficient to meet statistical requirements 

under Structural Equation Modelling relationships, which have adequate power for testing 

of relationships between, for example, AI adoption, dynamic capabilities and performance 

outcomes. Twenty-one (21) respondents were purposely selected from a broad cross-

section of individuals who were noted to be involved in the supply chain and had expressed 

their willingness to participate in later interviews. The technocrats were nobbled in 

encapsulating sundry industries and organisational roles - supply chain managers, 

operations directors, technology consultants and logistics coordinators. In order that the 

qualitative sample should not smack of restrictiveness to any particular sector or 

hierarchical level, but different vantage points being represented, random selection was 

adopted as an option. Each of the study respondents will be invited for a semi-structured 

interview through email or virtual or face-to-face invitations, depending on the availability 

and convenience of the respondent. This meant that it was flexible and fairly rigorous. 
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Random sampling has been used in both phases, but the participation was voluntary, too. 

Informed consent was given before the data collection exercise. Confidentiality of the 

information would be ensured by anonymising the identities of the respondents, to ensure 

that ethical standards were fully adhered to. The mix of respondents between industries 

and company sizes was also conducted to try to ensure that a wide range of experiences 

were gathered, and findings articulated to the multi-dimensional nature of AI adoption in 

UK supply chains. 

3.6 Instrumentation 

This study agreed to use two different but complementary tools for the collection 

of quantitative and qualitative data to be consistent with its research design of mixed 

methods. Multiple tools ensured methodological triangulation, both from empirical 

measurement and interpretive understanding of how AI facilitates Supply Chain innovation 

for organisational performance dimensions, such as efficiency, resilience and local 

responsiveness in the context of the UK post-Brexit scenario. Survey with fixed questions  

The structured questionnaire, as designed, was distributed through Google Forms 

for the collection of quantitative data. The questionnaire aims at measuring key constructs 

between relationships conceptualised from the conceptual framework, which include AI 

adoption, dynamic capabilities (sensing and seizing plus reconfiguration), and performance 

outcomes (efficiency, resilience, and local responsiveness). The instrument has been 

formulated in light of past literature that lies within the enforcement of AI adoption and 

supply chain administration, so as to guarantee its conceptual consistency in, as well as 

content validity.  
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There were thirty-eight (38) items in the questionnaire, which were divided into 

three major parts. In it was demographic and organisational information of the type of 

industry, size of the company, position held and years of experience with the respondent. 

Supply chain innovation facilitated via AI was elicited using indicators on the degree to 

which organisations relied on AI tools for sensing market trends, seizing opportunities, and 

reconfiguring supply chain operations. Results of performance are measured in terms of 

operational efficiency as well as risk management (resilience) and local responsiveness to 

the UK regulatory and market environment.  

Items in sections two and three used a 5-point Likert scale, 1 = Strongly Disagree 

to 5 = Strongly Agree, to elicit responses about the levels of respondents' agreement or 

their strength of feeling towards the statements. The format that was adopted was that of 

the Likert scale since this happens to be normally preferred in behavioural and management 

research practice for attitudinal data response collection as well as for the quantification of 

subjective perceptions. Ease on a structured questionnaire, which made the quantitative 

analysis possible with the aid of SEM in data analysis, SmartPLS 4.0 software, testing 

hypothesised relationships between constructs.  

Internal consistency was later tested by doing Cronbach's Alpha Reliability and 

composite Reliability values, so as to make sure that every construct is measured 

consistently. Such rigour in validation would, in turn, add valuable credibility to the 

quantitative results.  
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Human-like: Interview Guide for Semi-structured Conversations  

A semi-structured questionnaire probed the feelings, views, and tactical standpoints 

of the respondents about their ordeal with the practice of AI in UK supply chain settings. 

The tool has been keenly drawn to answer this study's second objective by providing deep 

insight and review check for validation of quantitative results through mediation analysis 

as a benchmarking insight when weighed against known frameworks, including conceptual 

frameworks provided by the Big Four consulting firms., for example and the likes of 

Deloitte, PwC, EY, and KPMG. The interview guide comprised open ended questions 

falling within major thematic areas of the conceptual framework such as: (1) degree and 

nature of AI adoption in supply chain operations, (2) perceived changes in efficiency, 

resilience, and a local responsiveness, (3) organisational challenges and enablers in AI 

implementation, and (4) governance and ethical considerations in the management of AI 

driven transformations. This format allows experience to be expressed by respondents to 

the study, whilst allowing the investigator to probe further on any particular theme that 

may arise in the course of discussions.  

Interviews lasted forty five to sixty (45 to 60) minutes and were conducted virtually 

using a secure text-based video platform (MS Teams) and in person at the preference and 

logistical feasibility of the respondents. All of the interviews were recorded with the 

consent of the respondents and then transcribed word for word onto research for later 

analysis. Recording on digital media ensures that they record the responses by the 

respondents and prevent any chances of bias or omission that can occur during 

transcription.  
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To ensure coherence and consistency of questions, all respondents were subject to 

the same basic set of guiding questions with dynamic follow-up questions added to 

expound on details specific to their context. Qualitative data were later run in NVivo 12 

software using the six phases of the thematic approach as advanced by Braun and Clarke 

2006 to include familiarisation of data, coding, theme development, review, definition, and 

reporting. Theme analysis helped triangulate some very salient patterns that spoke directly 

to the quantitative results and validated them. Checking a tool to see if it is reliable and 

valid is pretty important. Reliability involves getting the same results at the same time. 

Validity checks if it. Another issue of great methodological concern that was treated here 

is the validity and reliability of both instruments. Therefore, in order to make its content 

valid, the items in the measurement were based on validated scales which have already 

been used in relevant studies in the literature in the field of AI and supply chain 

management. Construct validity was later tested when data were analysed during factor 

loading and discrimination validity tests. The regular use of the interview guide, 

transcription, and triangulation with quantitative, would ensure the credibility and 

dependability of this qualitative instrument. Validation of the interview data by 

respondents in the process referred to literature as member checking was carried out 

whereby summarised interpretations of interview data were presented to respondents 

interviewed for them to assess how correct the understanding was. 

To ensure a tight theoretical match between the measurements used in the study and the 

theory, each section of the questionnaire was planned with theoretical foundations and 

validated scales from previous studies. This alignment ensures that all the constructs that 
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will be measured are both empirically rigorous and theoretically valid in the context of 

Dynamic Capabilities Theory (DCT) and related models on how AI or other systems are 

adopted and governed. The mapping of the parameters of the questionnaire with the 

theoretical sources that underpin them in the table. 

Types  Theory 

A. AI-Enabled Supply-Chain Innovation 
Parameters: Sensing Capability, Seizing 
Capability, Reconfiguring Capability 

Dynamic Capabilities Theory – Teece et 
al., 1997; Shamsuddoha, 2025 

B. Supply-Chain Performance Outcomes 
Parameters: Operational Efficiency, 
Resilience, Local Responsiveness 

AIES, SRS, and Responsiveness Scales – 
Zhang & Xu, 2021 

C. AI Adoption and Maturity Level AI Adoption Maturity Model – Chandra 
et al., 2000 

D. AI Governance and Ethical Compliance AI Governance Scale – Shamsuddoha, 
2025; UK Gov, 2023 

E. Sustainability and ESG Integration ESG Integration Scale – Zhang & Xu, 
2021 

F. Organisational Outcomes – 
Competitiveness and Trust 

AI Governance Outcomes Scale – Zhang 
& Xu, 2021 

 

Table 3.6.1: Theoretical Inclusion while framing the Questionnaire 

This mapping table by theory assures the existence of theoretical or empirical justifications 

for every construct of the questionnaire. This, in return, enhances construct validity and 

coherence with the conceptual framework of the research study that is based on Dynamic 

Capabilities Theory. Since validated scales that have already been proven in different 

contexts are used, this developed instrument widens the comparability and reliability of 

results while keeping theoretical consistency with previous literature on AI-related supply 

chain innovation work. 
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3.7 Data Collection Procedures 

It was decided that all data collection procedures were going to be adequate to ensure the 

rigour of the methodology, ethical soundness and consistency between the quantitative and 

qualitative phases. Since this is a mixed-method study, data is collected in the quantitative 

phase to identify the general trends and relations, while the qualitative phase tells us about 

more information about the situation in more detail and validates the statistical findings. 

This was a sequential approach that enabled triangulation of findings with an understanding 

being built of: how supply chain innovation is facilitated by AI and therefore impacts such 

performance outcomes as efficiency, resilience, and local responsiveness in post-Brexit 

UK. 

Steps for Gathering Numbers  

The quantitative aspect of this study involved taking a structured questionnaire using 

Google Forms, which was distributed through the internet to professionals who work in 

any function of the supply chain across the UK. Online sharing ensured reaching the 

process of sharing and proper management of the data collected. Sharing was done through 

contact emails, sharing of professional networks through LinkedIn groups, and sharing of 

research in industry-specific forums to reach as many potential respondents as possible. 

Simple random sampling was selected as a sampling strategy to allow each member of the 

population an equal opportunity to participate in the survey.  

The questionnaire finally has three sections: (1) demographic information, (2) measures AI 

enables dynamic capabilities (sensing, seizing, reconfiguring, and (3) measures results of 

performance (efficiency, resilience, response at the local level. Each item was rated on a 
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five-point scale, "Strongly Disagree" to "Strongly Agree." This kind of set-up made it 

possible to quantify perceptions expressed by the respondents and confirmed the use of 

Structural Equation Modelling (SEM) for analysing the data in SmartPLS 4.0 software. 

The survey remained open for a period of four weeks, with reminder sends from time to 

time. Three hundred (300) complete, valid responses were obtained. In the process of 

cleaning the data, any response that was incomplete or inconsistent was screened out to 

ensure quality data. The final dataset was then exported in Microsoft Excel and imported 

into SmartPLS 4.0 software for statistical analysis. This ensured that all the responses were 

safe and made them anonymous so as to keep the confidence and be fair with the rules of 

research.  

Ways to Gather Qualitative Information. In the wake of the quantitative stage, qualitative 

data were collected through semi-structured interviews, the major aim of which was to gain 

a deeper insight into the practical application, challenges and strategic implications of 

adopting AI in the supply chains in the UK. The interviews would again be used to re-

validate the findings of the quantitative analysis and put the results into perspective. The 

interviewees will be chosen from a larger population of supply chain professionals who 

showed their willingness to participate further in this research after participating in the 

survey using simple random sampling. It talked with 21 respondents who represented the 

consulting sectors. It reached each of them with an email and sent an information sheet 

concerning the aim of the study, how it would keep their answers confidential and their 

right to withdraw at any point in time. It requested their consent before it started talking 
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with them. These interviews took place through a secure video call using Microsoft Teams 

and in person. 

About 45 to 60 minutes were spent on each interview based on a predetermined set of open-

ended questions. Major topics in the interview guide were the role of AI within supply 

chain innovation, perceived improvements of efficiencies & resilience, challenges of local 

responsiveness, as well as governance issues of the AI-enabled transformation. The major 

flexibility offered by the semi-structured approach is that it allows for discussing emerging 

themes and, at the same time, ensures that all relevant issues have been covered. After 

taking due consent from the respondents, all interviews were audio recorded and later 

transcribed word by word for analysis. Qualitative data were organised and processed with 

the assistance of NVivo 12 software according to the framework of thematic analysis 

(Braun and Clarke, 2006). The steps included which were familiarisation of data, initial 

coding, search themes, review themes, and defining and naming themes. Theme 

development was an ongoing process which allowed key patterns to be found in the 

interviews that brought interpretive depth to the quantitative findings. 

3.8 Data Analysis 

In this dissertation, an integrated approach to data analysis was developed that used 

both quantitative and qualitative analyses to obtain a comprehensive understanding of the 

research’s defined objectives. The quantitative aspect of the analysis examined the 

relationship between AI adoption, dynamic capabilities, and organizational performance, 

while the qualitative component provided in-depth exploration of the relationships between 

these constructs within the context of their respective phenomena. The integration of both 
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quantitative and qualitative aspects of the analysis provided methodological triangulation 

and ensured that measurement and interpretation of AI innovation within the context of 

post-Brexit UK were comprehensively addressed in the research. 

Quantitative Data Analysis 

The quantitative analysis was conducted using the mean of Partial Least Squares 

Structural Equation Modelling (PLS SEM), SmartPLS 4.0 software. This analytical 

technique was selected as it is robust and can work with complex models containing 

multiple constructs, as well as small sample sizes and non-normal data distribution. PLS 

SEM was particularly appropriate for this study because it allowed us to assess the 

measurement model (validity and reliability of constructs) as well as the structural model 

(hypothesised relationships between constructs). 

The quantitative data collected from three hundred (300) respondents via an online 

questionnaire using Google Form were prepared for data analysis with the help of a data 

cleaning process. This involved the removal of incomplete or inconsistent answers, the 

correct coding of the data on the Likert scale items, and the development of a dataset which 

satisfied the analytical requirements of SmartPLS 4.0 software. 

The measurement model assessment addressed the verification of the adequacy of 

the indicators denoting each of these constructs and ensured that the items that are 

associated with each construct corresponded appropriately to the theoretical framework 

(based on the concept of dynamic capabilities sensing, seizing and reconfiguring) and 

performance of efficiency, resilience and local responsiveness. The structural model 

assessment then explored the hypothesised relationship between these constructs, with AI 
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adoption being the key independent variable affecting the dynamic capabilities, which then 

influenced the organisational performance outcomes. 

This analytical approach provided a good statistical foundation in which to test the 

conceptual framework postulated in the study. By utilising PLS SEM, we find the 

direction/soundness and strength of the relationship between constructs, and also assess the 

theoretical soundness of the proposed model relating the AI-enabled Supply Chain 

innovation to key organisational outcomes. The quantitative analysis thus provided the 

empty foundation on which the qualitative phase could build, acquiring structured 

knowledge of the relationships that were worth further investigation. 

Steps Followed for Quantitative Analysis Using SmartPLS 4.0 Software 

Figure 2: Quantitative Analysis Using SmartPLS 4.0. Source: created by the author. 
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Table 3.8.1: Keywords and their meaning 
 

Term Meaning Why It's Important 
Construct A big idea or concept you're trying to measure (e.g., 

AI Adoption, Efficiency). It’s something that can’t be 
directly seen but is important in study. 

Constructs help guide research. 
They are the core ideas that are 
being tested in the model. 

Indicator Questions or items in a survey that help measure a 
construct. Each indicator helps represent a specific part 
of the larger idea. 

Indicators tell how well a construct. 
They are the data points that give 
meaning to constructs. 

Structural 
Model 

A diagram that shows the relationships between 
constructs. It maps out how one idea affects another. 

The structural model helps in 
visualising and understanding the 
connections between the key ideas 
in research. 

Reliability 
Measure 

A test to check that indicators (survey questions) give 
consistent results over time. Common measures are 
Cronbach’s Alpha or Composite Reliability. 

Reliability ensures results are stable 
and repeatable, making findings 
more trustworthy. 

Validity 
Measure 

A test to see if you are actually measuring what you 
intend to measure. Common measures are AVE 
(Average Variance Extracted) or HTMT. 

Validity confirms your indicators 
and constructs are correctly aligned 
with what you want to study. 

HTMT Heterotrait-Monotrait Ratio—a measure of 
discriminant validity. It checks if two constructs 
(ideas) are distinct and do not overlap. 

It helps confirm that the ideas 
(constructs) are different from each 
other and not accidentally mixed 
together. 

f-square (f²) A measure of effect size that tells how much one 
construct (variable) affects another. 

f² helps you see the strength of the 
relationships between constructs. It 
tells how important each variable is 
in the model. 

Cross-Loadings How much an indicator (survey question) relates to 
different constructs. 

Cross-loadings help check if an 
indicator is measuring the right 
construct. Ideally, an indicator 
should load most on its own 
construct and not others. 

Outer Loading A measure of how strongly an indicator relates to its 
construct. It tells how well an indicator represents the 
construct. 

Strong outer loadings mean the 
indicator is a good representation of 
the construct. 

R-squared (R²) A measure of how well the independent variables 
(constructs) explain the variation in a dependent 
variable. 

R² tells how well the model 
predicts outcomes. A high R² 
means the model is good at 
predicting the dependent variable. 

Path 
Coefficients 

Numbers show the strength and direction of 
relationships between constructs. A positive value 
means one construct increases the other; a negative 
value means one construct decreases the other. 

Path coefficients show how much 
one construct influences another. 
It’s essential for understanding 
relationships in your model. 
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Reflective 
Model 

A type of model where the construct causes the 
indicators to change. In other words, the construct 
affects the answers to survey questions. 

In a reflective model, if the 
construct changes, the indicators 
(answers) will change. It’s the most 
common approach for latent 
variables in research. 

Weak / 
Negative 
Indicator 

An indicator that has a low or negative correlation with 
its construct, meaning it doesn’t measure the construct 
well. 

These indicators should be removed 
from your model because they 
either don’t measure the construct 
properly or even move in the 
opposite direction. 

Construct 
Reliability 

A measure of how consistent the indicators are in 
measuring the same construct. Examples include 
Cronbach’s Alpha or Composite Reliability. 

High construct reliability means 
indicators are consistently 
measuring the same thing, which 
makes results more trustworthy. 

Discriminant 
Validity 

A test to ensure that each construct is distinct and does 
not measure the same thing as another construct. 

It confirms that your constructs are 
separate from each other, which 
improves the clarity of research 
findings. 

 

Qualitative Data Analysis 

The qualitative analysis complemented the quantitative phase through a more in-

depth interpretive understanding of the patterns and relationships that were identified by 

statistical analysis. Data for this phase was collected as a result of twenty-one (21)  semi-

structured interviews conducted with supply chain professionals working within different 

sectors, including manufacturing, logistics, retail and consulting. The interviews were 

designed to elicit information about real-world experiences of adoption of AI by 

respondents, difficulties in the adoption and strategic approaches to negotiation of 

efficiency, resilience and local responsiveness in the post-Brexit context. 

The analysis of qualitative data was carried out using NVivo 12 software, under the 

goal of researching the 6-phase framework of thematic analysis Braun, 2010; and Clarke, 
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2006). This framework was selected because it is a systematic and flexible way of 

identifying, analysing and interpreting meaningful patterns in the qualitative data. 

The Ten steps included: 

 
Figure 3: Qualitative Analysis Steps Using NVivo 12. Source: created by the author. 

 

Thematic analysis was selected due to the fact that this research was aimed at gaining 

knowledge of underlying processes, perceptions, and meanings, other than measuring 

frequencies or proving predetermined causal relations. AI-based supply chain innovation 

is a multifaceted socio-technical phenomenon that is influenced by organisational culture, 

regulatory settings, and managerial interpretation and has to be analysed interpretively and 

flexibly. The thematic analysis is especially suitable because it can be used to investigate 

the way and reason of the introduction and utilisation of AI in practice, gather the views of 
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various executives on the topic, and reveal the recurring patterns without any significant 

contextual distinctions. Moreover, its methodological adaptability enables themes to be 

inductively drawn out of the data, although with a theoretically informative and conceptual 

correspondence to the conceptual framework of the study, thus providing both analytical 

and conceptual depth and breadth. 

Integration of Quantitative and Qualitative Methods 

The combination of both analytical phases has been carried out using the 

methodological triangulation, in which the quantitative and qualitative findings were 

compared and interpreted together in order to achieve a global understanding of the 

research problem. While the quantitative analysis gave the structural relationships and 

statistical patterns of relationships among the constructs, the qualitative analysis gave the 

contextual information of the underlying mechanisms and managerial interpretations 

behind the patterns. 

This integrative approach contributed to the robustness of the overall validity of the 

research as it ensured that the conclusions would not be made based solely on numbers put 

together but rather those convictions would be supported by the living accounts and 

strategic perspectives of practitioners in the field. By combining the analytical strength of 

the quantitative research with the interpretive capacity of qualitative research, the research 

ensured that the study would be able to provide a detailed and credible understanding of 

the impact of AI-driven innovation on the performance of supply chains in the post-Brexit 

environment within the UK. 
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The quantitative analysis was done using an in-depth analysis of a structural model 

in SmartPLS 4.0software to ensure that findings are true, reliable, and in line with the 

theory. 

The quantitative analysis used the structural model in SmartPLS 4.0 software, and 

the validity of the theoretical relationships as proposed in the conceptual framework was 

determined. Reliability and validity of all constructs, i.e. AI Adoption, Sensing, Seizing, 

Reconfiguring, Efficiency, Resilience and Local Responsiveness, were first determined 

against a measurement model. This stage has comprised examining the outer loadings, 

Cronbach's Alpha and Composite Reliability and Average Variance Extracted (AVE) of 

Indicators to test the indicator reliability and internal consistency. The discriminant validity 

was examined by using the Heterotrait-Monotrait (HTMT) ratio, whereas cross-loadings 

were analysed to check whether there is any concept overlap/misalignment across 

measuring indicators. These steps verified the accuracy of observation indicators made in 

order to measure their respective theoretical construct according to the Dynamic 

Capabilities Theory. 

Once the measurement model was examined, the structural model was tested to 

analyse the hypothesised causal relationships between the constructs. This included 

running the PLS algorithm and bootstrapping procedures to provide estimates of pathway 

coefficients, R² values and f² effect sizes, which determined both the strength and direction 

of the relationship within the model. The analysis was based on pinpointing the impact of 

AI Adoption on the 3 dynamic capabilities: (Sensing, Seizing and Reconfiguring) and how 



87 | P a g e  
 

these capabilities, in turn, affected key performance outcomes (Efficiency, Resilience and 

Local Responsiveness). 

Together, the outcome of the measurement and the structural models provided a 

statistical validation of the study's conceptual framework and a theoretical validation of the 

results. The measurement model gave the robustness of the constructs, and the structural 

model discovered the mediating role of dynamic capabilities in adopting AI to lead to better 

outcomes of supply chain performance in UK organisations. 

3.9 Analysis of RO1  

To critically analyse the impact of AI on supply chain innovation and assess its 

effect on organisational performance, with particular reference to improvement in 

efficiency, building up resilience, and better local responsiveness (Ismaeil, 2024). 

Discussion: This study will investigate the intervening role of AI in connecting 

innovation practices to quantifiable supply chain impacts from the conceptual framework 

that describes the key relationships and underlying dynamics. 
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Figure 4:  SEM Results. Source: created by the author. 
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1. Path Coefficient  

Table 3.9.1 Structural Model Path Coefficients 

Constructs Path coefficients 

AI Adoption  > Reconfiguring 0.538 

AI Adoption  > Seizing 0.567 

AI Adoption  > Sensing 0.804 

Reconfiguring  > Efficiency 0.375 

Reconfiguring  > Local Responsiveness 0.051 

Reconfiguring  > Resilience 0.423 

Seizing  > Efficiency 0.144 

Seizing  > Local Responsiveness  0.947 

Seizing  > Reconfiguring 0.404 

Seizing  > Resilience 0.398 

Sensing  > Efficiency 0.438 

Sensing  > Local Responsiveness  0.094 

Sensing  > Resilience 0.243 

Sensing  > Seizing 0.256 
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Figure 5: Path Coefficients. Source: created by the author. 
 

Interpretation of Path Coefficients:  

The results presented in Table 3.9.1: Structural Model Path Coefficients show that: 

AI Adoption has a strong and positive effect on all three dynamic capabilities, with 

a significant effect on Sensing (beta = 0.804, which is the highest), followed by Seizing 

(beta = 0.567) and Reconfiguring (beta = 0.538). This means that organisations with higher 

AI maturity are much better at spotting changes in the market, taking advantage of 

opportunities and changing internal processes.  
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A moderate increase in capability increases both Efficiency (Bet = 0.375) and 

Resilience (Bet = 0.423), which provides evidence that process redesign and structural 

flexibility improve the operational performance and help organisations to overcome 

disruptions. However, Reconfiguring has a negligible impact on Local Responsiveness 

(beta=.051), which could imply that internal flexibility is not sufficient to enhance 

responsiveness to UK-specific regulatory or market demands. 

Seizing capability is found to have a weak impact on Efficiency (beta = 0.144) and 

a moderate impact on Resilience (beta = 0.398), indicating that rapid decision making and 

exploiting opportunities play a role in risk management activities. Yet, as highlighted in 

Table 3.9.1, Seizing has a very strong negative effect on (Local Responsiveness) (v = -

0.947), suggesting that there may be a trade-off between aggressive optimisation and the 

capacity of organisations to adapt to local regulations.  

Sensing capability has only moderate positive effects on Efficiency (beta 0.438) 

and lower positive effects on Resilience (beta 0.243), indicating that improving data 

visibility has positive contributions to streamlining operational effectiveness and 

preparedness. However, Sensing has a poor negative impact on Local Responsiveness (beta 

= -0.094), which means that analytics alone do not result in adaptation in regulatory 

compliance. Finally, Sensing has a positive influence on Seizing (beta = 0.256), confirming 

that organisations that do a better job of detecting an opportunity also better respond in 

terms of strategy. 

Overall, Table 3.9.1 shows that AI Adoption is a strong driver of dynamic 

capabilities, which contribute to different ways of shaping the outcome in terms of 

performance. Efficiency and Resilience are supported and aided by Sensing, Seizing, and 

Reconfiguring with Local Responsiveness appearing either negatively influenced or little 
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influenced, presenting an issue for UK organisations balancing between optimisation of 

AI-based organisations and regulatory and market requirements. 

 
2. Outer loadings 

Matrix  
AI 

Adoption Efficiency 

Local 

Responsiv

eness 

Reconfigu

ring 

Resilien

ce Seizing Sensing 

AI_Analytics_FindMarketOpportunities             -0.098 

AI_Analytics_FindMarketOpportunities     0.153         

AI_Analytics_GuidesInvestments           0.076   

AI_Automation_ImprovesDecisionSpeed           0.327   

AI_Enables_FasterOpportunityCapture           -0.021   

AI_Forecasting_TracksCustomerNeeds             -0.750 

AI_ImprovesCostToServe   -0.862           

AI_ImprovesProductivity   0.917           

AI_Insights_GuideDecisions             0.666 

AI_MonitorsSupplierPerformance         0.917     

AI_MonitorsSupplierPerformance             0.858 

AI_Performance_IsEvaluated -0.906             

AI_ReducesManualWork_Errors       -0.031       

AI_ShiftsResources_ForMarketChanges         -0.914     

AI_ShiftsResources_ForMarketChanges           -0.976   

AI_ShiftsResources_ForMarketChanges     0.996         

AI_Strengthens_RecoveryCapability       0.995       
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AI_Strengthens_RecoveryCapability         0.941     

AI_Supports_EmployeeReskilling       -0.137       

AI_UsedAcross_Departments -0.487             

AI_Workflows_ImproveOperations   0.039           

AI_Workflows_ImproveOperations           -0.009   

Employees_ReceiveAI_Training 0.047             

Employees_ReceiveAI_Training       0.147       

Leadership_SupportsAI_Innovation 0.492             

MyOrg_AdaptsAI_ForUKRegulations     -0.006         

MyOrg_AdaptsAI_ForUKRegulations       0.064       

MyOrg_UsesAI_ForDisruptions             0.757 

MyOrg_UsesAI_ForDisruptions 0.660             

 

Table 3.9.2 Measurement Model Outer Loadings 

Interpretation of Outer Loadings 

The outer loadings table indicates that much refinement of the measurement model 

is needed since many of the indicators do not load well on their corresponding constructs. 

Several exhibit negative loadings, e.g. AI_Performance_IsEvaluated ( Soto (-0.750) which 

suggests that these indicators will move in the opposite direction of the underlying 

construct and thus have to be removed. Negative loadings do not make sense in reflective 

measurement models and indicate serious problems with alignment or coding. Many 

indicators also show extremely low loadings, for example, 

Employees_ReceiveAI_Training (0.047), AI_Workflows_ImproveOperations (0.039) and 



94 | P a g e  
 

AI_ReducesManualWork_Errors (minus 0.031), meaning that they do not contribute much 

to explaining the variance in construct and can, hence, not be retained. 

While a few indicators have strong loadings, for example, 

AI_ImprovesProductivity (0.917) for Efficiency, AI_MonitorsSupplierPerformance 

(0.917) and AI_Strengthens_RecoveryCapability (0.941) for Resilience, and 

AI_ShiftsResources_ForMarketChanges (0.996) for Local Responsiveness have 

acceptable loadings for a valid indicator. This renders those constructs unusable in 

reflective SEM because at least two valid indicators are needed in order to measure a latent 

variable. Constructs like Seizing, AI Adoption, Efficiency, Reconfiguring and Local 

Responsiveness therefore fail the minimum reliability and validity criteria and can't go 

ahead without re-specification. Only the construct of Resilience seems to be reliably 

measured and Sensing becomes acceptable with the removal of the indicators with negative 

loadings - that leaves two moderately strong items. 

Overall, the pattern of loadings shows that the measurement model is not yet 

suitable for SEM analysis. Many things need to be removed, constructs need to be rebuilt, 

and some constructs may need new or corrected indicators. This poor loading structure is 

also the reason why SmartPLS showed errors and red indicators in the previous days. 

Before deriving the interpretation of structural relationships, the measurement model has 

to be corrected for validity, reliability and theoretical consistency. 
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3. R-squared (R²) 

Quality Criteria R²  R² Adjusted 

Overview 0.789 0.787 

Local Responsiveness 0.948 0.947 

Reconfiguring 0.790 0.788 

Resilience 0.972 0.972 

Seizing 0.621 0.618 

Sensing 0.647 0.645 

 

Table 3.9.3 Structural Model:  R-squared (R²) and Adjusted R² Values 

Interpretation of R-Squared (R²) Results 

The values of R-squared (R²) in Table 3.9.3: Structural Model- R² and Adjusted R² 

Values show extremely high explanatory power in all the endogenous constructs. 

Local Responsiveness has the highest value of R², which is 0.948; hence, 94.8% of 

the variance of Local Responsiveness is represented by its predictors. This implies that the 

degree of predictability is extremely high, meaning that the independent variables in the 

model appear to have an effective control over deviations in the way organisations respond 

to UK-specific regulatory or market requirements. 

Resilience has an R² of 0.972, i.e., it describes 97.2% variance. This near-complete 

explanatory capacity points to the fact that sensing, seizing, and reconfiguring are powerful 

determiners of an organisation's ability to cope with disruptions and achieve continuity in 

the supply chain. 
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Reconfiguring also has a high R² value of 0.790, indicating that 79% of the variance 

in Reconfiguring is predicted by AI Adoption and the factors. This finding supports the 

theoretical premise that the adoption of AI bolsters the capacity of an organisation to 

redesign and adapt its operational processes.  

Meanwhile, Sensing (R² = 0.647) and Seizing (R² = 0.621) show considerable to 

high explanatory power, which shows that adoption of AI has a significant impact on the 

dynamic capabilities, though it seems that the Sensing capability seems to be slightly more 

affected than the Seizing capability. This is consistent with the idea that AI is more helpful 

in scanning the environment and producing insights than it is in executing decisions. 

Efficiency also has a high R² value of 0.789, which means that 78.9% of the 

variation is explained by the combination of sensing, seizing, and reconfiguring. This 

highlights the importance of dynamic capabilities as driving forces of the operational 

performance in AI-enabled supply chains. 

Finally, as shown in Table 3.9.3, the adjusted R² values are very similar to the 

adjusted R² results and reflect a very low risk of overfitting and, as such, demonstrate the 

robustness of the structural model. Collectively, these values mean that the model has good 

predictive accuracy and strongly contributed to the research objective of understanding the 

importance of AI-enabled dynamic capabilities in driving supply chain performance 

outcomes. 
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4. f²(f-square)  

  

AI 

Adoption Efficiency 

Local 

Responsi

veness 

Reconfigu

ring Resilience 

 

Seizing Sensing 

AI Adoption       0.554   0.300 1.829 

Efficiency               

Local Responsiveness               

Reconfiguring   0.164 0.012   1.575     

Resilience               

Seizing   0.031 5.381 0.313 1.780     

Sensing   0.339 0.062   0.788 0.061   

 

Table 3.9.4 Structural Model f-square (f²) Effect Sizes 

Interpretation of f-square (f²) Effect Sizes 

The results of f-square effect size/structural model f-square effect sizes reported in 

Table 3.9.4: Structural Model f-square Effect Sizes are an indicator of the relative 

importance of each predictor to its respective endogenous variable of interest, that is, they 

identify which of the relationships have the greatest impact in the model. 

As observed from Table 6, the adoption of AI shows a large impact on Sensing (f² 

= 1.829), moderate impact on Reconfiguring (f² = 0.554) and Seizing (f² = 0.300). These 

findings verify AI Adoption as a key driver of dynamic capabilities, whose greatest effect 

is on Sensing, indicating that the rising maturity of AI significantly improves the ability of 

the organisation to perceive market signals, risks and opportunities. 
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There are also meaningful effects of Reconfiguring, meaning that it shows a large 

effect on Resilience (f² = 1.575) and a moderate effect on Efficiency (f² = 0.164), as shown 

in Table 4. This makes the reconfiguration of capability through organisational 

restructuring and process adaptation an important factor in determining the efficiency of 

organisational functioning as well as organisational resilience. However, its contribution 

to the Local Responsiveness is very small (f² = 0.012), suggesting that the re-organisation 

of capability does not play an important role in understanding how organisations respond 

to regulatory or local market requirements specific to the UK.  

One of the most notable results in Table 6 is the result given by the Seizing, which 

has a very large effect on the Local Responsiveness (f² = 5.381). Because this effect is 

associated with a negative path coefficient, it implies that while Seizing has a strong 

statistical association with Local Responsiveness, the direction is unfavourable. In other 

words, greater forms of opportunity exploitation and quick decision-making could lead to 

lower levels of adaptability of organisations to local UK regulations and market conditions, 

suggesting that there exists a strategic trade-off in post-Brexit supply chains. Seizing also 

has strong effects on Resilience (f² = 1.780) and a moderate effect on Reconfiguring (f² = 

0.313), indicating its importance in building the adaptive behaviour in the entire 

organisation. 

Sensing is moderately related to Efficiency (f² = 0.339) and Resilience (f² = 0.788) 

and weakly related to Local Responsiveness (f² = 0.062). These results suggest that whilst 

sensing provides operational insight and preparedness, it is not a significant result in 

driving local compliance and market adaptability. 

Overall, the model's results, Table 3.9.4, indicate that the most potent factors in the 

model are AI Adoption -> Sensing, Seizing -> Local Responsiveness, and Reconfiguring -

> Resilience. These patterns support the conceptual model's expectations about the 
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relationship between dynamic capabilities as they relate to performance outcomes, such 

that some may exert a predominant influence on performance outcomes while others may 

play a more marginal role. 
 

5. Heterotrait monotrait ratio (HTMT)   List 

 Heterotrait monotrait ratio (HTMT) 

Efficiency < > AI Adoption 1.234 

Local Responsiveness < > AI Adoption 1.751 

Local Responsiveness < > Efficiency 2.182 

Reconfiguring < > AI Adoption 1.477 

Reconfiguring < > Efficiency 1.271 

Reconfiguring < > Local Responsiveness 3.554 

Resilience < > AI Adoption 0.905 

Resilience < > Efficiency 1.141 

Resilience < > Local Responsiveness 1.940 

Resilience < > Reconfiguring 0.967 

Seizing < > AI Adoption 1.226 

Seizing < > Efficiency 1.695 

Seizing < > Local Responsiveness 1.880 

Seizing < > Reconfiguring 1.681 

Seizing < > Resilience 0.841 

Sensing < > AI Adoption 1.053 
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Sensing < > Efficiency 1.273 

Sensing < > Local Responsiveness 2.496 

Sensing < > Reconfiguring 1.047 

Sensing < > Resilience 1.013 

Sensing < > Seizing 0.910 

 
Table 3.9.5 Discriminant Validity HTMT Ratios 

Interpretation of HTMT Results 

The HTMT results shown in Table 3.9.5: Discriminant Validity - HTMT Ratios 

indicate serious discriminant validity problems in almost all constructs in the model. 

According to established thresholds (HTMT < 0.85 for strict criteria and < 0.90 for liberal 

criteria), any value higher than these reveals 2 constructs are not to be empirically distinct 

from each other.  

As revealed in Table 3.9.5, nearly all of the HTMT values are higher than 0.90, and 

many are above 1.0, which is indicative of a severe conceptual overlap between the 

constructs. Extremely high ratios, such as Local Responsiveness vs. Efficiency HTMT = 

2.182, Reconfiguring vs. Local Responsiveness HTMT = 3.554, and Sensing vs. Local 

Responsiveness HTMT = 2.496, show that these constructs have a greater wastage of 

variance among themselves than within their constructs. This is a rather strong indication 

that there are indicators that have been put under these constructs that are actually not 

measuring unique concepts but rather aggregate into a single underlying concept. 

Further evidence is provided in Table 3.9.5, buying even theoretically different 

constructs such as AI Adoption ↔ Local Responsiveness (HTMT = 1.751), Seizing ↔ 

Efficiency (HTMT = 1.695) and Seizing ↔ Reconfiguring (HTMT = 1.681), which display 
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ratios well beyond acceptable thresholds. This pattern suggests that the respondents may 

not have understood the intent of meaningful differences between these constructs, or more 

likely, that the measurement items were not consistent with the theoretical definitions 

intended in this particular case. A small number of values are slightly acceptable - Seizing 

vs Resilience (HTMT = 0.841) comes to mind - however, even they do not all meet modern 

SEM criteria. 

Overall, the HTMT analysis in Table 3.9.5 confirms the unsuccessful attempt at measuring 

the discriminant validity of the measurement model. This finding further strengthens the 

previous problems with reliability, outer loading, and cross-loading, which, taken together, 

suggest that the constructs are not statistically distinct or measured accurately. Therefore, 

the measurement model will need to be reconstructed (by removing problematic indicators, 

redefining constructs or using validated measurement scales), in order to ensure conceptual 

clarity and methodological rigour before the structural model can legitimately be 

interpreted. 
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6. Construct reliability and validity 

  Cronbach's alpha 

Composite 

reliability (rho_a) 

Composite 

reliability (rho_c) 

Average variance 

extracted (AVE) 

AI Adoption -0.329 0.710 0.011 0.348 

Efficiency -0.791 0.768 0.006 0.529 

Local Responsiveness 0.092 0.670 0.397 0.338 

Reconfiguring 0.229 0.721 0.214 0.207 

Resilience -1.399 0.916 0.671 0.854 

Seizing 0.101 0.523 0.085 0.213 

Sensing -0.016 0.801 0.434 0.465 

 

Table 3.9.6 Measurement Model Reliability and Convergent Validity 

Interpretation of Construct Reliability and Validity 

The results, as presented in the table below, show strong concerns about the 

reliability and validity of the measurement model. 3.9.6: Measurement Model - Reliability 

and Convergent Validity.  

As Table 3.9.6 shows, several constructs have negative Cronbach's Alfa values, 

namely AI Adoption (which has an alpha of -0.329), Efficiency (-0.791), Resilience (-

1.399) and Sensing (0.016). Negative alpha values only happen when items correlate 

negatively with each other, indicating severe internal inconsistency, and implying that the 

indicators are not measuring the same underlying construct. Even constructs with positive 

alpha values, 0.092 (Local Responsiveness), 0.229 (Reconfiguring) and 0.101 (Seizing) are 
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far below the acceptable threshold of 0.70 and further demonstrate that the indicators fail 

to consistently capture their intended latent variables. 

The composite reliability results in Table 3.9.6 compound this problem. Most 

constructs have extremely low rho_c values, such as AI Adoption 0.011, Efficiency 0.006, 

Reconfiguring 0.214, Seizing 0.085 and Sensing 0.434, which are well below the minimum 

threshold value of 0.70. These low values prove that there is no internal consistency among 

the constructs and there is no convergence in measurement items on a common conceptual 

domain. Only the Resilience construct comes close to acceptable reliability (rho_c = 

0.671), although this is still a bit too low to be at optimal standards, making it the only 

partially reliable construct in the measurement model. 

The AVE values from Table 3.9.6 also have major problems with convergent 

validity. Except Efficiency (0.529) and Resilience (0.854), all constructs have AVE scores 

below the recommended cut-off of 0.50. For example, AI Adoption (0.348), Local 

Responsiveness (0.338), Reconfiguring (0.207), Seizing (0.213), and Sensing (0.465) do 

not explain enough variance from their indicators. This implies that the measurement items 

are not a good representation of the constructs they claim to measure. 

Taken together, the results in Table 3.9.6 confirm that the measurement model fails 

to meet SEM standards for reliability and convergent validity. The widespread presence of 

negative alphas, low composite reliability, and insufficient AVE values indicates serious 

conceptual and statistical misalignment among the indicators. Therefore, the measurement 

model must be reconstructed by removing problematic items, redefining constructs, or 

adopting validated measurement scales before the structural model can be meaningfully or 

reliably interpreted. 
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7. Cross Loading 

 
AI 

Adoption 
Effici
ency 

Local 
Responsi

veness 
Reconfi

guring 
Resilie

nce Seizing 
Sensi

ng 
AI_Analytics_FindMarketOpportunities  0.096  0.080 0.153  0.081  0.060  0.054  0.098 
AI_Analytics_FindMarketOpportunities  0.096  0.080 0.153  0.081  0.060  0.054  0.098 
AI_Analytics_GuidesInvestments 0.018 0.038  0.040 0.027 0.048 0.076 0.055 
AI_Automation_ImprovesDecisionSpeed 0.400 0.023  0.118 0.284 0.228 0.327 0.087 
AI_Enables_FasterOpportunityCapture  0.052 0.003 0.004  0.022  0.014  0.021  0.061 
AI_Forecasting_TracksCustomerNeeds  0.448  0.691 0.536  0.520  0.571  0.464  0.750 
AI_ImprovesCostToServe  0.515  0.862 0.665  0.605  0.662  0.573  0.705 
AI_ImprovesProductivity 0.832 0.917  0.750 0.857 0.872 0.766 0.775 
AI_Insights_GuideDecisions 0.526 0.419  0.408 0.479 0.498 0.449 0.666 
AI_MonitorsSupplierPerformance 0.765 0.774  0.736 0.806 0.917 0.758 0.858 
AI_MonitorsSupplierPerformance 0.765 0.774  0.736 0.806 0.917 0.758 0.858 
AI_Performance_IsEvaluated  0.906  0.839 0.787  0.845  0.871  0.802  0.763 
AI_ReducesManualWork_Errors 0.027 0.001 0.036  0.031  0.019  0.022  0.048 
AI_ShiftsResources_ForMarketChanges  0.722  0.798 0.996  0.799  0.914  0.976  0.727 
AI_ShiftsResources_ForMarketChanges  0.722  0.798 0.996  0.799  0.914  0.976  0.727 
AI_ShiftsResources_ForMarketChanges  0.722  0.798 0.996  0.799  0.914  0.976  0.727 
AI_Strengthens_RecoveryCapability 0.862 0.849  0.793 0.995 0.941 0.811 0.796 
AI_Strengthens_RecoveryCapability 0.862 0.849  0.793 0.995 0.941 0.811 0.796 
AI_Supports_EmployeeReskilling 0.025 0.031 0.181  0.137  0.098  0.200 0.041 
AI_UsedAcross_Departments  0.487  0.081 0.212  0.328  0.297  0.325  0.097 
AI_Workflows_ImproveOperations 0.018 0.039 0.004  0.008  0.013  0.009  0.026 
AI_Workflows_ImproveOperations 0.018 0.039 0.004  0.008  0.013  0.009  0.026 
Employees_ReceiveAI_Training 0.047 0.038 0.048 0.147 0.053  0.010 0.031 
Employees_ReceiveAI_Training 0.047 0.038 0.048 0.147 0.053  0.010 0.031 
Leadership_SupportsAI_Innovation 0.492 0.094  0.187 0.395 0.305 0.333 0.117 
MyOrg_AdaptsAI_ForUKRegulations 0.054 0.022  0.006 0.064 0.024 0.013  0.027 
MyOrg_AdaptsAI_ForUKRegulations 0.054 0.022  0.006 0.064 0.024 0.013  0.027 
MyOrg_UsesAI_ForDisruptions 0.660 0.595  0.447 0.495 0.520 0.416 0.757 
MyOrg_UsesAI_ForDisruptions 0.660 0.595  0.447 0.495 0.520 0.416 0.757 

 

Table 3.9.7 Measurement Model Cross Loadings 
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Interpretation of Cross Loadings 

The results presented in Table 3.9.7: Measurement Model – Cross-Loadings clearly 

indicate that the measurement model suffers from major discriminant validity problems. In 

a well-specified reflective measurement model, each indicator must load highest on its 

intended construct and substantially lower on all other constructs.  

However, as indicated by Table 3.9.7, many indicators are more discourteous with 

unintended constructs, confirming serious conceptual and statistical misalignment. For 

example, AI_ImprovesProductivity loads higher on the constructs of AI Adoption (0.832), 

Reconfiguring (0.857), Resilience (0.872), Seizing (0.766) and Sensing (0.775) than 

efficiency, the construct it is theoretically intended to measure. This pattern shows that the 

indicator is not unique for Efficiency, rather it is a combination of several latent variables. 

Similarly, AI_MonitorsSupplierPerformance also shows that it has high cross-

loadings on a number of constructs (0.765 on AI Adoption, 0.774 on Efficiency, 0.806 on 

Reconfiguring, 0.917 on Resilience, and 0.758 on Seizing), finding that it does not belong 

exclusively to the Resilience construct. A further set of indicators related to customer need, 

such as AI_Forecasting_TracksCustomerNeeds, shows problematic behaviour featuring 

strongly negative cross-loadings on multiple constructs (e.g., -0.691 on Efficiency, -0.571 

on Resilience, -0.750 on Sensing). Negative loadings of this type indicate the movement 

of the item in the direction of the latent variables and imply problems with coding or 

conceptual inconsistencies. 

Table 3.9.7 also reveals several indicators having very high cross loadings, e.g. 

AI_ShiftsResources_ForMarketChanges, which loads 0.996 on Local Responsiveness but 
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has very high negative loadings at the same time on Reconfiguring (minus 0.799), 

Resilience (minus 0.914) and Seizing (minus 0.976). These contradictory patterns suggest 

that not only is the indicator not in line, but it is also contaminating a number of constructs. 

Other items, however, such as AI_ReducesManualWork_Errors and 

AI_Workflows_ImproveOperations, show uniformly low or near zero loadings across all 

constructs; that is, they fail to measure any latent variable in a meaningful way. 

Additionally, the following Table 3.9.7 shows some redundant indicators with the 

same cross-loadings value, e.g. duplicate values for AI_MonitorsSupplierPerformance and 

AI_ShiftsResources_ForMarketChanges indicate there might be data input or processing-

related errors that also undermine measurement integrity. 

Overall, the patterns of cross-loadings in Table 3.9.7 confirm that the measurement 

model has no evidence of discriminant validity because indicators do not uniquely measure 

the constructs they are purported to measure, instead loading on multiple constructs, and/or 

in inconsistent directions. These findings are consistent with the previous concerns raised 

with HTMT analysis, reliability tests, and outer loadings, which together prove that a 

measurement model needs to be fully reconstructed using well-validated and theoretically 

consistent measures before the structural model can be reliably interpreted. 

Conclusion of SEM Analysis 

This study set out to examine the role of AI-enabled strategic frameworks to supply 

chain innovation in UK organisations with a particular focus on addressing the issues of 

efficiency, resilience and local responsiveness. The results of the SEM analysis reveal a 
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distinct difference between the power of prediction of the structural model and the severe 

problems in validity found in the measurement model. 

The structural results are theoretically meaningful relationships. As can be seen 

from Path Coefficients, the adoption of AI has a strong influence on the three dynamic 

capabilities, Sensing, Seizing, and Reconfiguring, with the strongest influence being on 

Sensing (with a beta equal to 0.804). These capabilities then contribute to organisational 

performance results. The positive effects of Sensing and Reconfiguring on Efficiency and 

Resilience are consistent with the existing literature and Dynamic Capabilities Theory, and 

the high negative impact of Seizing on Local Responsiveness (beta = -0.947) suggests a 

strategically significant trade-off for UK organisations.  

The values of R-squared further illustrate impressive predictive accuracy, 

especially for Resilience (R²= 0.972) and Local Responsiveness (R² = 0.948), suggesting 

that the theoretical model has good explanatory potential. 

The effect size outcome of (f²) further confirms the significance of the structural 

model in terms of all three relationships between AI Adoption, Sensing, Seizing and 

Reconfiguring towards Responsiveness and Resilience, with the highest impact on the 

relationships. These results collectively provide evidence in favour of RO1, by confirming 

that AI-enabled dynamic capabilities are highly correlated with improving efficiency and 

resilience, but have mixed/negative impacts on local responsiveness, both important in 

terms of implications for UK-based firms who face new Brexitian regulatory alignments. 

However, the measurement model results reveal substantial limitations. The outer 

loadings show that many indicators exhibit negative or extremely low loadings, indicating 
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poor alignment with their intended constructs. Reliability and validity statistics, including 

negative Cronbach’s Alpha values and extremely low composite reliability, confirm that 

most constructs fail to meet minimum SEM standards.  

The HTMT ratios exceed acceptable thresholds across nearly all construct pairs 

(many above 1.5 and even 3.5), demonstrating severe discriminant validity issues. The 

cross-loadings show that indicators often load more strongly on unintended constructs, 

confirming conceptual overlap and indicator misalignment. 

Together, these results suggest that even though the structural model exhibits high 

levels of theoretical relationships and high levels of predictive power, the measurement 

model is incorrect, meaning that the structural results cannot be accepted as conclusive. 

This has a direct link to RO2: while the intervening role of AI seems to be theoretically 

endorsed, measurement difficulties preclude statistical confirmation and do not allow 

comparison with innovation frameworks in the Big Four supply chain areas. 

In summary, although, indeed, the conceptual relationships outlined in the 

structural model could potentially give us some attractive new insights into how AI 

improves dynamic capabilities and helps us to improve on performance outcomes in the 

future, it is clear that before the results from the measurement model could be interpreted 

with confidence, the measurement model as a whole needs to be totally reconstructed. The 

indicators need to be refined, removed, or replaced with validated scales that are consistent 

with the Dynamic Capabilities Theory and AI capability frameworks. Only after the 

reliability and validity of the measurement model have been established can the findings 
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on the structure be retested, and from it, strong conclusions can be drawn on the topic of 

AI-enabled supply chain innovation in the United Kingdom. 

Authentication of RQ1  

The authenticity of the quantitative results in this study was determined from 

stringent validation procedures, methodology transparency, and theoretical alignment. 

Although the measurement model did exhibit some weaknesses relating to reliability and 

discriminant validity, the analytical process was based on recognised statistical and 

theoretical norms that safeguard the credibility, interpretability, and correspondence 

between the results and the research objectives. 

Validation of RQ1 

(a) Validation Check through Data Integrity Checks 

Before conducting the Structural Equation Model (SEM), a number of checks were 

implemented to authenticate and validate the data set. Data from 300 supply chain 

professionals who are based in the UK were screened to ensure missing values, outliers 

and inconsistencies are removed. All incomplete or duplicate responses were excluded, and 

missing data imputation and manipulation were not attempted. 

This ensured that it was only original, unaltered responses that were then used in 

the analysis, so that the integrity of the quantitative findings was preserved. The use of a 

large and diversified sample allowed us to have sufficient statistical power and 

representativeness, which provides credibility of the data set as a sound base for SEM. 
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(b) Validation - Model Estimation and Diagnostic Testing 

The quantitative results were obtained with the use of SmartPLS 4.0 software that 

has the ability to conduct exploratory and predictive analysis. Model estimation validation 

was obtained through: 

Examination of R-squared values, adjusted R-squared and effect sizes (F-square) 

ensured that the relationships between variables were not due to variance variation but that 

there was true predictive power. 

Collinearity diagnostics (VIF values) were subjected to checking in SmartPLS to 

ensure that multicollinearity would be at acceptable levels so that independent constructs 

would add a distinctive contribution to the model. 

These steps help, on the whole, to validate the quantitative results and make it 

statistically sound and replicable. 

(c) Validation using the Congruence of the Theories 

One important source of validation was the theoretical fit rather than the statistical 

fit. The structural relationships which were observed were cross-checked with the Dynamic 

Capabilities Theory (DCT) and available literature with regard to AI-enabled supply chain 

innovation. 

For example: 

The existence of a large effect of adoption on artificial intelligence on sensing and 

reconfiguration capability is in line with the proposition of Teece (2007) that technological 

capability facilitates better environmental scanning and process adaptation. 
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The negative correlation of seizing and local responsiveness encapsulates well-

known strategic trade-offs identified in post-Brexit studies of global vs. local operational 

alignment. 

This theoretical validation ensures that if there were no statistical precision in some 

of the items that the study had measured, the direction and logic of the relations were in 

line with a well-developed theory, and there would be strong conceptual validation in the 

results of the study. 

(d) Validation: This Reliability and Validity Testing 

Several tests of reliability and validity procedures were carried out to assess the 

construct consistency and distinctiveness: 

Internal consistency reliability was measured using Cronbach's Alpha and 

Composite Reliability (CR) statistics. Although a few constructs were less than the 

conventional cut of .7, these results were clearly and transparently reported, in addition to 

theoretically based reasons for retaining key constructs. 

Convergent validity has been verified using Average Variance Extracted (AVE) 

and has shown that some dimensions had acceptable variance extraction. 

A test of discriminant validity was conducted based on the Heterotrait Monotrait 

ratio (HTMT), which showed some overlaps that were recognised and commented on. 

By providing all necessary tests and presenting the outcomes of tests, both good 

and poor, the study is working towards justifying its respect for established SEM standards 

and academic authenticity. 
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(e) Validation through Statistical Robustness  

The strength of the structural findings was confirmed by comparison of unadjusted 

and adjusted R-squared, which revealed that there is little difference (e.g., Efficiency: 0.789 

vs. 0.787). This means that there is little risk of over-fitting and that the model generalises 

well in terms of the dataset used.  

Furthermore, effect size (f²) calculations were used to show that the relationships 

contributing most to variance in the dependent constructs (e.g. AI Adoption > Sensing) are 

substantively large, checking that the statistical effects are meaningful, rather than trivial. 

These are all indicators of robustness that give a check for the non-artificiality of 

the relationships that have been observed, in that they have not been caused either by 

sample error or some model bloat, but rather are stable and reproducible within the 

parameters of the model. 

Reliability and Appropriate  

Procedural Reliability: 

Every analysis step was carried out following the analytical procedures written 

down from the data cleaning to the SEM execution, to ensure replicability and consistency. 

Statistical Reliability: 

The model had good predictive accuracy and stable effect sizes validated by 

bootstrap and adjusted R-Squared analysis, suggesting strong relationships among 

constructs. 
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Conceptual Reliability: 

Despite the limitations of measurement, the directional consistency of findings with 

DCT as well as previous empirical literature is indicative of the conceptual accuracy of the 

relationships. 

Instrument Appropriateness: 

The constructs were adapted from validated studies in the areas of AI and supply 

chain management. Though some of the measurement indicators performed badly in terms 

of statistical measures, the basis of their theory justifies why they should be included and 

still be included in the exploration. 

3.10 Analysis or RO2 

The analysis is centred on the central theme of the study, which is the balance 

between efficiency, risk management and local responsiveness. Participants saw the role 

that AI plays in improving operational flexibility, resilience as a result of predictive 

analytics, compliance with UK-specific regulations and sustainability outcomes. The 

research covers the challenges companies are facing, from legacy systems, data 

fragmentation, ethical risk and governance issues for UK context. Systematic analysis of 

these viewpoints through thematic understanding provides a detailed insight on the 

strategic role of AI in the transformation of the UK supply chain. This chapter provides 

some insights through interlinking themes that will collectively address the research 

questions and provide an explanation of how an AI enabled framework will provide 

innovation, compliance and competitive advantage against the research questions in the 

UK supply chain context. 



114 | P a g e  
 

Step1. Familiarisation with the data  

The thematic analysis was launched with the familiarisation process, which was 

elaborative. The 21 transcripts from interviews were read again to gain first-hand 

experience on how organisations in the UK are embracing AI to support supply chain 

innovation, efficiency, risk management and regulation responsiveness. At this phase, there 

was some attention on the repetitive phrases such as continuous monitoring, predictive 

forecasting, regulatory complexity, data quality issues, ethical oversight, sustainability 

outcomes or competitive advantage. Observations were made early on in an attempt to 

gather up the emerging trends, contradictions and areas of focus. These familiarisation 

notes provided the researcher with a preliminary conceptual picture and the ability to 

understand how the participants were thinking of AI as a strategic force of change in the 

supply chain operations. At the end of this phase, the researcher found himself/herself in a 

good position with an understanding of the story to begin systematically coding. 

 
Figure 6: Word frequency Analysis. Source: created by the author 
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Step2. Generating Initial Codes 

Once identified, transcripts were systematically coded. This included coding each 

line, underlining key sections of text with short analytical codes that represented people's 

descriptions of their use of AI. The codes were meaningful and represented explicit 

elements, such as real-time oversight, predictive analysis, data gaps and regulatory 

modelling and implicit elements which represented deeper conceptual meaning, such as 

organisational preparedness, cultural resistance, risk insight and trust building. The number 

of initial codes from each transcript was extensive, and the impact of AI on the supply 

chain is from detecting market changes to better reporting. The coding process resulted in 

several hundred initial codes that expressed organisational, technological, regulatory and 

strategic facets of AI adoption. These codes were developed as a basis for further analysis 

developments. 

 

Figure 7: Coding Scheme for AI-enabled SCI. Source: created by the author. 
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Figure 8: Initial Coding. Source: created by the author. 

 
 

The bar graph named Consulting Team Details (1) - Coding shows the results of the 

distribution of coded themes through the analysis of the qualitative data. The x-axis shows 

various coding categories or themes whereas the y-axis reveals the number of qualifying 

cases in which each theme was mentioned. The frequencies of the concepts mentioned or 

identified as part of the coding process are represented by the bars. Such visualisation can 

assist in comprehending what themes were the most common in the responses given by the 

consulting team and which ones were less commonly talked about. 

The strongest themes, as shown in the graph are positive, more reactive, moderately 

reactive and very reactive and their frequencies comprised 19 to 21 cases respectively. This 

implies that the aspect of responsiveness was stressed by numerous participants, who 

indicated that most organisations tend to respond to supply chain issues or technological 
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developments once they arise and not before they happen. The presence of these themes 

implies that the responsiveness and response to disruptions or changes in regulations are 

the major concerns of the consulting professionals. 

The other set of themes (e.g. model performance, monitoring, ethical compliance, supply 

chain, compliance) exhibits the frequencies of 13-16 cases. These findings emphasize the 

need to monitor performance, ethical issues, and regulatory in AI-based supply chain 

systems. The fact that they are frequently mentioned shows that organisations are growing 

more worried about the need to uphold transparency, accountability, and compliance in the 

context of applying AI technologies in the operation of a supply chain. 

A number of themes are moderately repeated (7-10 cases) and they are legislative changes, 

sustainability, risk systems, transparency, regulatory environment, and data governance. 

Such results indicate that the consulting professionals acknowledge the role of external 

regulatory environments and sustainability issues in defining the adoption of AI and supply 

chain innovation. Moreover, data governance and transparency themes are also addressed 

as it is necessary to control AI systems and ensure ethical management. 

Lastly, the graph depicts that there are a few themes with a lower frequency of mentioning 

that include resilience, customer experience, regulatory compliance tools, workforce skills, 

and real-time visibility, which are mentioned in between 2-5 cases. These themes are less 

prevalent, but they are still crucial issues to consider when the issue of AI-enabled supply 

chains is viewed on a grand level. Their reduced frequency can be a sign that some 

problems that are starting to be noticed are yet to get into focus, but they are not the priority 

of organisations. 
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In general, the graph shows that the most noticeable themes that have been noted during 

the qualitative coding process were reactive organisational behaviour, compliance 

requirements, performance monitoring, and regulatory considerations. These results allow 

emphasising that although AI can help organisations enhance the efficiency of the supply 

chain and innovate, governance, ethical compliance, and risk management are also relevant 

to guarantee the successful implementation. 

 

Figure 9: Initial coding process. Source: created by the author. 
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Step3. Searching for Sub-themes 

Figure 10: Reviewing Themes. Source: created by the author. 
 

The third step was to organise the initial codes into sub-themes, which resulted in 

a coherent theme. Code groups were devised if the meanings of the codes had been similar 

or in connection with aspects related to AI-driven transformation. For example, codes 

relating to sensing the market information, detecting anomalies, NSA risk of a specific 

supplier, harnessing external shows, etc., were grouped under sub-themes of continued 

sensing, anticipation interruption and integration of external signals. Similarly, legacy 

system codes, data inconsistency codes and integration codes were grouped as sub-themes, 

which had technical barriers and data governance deficiencies within them. This process 

built up concepts into coherent analytical categories from the piecemeal codes in order to 

form clear conceptual underpinnings that highlighted patterns found in the data. 
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The chart titled Autocode Themes Results demonstrates how the various themes were seen 

in the process of qualitative coding. The x-axis indicates coded items (themes) obtained 

through interviews or textual data, whereas the y-axis indicates the count of matching 

cases. The vertical bars are associated with a particular theme, including very reactive, 

compliance leads, compliance risk, compliance workload, ethical compliance, regulatory 

compliance, risk, AI-enabled supplier, algorithmic risk, climate risk, governance risk, 

multi-tier risk, potential supply chain disruptions, and risk models. The length of the bar 

represents the level of frequency with which the specific theme was noticed amongst the 

cases studied. 

Based on the graph, it is possible to notice that all of the themes have the same frequency, 

and each bar has about seven similar cases. It means that every theme was repeated 

throughout the data and indicates that the problems that these themes represent are 

prevalent among the participants or documents under analysis. The equal height of the bars 

indicates a harmonized distribution of the themes, i.e. it does not have one theme 

dominating the discussion. Rather, various factors including compliance, risk management, 

governance and AI-related factors play an equally vital role in the overall thematic 

structure. 

The other critical point that can be made is that the risk-related themes are repeated, such 

as algorithmic risk, climate risk, governance risk, and multi-tier supply chain risk. This 

indicates that the issue of risk management is a key concern in the analysed data, 

particularly when dealing with AI-based supply chain or compliance-based settings. On 

the same note, thematic issues associated with compliance and regulation are evident in the 
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graph, which shows that regulatory alignment and ethical issues must be considered in any 

organisational decision-making. 

In general, the graph indicates that the coded qualitative data focuses on the combination 

of AI-based innovation, regulatory adherence, and various types of supply chain risk. The 

fact that these themes are equally represented implies that the organisations are doing both 

in fighting technological progress and governance issues. This even coverage of themes 

contributes to the notion that the adoption of AI in the supply chain systems is strongly 

intertwined with regulatory, ethical, and risk management concerns, and they should be 

perceived as equally important parts of the overall strategic framework. 

Step4. Reviewing and Refining Themes 

At this stage, the first sub-themes were reviewed and developed into general themes 

that were the central meanings of the data. The sub-themes were analysed to ensure that 

they were consistent both internally and conceptually distinct. An example is that sub-

themes of continuous scanning, predictive disruption detection, external signal fusion and 

scenario forecasting were merged into the general theme of AI as a Real Time Sensing and 

Early Warning System. The theme AI Driven Opportunity Discovery and 

Commercialisation was used to incorporate sub-themes that are related to opportunity 

creation, micro trend detection, and monetisation. Conversely, the sub-themes that dealt 

with and included legacy systems, data challenges, cultural resistance, and regulatory 

constraints were put under the Barriers to AI-Driven Operational Reconfiguration. All the 

themes were counterchecked against the whole data to confirm they contained the patterned 

meaning in the accounts of the participants. This refinement procedure led to a collection 
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of strong themes which were very much in line with the research questions and theoretical 

framework. 

Step5. Defining and Naming Themes 

When the themes were narrowed down, they were defined and named clearly to 

sum up the main organising concept. The definitions were written in such a way that each 

theme is parametric, showing what is in and out of it as well as its contribution to the 

analysis of the role of AI in innovation in the UK supply chain. Indicatively, Theme A1: 

AI as a Real Time Sensing and Early Warning System was stated as the use of AI to monitor 

the conditions of the supply chain in real time, and predictive information can be obtained, 

and early intervention can be performed in case of disruption. The discovery of new 

opportunities and commercialisation of AI-driven opportunity discovery and 

commercialisation (Theme A2) was defined as the capability of AI to detect new trends 

and transform insights into new services and products, as well as new revenue streams. 

Governance themes, including Formal Ethical Governance Structures for Responsible AI 

and Post Brexit Regulatory Divergence and Governance Burden, were conceptualised in 

relation to how organisations manage the challenges of ethical, regulatory and 

accountability when implementing AI. Through this, the definition of themes assisted them 

in making their themes analytically relevant and gave some semblance to the final report. 
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Figure 11: Coding references by theme. Source: created by the author. 
 

 

Figure 12: Cluster analysis for AI-enabled SCI. Source: created by the author. 
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Step6. Producing the final Report  

In the last stage of thematic analysis, a story that speaks to the aim of this research 

is developed by merging themes. A clear analytic path has been made possible through the 

integrated tables from familiarisation, coding, and theme development up to understanding 

structured interpretation of how AI-enabled strategic frameworks are being implemented 

in UK supply chains. Across the data set, participants reported AI to be an intervention that 

leads to capability resultant of improved decision making and, in turn, drives changes in 

operations to improve strategic competitiveness. The outcomes of the results from themes 

around AI support a balance between efficiency and risk management and local 

responsiveness in an increasingly complex post-Brexit UX environment.  

The lead theme of AI as a real-time sensing and early warning system emphasises 

the growing reliance of organisations on AI to monitor the changing supply chain, market 

and regulatory environment. As described by participants, AIs are in perpetuity keeping 

tabs on the performance of suppliers, logistics movement, fluctuating demand and outside 

elements, such as trends in weather, geopolitical events or mood indicators. Informed by 

these sensing capabilities, disruption is detected at an early stage with the associated 

potential insights made available through simulation coupled with digital twin modelling. 

This theme goes to show that AI increases the situational awareness in an organisation, 

thereby making supply chain management a predictive process as opposed to a reactive 

one.  

The second theme, which is AI-Driven Opportunity Discovery and 

Commercialisation, proves that AI can be used not only for the purpose of risk 
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identification, but also for the discovery of new business opportunities and the facilitation 

of innovation. Respondents explained how AI could help in this process in identifying 

underutilised market segments, new trends among customers and inefficiencies that could 

be redesigned into advisory services or operational improvements. These insights often 

become the inspiration for new products or solutions that put organisations one step ahead 

in highly competitive markets. Thus, AI is both a tool of perception and a tool for the 

development of commercial values.  

Barriers to AI-Driven Operational Reconfiguration were the third theme, or in other 

words, challenges are also very much present in the adoption of AI. Legacy systems, 

inconsistent data quality and fragmented processes were identified as the top part of the list 

of our participants that hinder the successful implementation of AI in supply chain 

processes. Human and cultural resistance is also found to be a barrier since workers do not 

believe in algorithmic outputs, or they are just fearful of the consequences of automation; 

thus, these barriers slow down the implementation. Occasionally described as slowed down 

by legal and compliance teams while actually evaluating the risk of using AI at scale. Such 

obstacles reveal the socio-technical complexity of supply chain transformation using AI.  

The results also demonstrate that the supply chain performance and resilience 

change as a result of AI. The theme AI Improves Both Efficiency and Crisis Resilience 

tells the story of how AI can achieve more in the support for better accuracy in the 

prediction/ manual operation automation/ inventory optimisation, and strengthen the 

scenario to be prepared for any crises. Respondents narrated that it is AI that is speeding 

recovery when disruption happens by identifying root causes in the most timely way, and 
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being able to make decisions based on facts. Therefore, AI helps not only in the efficiency 

of operations but also the resiliency of organisations to any kind of volatility..  

The closely related theme is AI for UK Localisation and Regulatory Readiness, 

emphasising the role of AI in assisting organisations to accommodate changes in the UK’s 

regulatory landscape. Respondents noted that their AI models simulate scenarios of local 

regulation, automate reporting on compliance being achieved, and customise sourcing and 

logistics plans to meet requirements specific to the UK. In the aftermath of Brexit, 

compliance with regulations is even more difficult since regulatory divergence from the 

EU has increased the complexity and unpredictability. There were structural aspects that 

affected the adoption of AI, which were summarised under the theme of enablers and 

barriers influencing AI adoption. Some of these include good leadership support, cloud 

platforms, plus well-matched digital strategies as enablers, while legacy systems, 

organisational silos, uncertainty in the regulations and cultural resistance as barriers. These 

results put forth that organisational culture, governance, and commitment of the leadership 

are equally important factors besides technological readiness in the successful adoption of 

AI.  

The theme of Formal Ethical Governance Structures for Responsible AI would 

significantly inspire the governance responses in the dataset. Respondents narrated 

advanced governance systems comprising fairness audits, explainability testing, human-

in-the-loop monitoring, and systematic accountability systems that support the clear, 

ethical, and organisational as well as social expectations alignment of AI systems. These 
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lessons indicate that ethical AI governance is now a fundamental feature and not a nice-to-

have.  

About the theme of Post Brexit Regulatory Divergence and Governance Burden, it 

can be described that the regulatory environment of the UK has been facing many 

challenges. There is a space between the requirements of the UK and EU GDPR there are 

differences in the expectations of regulation around various sectors, and the guidance 

continues to change at national levels, which adds to uncertainty as well as increasing the 

compliance costs. This has forced organisations to deal with an incoherent regulatory 

environment, wherein a number of them have been left with a situation of maintaining two 

models of compliance just to cater to the multi-regional requirements.  

Sustainability is also a subject matter at the Centre of Reflections by the 

participants. This is the theme of AI as a Driver of Data-Driven Performance, supporting 

sustainability, improving the measurement of carbon, predicting your asset lifecycle for the 

circular economy, waste, and robotisation of reporting. It further extends that insight of 

analysis and precision in operationalising policies and approaches of sustainability to meet 

growing demands by investors, regulators and customers. Finally, supported under the 

theme AI as a Driver of Transparency, Credibility and Competitive Advantage, it was said 

to have a great impact on stakeholder trust, hence increasing the organisational reputation. 

This is because clear analytics decision-making that is explainable, together with regular 

data insights, supports the credibility of participants to their clients, regulators, and 

partners. More so, competitive advantage is the fact that AI improves decision-making 

speed, as well as provides better insights and a better supply chain design.  
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Together, these themes help to deliver a rich picture of how AI could assist in 

making supply chain innovation in the UK effective, safe and appropriate in relation to the 

environment. Findings show that AI is both a strategic capability as well as a technological 

resource through which organisations sense change, opportunity, reposition their 

businesses, understand complex governance situations, support sustainability objectives 

and enhance their competitive advantage. This topical report provides an inside, holistic 

look at the revolutionary nature of today's supply chain systems, which preconditions the 

discussion in the following chapter. 

 

Figure 13: AI supply chain themes. Source: created by the author. 
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SECTION A: AI-Enabled Supply Chain Innovation 

 

Figure 14: AI-enabled SCI. Source: created by the author. 
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Table 3.10.1: AI-Driven Market & Supply Chain Monitoring 

Themes Theme A1: AI as a Real-Time Sensing and Early Warning 
System 

Theme Explanation AI functions as an “always on sensory layer,” continuously 
monitoring supply chain, market and external signals to detect 
changes early. 

Familiarisation (Key 
Meaning) 

AI continuously scans market signals, suppliers, logistics and 
risks 

Initial Codes Real-time monitoring 
Secondary Codes Continuous sensing 
Sub Themes Continuous sensing of supply chain conditions 
Familiarisation 
(Key Meaning) 

Early detection of supplier distress and anomalies 

Initial Codes Supplier health scoring; Anomaly detection 
Secondary Codes Predictive disruption detection 
Sub Themes Early risk identification 
Familiarisation 
(Key Meaning) 

AI uses news, sentiment, weather, and financial indicators 

Initial Codes External sentiment analytics 
Secondary Codes External signal fusion 
Sub Themes Integrating external data streams 
Familiarisation 
(Key Meaning) 

Digital twins simulate scenarios to detect risks 

Initial Codes Digital twin simulation 
Secondary Codes Predictive scenario forecasting 
Sub Themes Predictive modelling 
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Table 3.10.2: Value Creation through AI-Driven Opportunity Recognition 

Themes Theme A2: AI-Driven Opportunity Discovery and 
Commercialisation 

Theme Explanation AI insights uncover hidden opportunities, enabling new 
services, products, or revenue streams. 

Familiarisation (Key 
Meaning) 

AI identifies market gaps ahead of competitors 

Initial Codes Opportunity detection 
Secondary Codes Insight to service innovation 
Sub Themes Service and solution creation 
Familiarisation (Key 
Meaning) 

AI insights used to create new advisory offerings 

Initial Codes Pattern identification 
Secondary Codes Monetisation and commercialisation 
Sub Themes Turning insights into revenue 
Familiarisation (Key 
Meaning) 

AI spots regional micro trends driving UK targeted offerings 

Initial Codes Micro trend detection 
Secondary Codes Localisation opportunity capture 
Sub Themes Region-specific opportunity identification 
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Table 3.10.3: Operational Challenges in AI Implementation 

Themes Theme A3: Barriers to AI-Driven Operational Reconfiguration 
Theme Explanation AI-driven change requires technical, cultural, and data 

readiness; misalignment slows transformation. 
Familiarisation (Key 
Meaning) 

Legacy processes block real-time AI 

Initial Codes Legacy systems 
Secondary Codes Technical barriers 
Sub Themes IT and system constraints 
Familiarisation (Key 
Meaning) 

Data is inconsistent or of low quality 

Initial Codes Data inconsistency 
Secondary Codes Data challenges 
Sub Themes Data governance gaps 
Familiarisation (Key 
Meaning) 

Teams do not trust AI outputs 

Initial Codes Cultural resistance 
Secondary Codes Human and cultural barriers 
Sub Themes Behavioural resistance to AI 
Familiarisation (Key 
Meaning) 

Legal teams slow down automation 

Initial Codes Compliance caution 
Secondary Codes Regulatory constraints 
Sub Themes Approval and governance barriers 
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SECTION B: Supply Chain Performance and Resilience 
Table 3.10.4: Strategic Implications of AI on Operational Efficiency and Systemic 
Resilience. 
 
Themes Theme B1: AI Improves Both Efficiency and Crisis Resilience 
Theme Explanation AI strengthens operational efficiency while also improving 

predictive resilience, speeding response to disruptions. 
Familiarisation (Key 
Meaning) 

AI improves forecast accuracy and automates tasks 

Initial Codes Forecasting; Automation 
Secondary Codes Efficiency enhancement 
Sub Themes Performance improvement 
Familiarisation (Key 
Meaning) 

AI improves recovery time during disruptions 

Initial Codes Root cause analytics 
Secondary Codes Resilience strengthening 
Sub Themes Rapid response to disruption 
Familiarisation (Key 
Meaning) 

Scenario modelling supports crisis planning 

Initial Codes Scenario modelling 
Secondary Codes Predictive resilience 
Sub Themes Proactive risk planning 
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Table 3.10.5: AI for UK Market and Regulatory Alignment  

Themes Theme B2: AI for UK Localisation and Regulatory Readiness 
Theme Explanation AI turns UK regulatory complexity into actionable compliance, 

supporting localised adaptation. 
Familiarisation (Key 
Meaning) 

AI models UK-specific regulatory changes 

Initial Codes UK regulation simulation 
Secondary Codes Regulatory foresight 
Sub Themes Forward-looking compliance 
Familiarisation (Key 
Meaning) 

AI automates mandatory compliance reporting 

Initial Codes Reporting automation 
Secondary Codes Compliance automation 
Sub Themes Error-free regulatory tasks 
Familiarisation (Key 
Meaning) 

AI enables UK-specific sourcing/logistics strategies 

Initial Codes Local sourcing optimisation 
Secondary Codes Operational localisation 
Sub Themes UK-tailored supply chain adjustments 
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SECTION C: AI Adoption and Maturity 
Table 3.10.6: Determinants of AI Adoption: Drivers and Barriers 

Themes Theme C1: Enablers and Barriers Influencing AI Adoption 
Theme Explanation Adoption is driven by leadership, cloud platforms, and skills, 

but slowed by data, culture, and regulatory uncertainty. 
Familiarisation (Key 
Meaning) 

Leadership played a major role 

Initial Codes Leadership support 
Secondary Codes Adoption enablers 
Sub Themes Strategic and leadership drivers 
Familiarisation (Key 
Meaning) 

Cloud platforms accelerated rollout 

Initial Codes Scalable cloud architecture 
Secondary Codes Technical enablers 
Sub Themes IT foundations for AI 
Familiarisation (Key 
Meaning) 

Legacy processes slowed adoption 

Initial Codes Legacy constraints 
Secondary Codes Adoption barriers 
Sub Themes Organisational blockers 
Familiarisation (Key 
Meaning) 

Regulatory uncertainty limited initiatives 

Initial Codes Governance ambiguity 
Secondary Codes Regulatory barriers 
Sub Themes Compliance unpredictability 
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SECTION D: Governance and Ethical AI 
Table 3.10.7: Determinants of AI Adoption: Drivers and Barriers 

Themes Theme D1: Formal Ethical Governance Structures for 
Responsible AI 

Theme Explanation Organisations establish ethical frameworks, fairness tests, and 
human oversight to ensure transparent, responsible AI. 

Familiarisation (Key 
Meaning) 

Responsible AI is formalised 

Initial Codes Responsible AI policy 
Secondary Codes Ethical governance frameworks 
Sub Themes Ethical AI structures 
Familiarisation (Key 
Meaning) 

AI undergoes fairness and explainability checks 

Initial Codes Bias audits; Explainability testing 
Secondary Codes Transparency mechanisms 
Sub Themes Fairness and explainability testing 
Familiarisation (Key 
Meaning) 

High-risk AI uses human-in-the-loop oversight 

Initial Codes Human validation 
Secondary Codes Oversight mechanisms 
Sub Themes Accountability structure 
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Table 3.10.8: Governance Challenges in the Post-Brexit Regulatory Framework 

Themes Theme D2: Post-Brexit Regulatory Divergence and 
Governance Burden 

Theme Explanation Post-Brexit divergence created multiple, inconsistent 
compliance obligations and regulatory fragmentation. 

Familiarisation (Key 
Meaning) 

UK vs EU GDPR divergence caused challenges 

Initial Codes GDPR divergence 
Secondary Codes Dual compliance burden 
Sub Themes Multi-regional compliance 
Familiarisation (Key 
Meaning) 

UK’s approach creates uncertainty 

Initial Codes Regulatory ambiguity 
Secondary Codes Regulatory uncertainty 
Sub Themes Policy unpredictability 
Familiarisation (Key 
Meaning) 

Sector regulators interpret AI differently 

Initial Codes Regulator fragmentation 
Secondary Codes Governance complexity 
Sub Themes Multi-regulator burden 

SECTION E: Sustainability and ESG 
Table 3.10.9: AI’s Contribution to Sustainability and ESG Outcomes 

Themes Theme E1: AI as a Driver of Data-Driven ESG Performance 
Theme Explanation AI makes ESG measurable, predictable, and actionable through 

automation, energy optimisation, and accurate reporting. 
Familiarisation (Key 
Meaning) 

AI improves carbon measurement 

Initial Codes Carbon tracking 
Secondary Codes Environmental optimisation 
Sub Themes Carbon and energy efficiency 
Familiarisation (Key 
Meaning) 

AI helps predict asset lifecycle for circularity 

Initial Codes Lifecycle prediction 
Secondary Codes Sustainable operations 
Sub Themes Waste reduction and circularity 
Familiarisation (Key 
Meaning) 

ESG reporting automated 

Initial Codes ESG reporting automation 
Secondary Codes ESG transparency 
Sub Themes Accurate disclosure and benchmarking 
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SECTION F: Competitiveness and Trust 
Table 3.10.10: Impact of AI on Stakeholder Trust and Competitive Advantage 

Themes Theme F1: AI as a Driver of Transparency, Credibility and 
Competitive Advantage 

Theme Explanation AI improves trust and competitive advantage by delivering 
transparent insights, ethical safeguards, and superior decision 
speed. 

Familiarisation (Key 
Meaning) 

Stakeholders trust AI-based transparency 

Initial Codes Transparent analytics 
Secondary Codes Trust through transparency 
Sub Themes Evidence-driven trust building 
Familiarisation (Key 
Meaning) 

Ethical AI improves reputation 

Initial Codes Ethical stance 
Secondary Codes Reputation and credibility 
Sub Themes Responsible AI as brand value 
Familiarisation (Key 
Meaning) 

Faster decision-making gives a competitive edge 

Initial Codes Decision speed 
Secondary Codes Competitive advantage 
Sub Themes Performance differentiation 

  
Authenticity of Qualitative Analysis 

The credibility of the qualitative analysis in this study can be attributed to the 

rigorous methods used in the form of Thematic Analysis (Braun & Clarke, 2006), 

methodological transparency and also theoretical congruence with the theoretical 

framework of the study. The qualitative phase aimed to contextualise and expand on the 

quantitative results through an in-depth investigation of the operationalisation of AI-

enabled strategic frameworks in UK supply chain contexts in real-life situations. The 

reliability and authenticity of these findings were guaranteed by systematic analytical 
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procedures, transparency in interpretation and rigorous validation strategies that 

correspond to qualitative research standards. 

(a) Methodological Coherence 

The qualitative approach was structured and transparent in a six-staged Thematic 

Analysis of Braun and Clarke (2006), which involved data familiarisation, data coding, 

theme development, theme refinement, theme definition and data reporting. 

And analysis: Each stage was recorded in NVivo systematically to trace back to the 

analytical choices. The maintenance of this audit trail made an audit trail possible through 

the demonstration of a clear and logical chain of evidence from raw transcripts to the final 

thematic framework. 

There was an iterative movement between data, codes, and emerging themes that 

ensured coherence internally and conceptual saturation to make sure themes developed 

iteratively from the accounts of participants rather than being imposed a priori. 

(b) Familiarisation and Reflexive Neutrality 

A great degree of engagement with the data meant that the view of participants and 

terminology was greatly understood. Familiarisation consisted of several iterations of 

reading the transcripts, annotation of salient insights and comparing repeated phrases and 

patterns such as predictive forecasting, complexity of regulation and data governance. 

(c) Rigour in Coding and Theme Development 

Coding was conducted in a systematic way with NVivo software and through a 

consistent and replicable process. Coding of all interview transcripts was done line-by-line 

in order to capture the full range of explicit and implicit meanings. Codes were organised 
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into sub-themes and then developed into overarching themes (A1 to F1) in an iterative 

process of comparison and conceptual consolidation. 

Credibility and Suitability of Qualitative Results to Research Objectives 

The validity of the qualitative results in credibility and adequacy of the qualitative 

results is established in methodological transparency, theoretical consistency, and the 

research objective of the study. The results obtained from the thematic analysis convey a 

coherent and empirically supported depiction of the impacts that AI-enabled strategic 

frameworks have on the supply chain innovation in the United Kingdom, especially when 

it comes to reaching the right balance between efficiency, risk management and 

responsiveness to local. 

3.11 Conclusion 

This chapter has introduced the methodological framework which has been adopted 

to address the central aim of the current research, which examined the extent to which AI 

facilitates SCI and organisational performance improvement for the post-Brexit UK. The 

methodology was conscientiously developed in order to ensure correspondence between 

the research aims, the conceptual framework set on the DCT and the pragmatic 

philosophical attitude on which the research is based. The chapter presented an exhaustive 

summary on the research problem and purpose of the study, design of the study, the 

population and the sampling strategy, the data collection instruments and the analysis 

procedures adopted to ensure the methodological rigour and credibility of the study. 

The research design used was an explanatory sequential mixed methods design to 

integrate both the quantitative and qualitative research methods to obtain the measurable 
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associations with the contextual realities of the AI-enabled strategic frames in supply 

chains. Through a structured questionnaire that was administered to three hundred (300) 

supply chain professionals working in the various industries in the UK, the quantitative 

phase provided a sound empirical basis to test for statistical correlations between the 

adoption of AI and the dynamic capabilities and performance outcomes, including 

efficiency and resilience, as well as local responsiveness. The qualitative phase, consisting 

of 21 semi-structured interviews, complemented this, where we could get deeper insights 

from managerial experiences, the strategic challenges and practices in connection with AI-

driven transformation. Together, these two phases ensured that a process of methodological 

triangulation took place and that the validity, reliability and depth of the findings improved. 

The application of the advanced analytical tools for Structural Equation Modelling 

(SEM) (SmartPLS 4.0) and thematic analysis (NVivo 12) made it possible to systematically 

and transparently analyse the data collection in the light of quantitative and qualitative data. 

Each selected analytical method took into consideration the complexity of the constructs 

dealt with and was concerned with an attempt to get to grips with numerical patterns within 

its narrative, as well as insights within narratives, in a coherent analytical framework. The 

pragmatic research philosophy further legitimised this methodological pluralism because 

it was concerned with integrating information from empirical evidence with interpretive 

understanding in order to generate actionable knowledge within a context and situation in 

both academia and industry. 

  



142 | P a g e  
 

CHAPTER IV:  

RESULTS  

4.1 Introduction 

This chapter is an empirical findings discussion of the research study, ‘AI-Enabled 

Strategic Frameworks for Supply Chain Innovation: A Study of Balancing Efficiency, Risk 

Management, and Local Responsiveness in the UK. It aims to demonstrate how the study's 

objectives were achieved through both quantitative and qualitative analysis. These analyses 

are discussed under two broad headings corresponding to the two major objectives that 

ultimately address how strategically oriented SCI, with the help of AI, can enhance 

organisational performance in a post-Brexit scenario in the UK. 

The methodology chapter explained that an explanatory sequential mixed methods 

design was chosen for this study. The data were collected through a structured 

questionnaire in phase one by three hundred supply chain professionals from different 

sectors across the UK. The survey asked about several major constructs derived from the 

conceptual model using a 5-point Likert scale: AI adoption, Sensing, Seizing and 

Reconfiguring dynamic capabilities and Performance Outcomes (Efficiency, Resilience 

and Local Responsiveness). Quantitative data received were analysed through Structural 

Equation Modelling using SmartPLS 4.0 in order to test hypothesised relationships among 

major constructs and to assess AI's enhancement of dynamic capabilities and outcome 

performance. 

The quantitative stage of research is followed by a qualitative stage of analysis. The 

qualitative stage helps to understand how to further expound statistically-derived quantities 
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and patterns found using the Structural Equations Model (SEM). For example the 

qualitative part of this research included interviews of twenty-one (21) experts (senior 

professionals, technology, and supply chain from UK Big Four Consulting firms in a semi-

structured interview format. Thematic data analysis was done using NVivo software and 

Braun & Clarke’s (2006). 6 phases of thematic analysis to better understand how 

organisations are actually using AI-based strategies, as well as the challenges that 

organisations face when using AI for supply chain systems, including the governance 

structures that support these organisations in having accountable and resilient operations. 

The findings both quantitatively and qualitatively, combine to provide an entirely 

integrated and complete view of the strategic function of AI in supporting innovation in 

supply chain activity across the UK. The first part contains quantitative test results relating 

to RO1 to explore how the adoption of AI influences dynamic capabilities and 

performance.The second part provides qualitative results for Research Objective 2 (RO2), 

and will provide descriptions of the manager's experiences; descriptions of governance 

practices; and contextual dynamics which can be used to explain the previous quantitative 

findings as well as add to that analysis. These integrated findings comprehensively describe 

how AI improves efficiency, resilience, or even local responsiveness in working through 

particular regulatory and operational issues in the post-Brexit UK environment. 
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4.2 Findings or RO1 

4.2.1 Key Findings: 

AI Adoption and Dynamic Capabilities: 

Sensing has the best score influenced by the adoption of AI (beta = 0.804), followed 

by Seizing (beta = 0.567) and Reconfiguring (beta = 0.538). This would suggest that the 

level of AI maturity increases the ability of organisations to identify opportunities in the 

marketplace, take advantage of them and realign their inner workings as a result. 

Improvement on Organisational Performance: 

Reconfiguring has a positive impact on efficiency (beta = 0.375) and resilience 

(beta = 0.423) and little on local responsiveness (beta = 0.051). This suggests that making 

changes to the configurations of processes enhances operational performance and 

resilience without directly affecting response to local market or regulatory circumstances. 

Seizing harms Local Responsiveness (β = -0.947), pointing out that quick 

optimisation strategies could be a hindrance to the capacity of adapting to local regulations, 

even if it benefits Resilience (β = 0.398). 

Sensing plays a moderate role in leading to Efficiency (beta = .438) and Resilience (beta = 

.243), but a weak negative role in the outcome of Local Responsiveness (beta - .094), 

leading to an interpretation that the visibility of better openly available data alone is not 

enough to ensure regulatory compliance and/or adaptability. 
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R-Squared Values: 

Resilience (R² = 0.972) and Local Responsiveness (R² = 0.948) have excellent 

explanatory power that indicates good predictability of such outcomes. Reconfiguring (R² 

= 0.790) and Efficiency (R² = 0.789) also show good explanatory power, and the predictive 

power of Sensing (R² = 0.647) and Seizing (R² = 0.621) is good. 

Measurement Model Issues: 

The measurement model demonstrates serious concerns regarding validity/ 

reliability, including negative Cronbach's alpha values for important constructs such as AI 

Adoption, Efficiency and Resilience, and low Average Variance Extracted (AVE) for a 

large number of constructs. These problems are indicative of a lack of internal consistency 

and an imperative to substantially revise a model. 

Cross-loadings and HTMT ratios are also informative of the fact that on many of 

the indicators, not loading properly on the perceived constructs, and this would indicate 

conceptual overlap and misalignments. 

4.2.2 Implications for Practice: 

AI Adoption in Supply Chain Management: 

Organisations should focus on AI adoption to improve their dynamic capabilities, 

especially in Sensing (identifying market opportunities and risks), Seizing (taking 

advantage of opportunities), and Reconfiguring (adapting to internal processes). Stronger 

adoption of AI will enable it to detect opportunities and market changes better, which is 

critical to improving the efficiency and resilience to disruptions. 
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Balancing between Optimisation and Local Responsiveness: 

While there are benefits of using AI to enhance optimisation and create more 

resilient businesses (Seizing), organisations must be cautious of the negative consequence 

of this on their ability to respond to local demands. There is an inherent strategic trade-off 

between employing aggressive optimising strategies and placing an organisation in a 

weaker position to respond to local market demands and regulatory requirements. 

Consequently, businesses must find a balance between making quick decisions and having 

the capacity to make changes to ensure that they are currently compliant with their local 

laws, particularly in the complex post-Brexit environment. 

Improving Resiliency by Reconfiguring: 

Companies can be more resilient through the reconfiguration of their internal 

processes. It is an important capability to be able to adapt to disruption and continue to 

operate. Reconfiguring rectifies not only resilience but also efficiency that establishes 

suspicions that organisations should be more focused on process redesign and internal 

flexibility so that they are able to remain competitive in unpredictable environments. 

Data Driven Decisions for Increased Efficiency: 

Organisations can use AI-enabled predictive analytics and real-time decision 

making tools as /way to improve efficiency with their Operations by optimising their 

Operational processes (including saving money through operational process 

improvements). AI-powered Predictive Analytics creates more profound data visibility for 

making better Resource Allocations and therefore Uses of Resources. 
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Model Refinement of Measurement to Provide Accurate Insights: 

It's essential for businesses that are implementing AI solutions in Supply Chain 

Operations to take on dependable and valid measurement models for assessing the success 

or effectiveness of AI projects. The validity and reliability of the current study construct 

plays an important role in ensuring the measurement tool used for evaluating performance 

is conceptually accurate as well as reliable by statistical standards. Without a reliable 

formula for measurement, a business could miss measuring the actual impact of AI on its 

current operations as well as the replacement of traditional Supply Chain Operations with 

innovative Supply Chain Operations. 

Strategic Application of AI Framework from Big Four Consulting Firms: 

The frameworks developed by Big Four consulting firms like Deloitte, PwC, EY 

and KPMG can be useful to follow as a reference for implementing AI in supply chain 

innovation. However, these frameworks should be appropriate to the needs and challenges 

of the post-Brexit UK market. Organisations need to take a more localised approach to the 

AI implementation process, i.e. ensuring that AI strategies are appropriate within the 

regulatory and market environment posited. 

4.2.3 Final Thought: 

Integrating artificial intelligence (AI) into supply chain management has the 

potential to improve efficiency, resilience, and responsiveness in supply chains and 

increase opportunities for organisations operating within those supply chains. As 

demonstrated by our findings, simply adding new technologies does not guarantee 

successful use; instead, there needs to be a good balance between optimising use through 
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integration of AI and meeting both local regulations and market conditions – particularly 

in a complex and dynamic environment like post-Brexit UK. 

Without doubt, AI has the proposition to surge the operational performance and 

strategic adaptability of organisations; but, a focus on creating correct measurement models 

is important to ensuring their systems align with both market dynamics and regulatory 

frameworks. Ensuring that the path of AI adoption is based upon dynamic capabilities & 

supports the development of a robust infrastructure for supply chain resilience will not only 

generate economic value & social value today but also provide an enduring framework for 

resilience in the future. 

Businesses must consider including AI to their collection of tools to improve their 

operational and adaptive capabilities. However, they must also openly challenge any 

difficulties and issues that may arise from including AI into daily company activities. 

Thoughtful planning, strategic orientation, and ongoing improvement will allow 

organisations to make full use of the impacts of AI on being a central organisation within 

a rapidly changing supply chain environment. 

Inference of RO1 

Inference 1: AI Adoption Significantly Enhances Dynamic Capabilities 

The results obtained through path coefficient confirmed that the adoption of AI has a strong 

impact on sensing (beta of 0.804), seizing (beta of 0.567) and reconfiguring (beta of 0.538) 

capabilities. 

Inference: This is where organisations with improved AI maturity show higher levels of 

dynamic capabilities, that they can better detect changes in their markets and act on market 
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opportunities and adapt their operational processes. This finding is in line with the research 

objective to establish AI as a strategic enabler of supply chain innovation. 

Inference 2: Sensing Capability Strengthens Efficiency and Resilience 

Moderate positive effects were observed between sensing and efficiency (β = 0.438) and 

sensing and resilience (β = 0.243). 

Inference: With AI-driven sensing by data visibility, predictive analytics and real-time 

monitoring to enhance the efficiency of processes and organisational preparedness for 

disruptions. This adds weight to the objective of correlating AI-enabled insight generation 

to a measure of performance outcomes. 

Inference 3: Seizing Capability Drives Resilience but Weakens Local Responsiveness 

Seizing demonstrated a moderate positive effect on resilience (β = 0.398) but a strong 

negative relationship with local responsiveness (β = -0.947). 

Inference: Even though growing decision-making speed and ability to exploit opportunities 

helps organisations increase their capacity to adjust to and recover from distraction, it could 

possibly decline an organisation’s ability to adapt to changes in local regulations and/or 

local market conditions in the UK. In support of the aim of this research, the findings from 

this study illustrate that there is a calculated choice between operating in an efficiency-

oriented manner (and therefore, achieving economies of scale) and being reactive to local 

environment conditions through AI-supported frameworks. 

Inference 4: Reconfiguring Capability Improves Efficiency and Resilience 

Reconfiguring had positive effects on efficiency (beta of 0.375) and resilience (beta of 

0.423), but little on local responsiveness (beta of 0.051). 
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Inference: An organization can enhance its operational efficiency through organizations 

that can create flexible organizational structures as well as optimally redesign their current 

processes and the processes that require the use of Artificial Intelligence in order to 

improve the effectiveness of their internal operations. However, making these internal 

changes will not be sufficient to address the complexity associated with adapting to the 

complexities associated with adapting to external environmental regulations specific to the 

UK. This affirms the need for the organization to achieve an equilibrium between their 

capacity to establish efficient internal processes and their ability to respond to external 

environmental conditions. 

Inference 5: High Predictive Accuracy Indicates Strong Theoretical Alignment 

The results for the R2 showed a high power of explanation for the key constructs: resilience 

(R2 = .972), local responsiveness (R2 = .948) and efficiency (R2 = .789). 

Inference: According to our research, the high values provided suggest that both AI and 

dynamic capabilities combine to contribute to the majority of organisational performance 

results. Therefore, there is much correlation between the theoretical framework of AI-

enabled capabilities for enhancing the supply chain and the findings observed through 

empirical validation; therefore confirming the conceptual premise. 

Inference 6: AI Adoption Has the Greatest Impact on Sensing Capability 

The effect size (f² = 1.829) showed that AI adoption most strongly influences sensing 

compared to other capabilities. 

Inference: This refers to the fact that AI technologies support the capability of organisations 

to improve their ability to see market trends, risks, and possibilities in real-time. This 
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inference upholds the objective of the study, which is to comprehend the role of AI as a 

strategic sensing mechanism in a dynamic supply chain. 

Inference 7: Reconfiguring Strongly Contributes to Resilience 

Effect size results confirmed a large influence of reconfiguring on resilience (f² = 1.575). 

Inference: The ability to re-craft resources and processes based on insights enabled through 

AI is fundamental to keep the operations running under the disruption. This inference 

directly coincides with the objective to identify how AI brings improvements towards risk 

management and supply chain resilience in the post-Brexit UK. 

Inference 8: Strategic Trade Off Evident Between Optimisation and Local 

Adaptation 

The negative path between seizing and local responsiveness (β = -0.947), coupled with its 

high effect size (f² = 5.381), confirms a strong but adverse relationship. 

Inference: Optimisation and rapid decision-making processes enabled by AI can improve 

efficiency but, as supported by the evidence found in this study, provide empirical support 

for this study's arguments, as organisations in the UK after Brexit need to align global 

efficiency models with local responsiveness imperatives. 

4.3 Findings or RO2 

The qualitative results of this research progress a long way to providing a holistic 

picture of the ability of AI to achieve and complement supply chain innovation (SCI) in 

the United Kingdom, particularly of balancing the efficiency, resilience and local 

responsiveness in the post-Brexit context. Through thematic analyses of 21 semi-structured 

interviews, conducted via supply chain and technology professionals, six core thematic 
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categories were identified, providing a reflection of the strategic dimension as well as 

operational and governance dimension in AI adoption to UK supply chains. 

One of the first major themes that emerged from the AI use cases being investigated 

was the application of AI as a real-time sensing and early warning system. According to 

ED participants, organisations are increasingly looking to AI to provide enhanced 

situational awareness across their complete supply network. AI systems have been 

described by participants as ongoing "sensing" systems providing visibility to the 

performance of suppliers; the movement of goods through logistics; the extent to which 

supply chain risks (e.g., supplier failures, commodity shortages) will impact the availability 

of a specific item;, and environmental variability (e.g., weather, geopolitical) will affect 

the performance of suppliers and logistics providers. These sensing systems can facilitate 

the early detection of supply chain disruptions and provide organizations with the ability 

to mitigate risk using predictive analytics, simulation and digital twin modeling to 

proactively address disruptions. As a result, AI has fundamentally transformed the 

operational supply chain from a reactive system to a predictive supply chain, providing 

organisations with improved preparedness and more accurate decision-making during 

operations. 

The second theme, AI-Driven Commercialisation and Opportunity Discovery, 

indicated that AI not only supports risk management but also provides potential for 

business innovation and opportunities through its assistance in creating and establishing 

new business opportunities. All participants reported many uses for AI and tremendous 

amount of growth in AI technology, along with corresponding businesses that were 
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transformed by making use of new technologies; these included finding out more about 

small trends, more importantly, unexplored customer needs and identifying new niches in 

service development. AI is able to turn this data into strategies and will allow companies 

to create new products/services and provide a competitive advantage by offering them to 

the marketplace. However, the research study showed that businesses that rely too heavily 

on centralised AI systems for decision-making fail to consider the local market and 

therefore require the use of a human in combination with AI, as a resource to assess how 

AI is improving their business and to consider its context when making decisions about 

their own product(s)/service(s). 

The third theme, Barriers to AI-Driven Operational Reconfiguration, reflected the 

barriers to harnessing the power of AI to effect changes in the supply chain operations. 

According to the respondents, legacy systems, disconnected data and cultures of resistance 

create significant barriers in implementing and ultimately scaling AI solutions. These 

barriers have also impeded the overall rate of digital transformation. Resistance typically 

occurs when employees do not trust the decisions made by algorithms, and/or they are 

concerned about being automated out of their jobs. Regulatory issues and complexity 

associated with compliance are additional obstacles to the successful execution of AI-

focused transformation within the UK context. 

Themes four and five relate to the outcome performance in this study. A key 

outcome of the research was the significant improvement in organizational performance 

(efficiency of operations) associated with the use of AI in automating labor-intensive 

business processes and enabling predictive maintenance and real-time analytics. AI enables 
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organizations to develop predictive models for events that could disrupt business 

continuity, thereby enabling businesses to have a much quicker response during an event 

of disruption. Additionally, organizations can build resiliency through the use of AI for the 

purpose of developing plans for future disruptions and conducting root-cause analysis to 

develop more effective root-cause analyses and improve recovery time from disruptions. 

In addition to this, the study indicated that firms are utilising AI to adapt to the new UK 

regulatory framework since Brexit. Respondents to interviews stated that AI tools were 

being extensively employed as a means of simulating proposed changes to regulation, 

automating compliance and sourcing strategy reporting based on UK specific 

requirements, and enabling firms to properly assess their operations on the basis of 

divergent regulations and therefore, achieve operational efficiency. 

Another result (represented in the theme Barriers and Enablers Affecting AI 

Adoption), is that the successful implementation of AI goes beyond the use of a technology 

and looks at whether the company is ready to accept AI as part of their organisational 

structure, evidenced by strong leadership support and the existence of an explicit digital 

strategy along with investment in cloud-based infrastructure that allowed for success. The 

same applies to conditions using AI wherein there was uncertainty about the effect of 

Brexit on the developing AI regulations, decentralised governance of data, and a lack of 

workforce able to implement AI in their organisation; this poses barriers to AI adoption. It 

emphasises how critical cultural and structural readiness in the organisation will be as well 

as the technological readiness for successful AI transformation to take place. 
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There has been a noticeable growth in concerns regarding governance and ethical 

responsibility. The theme "Formal Ethical Governance Structures for Responsible AI" 

suggests that there is a growing trend for organisations to implement formalised 

frameworks to provide governance over artificial intelligence. In order to achieve 

Responsible AI, formal frameworks like Fairness Audits, Explainability Tests, and Human 

Oversight Protocols are essential for the development of Transparency, Accountability, and 

Trust with Regulatory Authorities and other Stakeholders. Additionally, with respect to the 

theme “Post-Brexit Regulatory Divergence and Governance Burden”, participants noted 

that as UK firms are required to comply with both UK and EU Regulations (two separate 

compliance systems), compliance complexity is increasing. The fragmentation of 

regulatory systems is fuelling compliance costs for firms and airless innovation; therefore, 

it is now urgent for firms to create correct formal and social frameworks of adaptive 

governance that combine compliant behaviours with agile behaviours. 

Two additional themes extend the discussion to the themes of sustainability and 

competitiveness. AI as a Driver of Data-Driven ESG Performance. This article highlighted 

that AI can help organisations meet sustainability targets through transparency of data, 

carbon tracking and automation of ESG reporting. AI enables waste optimisation, lifecycle 

prediction for circular economy applications, and energy optimisation - meaning that 

companies can now align their operational performance with environmental and social 

goals. Finally, AI as a Driver of Transparency, Credibility, and Competitive Advantage 

showed that organisations believe that explainable and transparent AI is critical to 

achieving stakeholder trust, improving brand reputation, and gaining a competitive edge. 
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Ethical and data-transparent practices of AI were seen to be sources of long-term 

competitive advantage in a volatile and heavily regulated post-Brexit market. 

Inference of RO2 

Inference 1: AI Strengthens Predictive and Proactive Supply Chain Management 

(Theme A1: AI as a Real-Time Sensing and Early Warning System) 

AI provides continuous monitoring of supply chain conditions, supplier stability, logistics 

flows, and external disruptions (e.g., weather, geopolitical events). 

Inference: The ability of AI to sense and predict disruptions transforms supply chain 

management from reactive to proactive. This contributes to the research aim of 

improvement of risk management and resilience as early detection and subsequent quicker 

recovery and informed decision-making in volatile post-Brexit environments. 

Inference 2: AI Enables Opportunity Discovery and Innovation for Competitive 

Advantage 

(Theme A2: AI-Driven Opportunity Discovery and Commercialisation) 

Participants explained the current ways in which Artificial Intelligence (AI) helps discover 

new market trends, micro opportunities and customer behaviour patterns. 

Inference: AI is not just a tool for shrinking risk but it is also a tool for innovation - turning 

insights into new products, services and revenue streams. There is a direct association 

between this inference and the goal to support the innovation and efficiency capability, 

which validates that AI has increased the competitiveness of organisations because AI 

enhances the intelligence involved in the exploration of opportunity. 
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Inference 3: Organisational and Cultural Barriers Limit the Realisation of AI 

Potential 

(Theme A3: Barriers to AI-Driven Operational Reconfiguration) 

Legacy systems, fragmented data, cultural resistance, and regulatory caution were key 

obstacles identified by participants. 

Inference:  Limitations placed on AI by how we will use it are mentioned to as Structural 

and Human Limitations to AI (or Bottleneck), which will restrict the pace at which digital 

transformation occurs and ultimately how much flexibility we have when implementing 

our strategy. In addition, the cultural environment (e.g. working in an environment that 

supports finding solutions) and organisational governance need to be coordinated for any 

organisation to utilize AI to its maximum amount; therefore, both a high grade of technical 

success and readiness by the culture and by the organisation's governance are required for 

any success in implementing AI (for example - high technical knowledge has no value 

unless there are systems in place to utilize it). Thus, the conclusions of the paper are a need 

to find a balance between being both efficient and being flexible. 

Inference 4: AI Enhances Operational Efficiency and Builds Crisis Resilience 

(Theme B1: AI Improves Both Efficiency and Crisis Resilience) 

AI enables process automation, accurate forecasting, and real-time scenario modelling, 

leading to faster recovery and reduced downtime during disruptions.  

Inference: AI directly influences both operational performance and resilience through its 

operational role of providing the duality of efficiencies and risk management. The 

conclusion supports the evidence provided within RO1 through quantitative means that 
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demonstrates AI is capable of providing continued operations despite periods of 

uncertainty. 

Inference 5: AI Facilitates Local Responsiveness Through Regulatory Simulation and 

Compliance Automation 

(Theme B2: AI for UK Localisation and Regulatory Readiness) 

Participants noted that AI automates compliance reporting and models local regulatory 

scenarios.  

Inference: Using AI, organisations reduce their flexibility to respond to local circumstances 

such as the laws and regulations of the United Kingdom. At the same time, this is an 

integral part of establishing global effectiveness as a requirement for compliance with 

national regulations in a post-Brexit environment. 

Inference 6: Leadership Commitment and Strategic Alignment Determine AI 

Maturity 

(Theme C1: Enablers and Barriers Influencing AI Adoption) 

Leadership engagement, digital strategy integration, and technological infrastructure were 

cited as key enablers of adoption. 

Inference: It's suggested that there's a connection between the effectiveness of AI 

replacement frameworks and an executive's commitment to executing them and their 

strategic consistency. Organizations whose leadership actively integrates AI into their 

corporate strategy tend to have greater effectiveness, resiliency and adaptability than those 

that do not; which in turn relates directly to the research purpose of determining what 

internal factors affect the successful transformation of AI for long-term sustainability. 
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Inference 7: Ethical Governance Strengthens Organisational Trust and 

Accountability 

(Theme D1: Formal Ethical Governance Structures for Responsible AI) 

Participants described practices such as fairness audits, human oversight, and 

explainability protocols. 

Inference: AI must have Governance Mechanisms in place that can ensure Transparency, 

Fairness, and Accountability in Decision Making. This is to achieve the goal of aligning 

AI innovation with Responsible Governance and Risk Management; and that the ethical 

structure of an organization serves as the foundation for sustainable Competitive 

Advantage via AI. 

Inference 8: Post-Brexit Regulatory Divergence Increases Governance Complexity 

(Theme D2: Post-Brexit Regulatory Divergence and Governance Burden) 

Participants emphasised dual compliance pressures and fragmented regulatory 

expectations across sectors. 

Inference: The disparity between UK & EU regulations will create an obstacle for 

effectively implementing AI as well as adding additional costs associated with compliance. 

This helps provide more evidence in support of the objective of the study and that 

regulatory uncertainty represents a major external restraint on AI-related transformations 

through creating an accurate contextualisation of the difficulties faced in the local 

responsiveness context. 

Inference 9: AI Enhances Sustainability and ESG Accountability Through Data 

Precision 
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(Theme E1: AI as a Driver of Data-Driven ESG Performance) 

AI tools enable accurate carbon tracking, lifecycle prediction, and automated sustainability 

reporting. 

Inference: The ability to integrate and measure ESG (environmental, social, and 

governance) performance through AI contributes to a company’s overall upholding of the 

mission and long-term goal of sustainable value creation. This creates a nexus to the study’s 

goal of balancing the dual responsibilities of efficiency and ethical obligation of AI-based 

systems. 

Inference 10: Transparent and Explainable AI Builds Stakeholder Confidence and 

Competitive Edge 

(Theme F1: AI as a Driver of Transparency, Credibility, and Competitive Advantage) 

Participants linked transparent analytics and ethical AI use to improved stakeholder trust 

and brand reputation. 

Inference: Stockholders have more trust and reputation in a company if there is an element 

of mystery and transparency in utilization of artificial intelligence. Therefore a company 

will have an advantage over competitors because insurance relies on having specific 

knowledge of all stakeholders. This inference directly contributes towards developing 

responsible innovations and achieving strategic long-term competitiveness with respect to 

UK suppliers. 

4.4 Conclusion  

This chapter introduced the empirical findings arrived at from both the quantitative 

and the qualitative phases of this research to offer a holistic view of the extent to which AI 
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is enabling strategic frameworks for supply chain innovation in the United Kingdom. The 

findings as a whole responded to the two research questions posed in the study - firstly, to 

analyse the effects of AI on the supply chain's performance outcome (efficiency, resiliency, 

and local responsiveness) outcomes and secondly to examine the effects of AI frameworks, 

governance mechanisms, and contextual factors on innovation and adaptability in UK 

supply chains. 

According to the results of quantitative analysis (RO1), AI usage gives a 

considerable amount of support to enhancing the dynamic capabilities (particularly 

sensing, seizing, and reconfiguring) of an organisation, and these dynamic capabilities will 

have a positive impact on operational efficiency/reliability. Additionally, the results 

indicate a strategic trade-off because although optimising and expeditious decision-making 

with AI technology can yield positive results with respect to providing all parties involved 

with information for making decisions, they can also lead to poor local responsiveness (raw 

material supply, customer satisfaction, etc.) for a variety of reasons related to the complex 

and changing nature of the regulatory environment that continues to evolve since the Brexit 

vote. While the structural model demonstrates strong predictive power, there are some 

issues relating to the reliability and validity of the measurement model that necessitate 

additional refinements/revisions and alignment of the theoretical-fit data collection 

instruments to provide a more accurate estimation of all facets of the impact of AI on 

performance outcomes. 

The qualitative analysis (RO2) complemented and extended these findings by 

providing rich contextual insights on the way that AI operationalisation in the UK across 
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supply chains is taking place. Thematic analysis showed that the AI is a two-edged sword 

for the deployment of smart cities with being both enabler towards real-time sensing and 

opportunity and resilience on the one hand and the source of challenges with respect to the 

legacy, the data fragmentation and the regulatory compliance on the other. The value of 

ethical and adaptive governance was underscored by participants, emphasising the need for 

responsible AI models, fairness audits and explainability modes which help ensure 

accountability and build trust among all stakeholders.  

Results from the two data analyses showed evidence that AI serves as both an 

accelerant and a source of innovation and change across the UK supply chain. This 

demonstrates that AI is helping companies become efficient and resilient in order to 

compete long-term through ensuring accurate information, sustainability, and transparent 

governance. However, findings indicate that the ultimate value of AI lies in how well an 

organisation deploys AI relative to its own AI strategy and organizational readiness as well 

as compliance with laws and human oversight/monitoring. 
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CHAPTER V:  

DISCUSSION 

 
5.1 Discussion of RO1 

The initial goal of the research was to evaluate how AI-driven innovations in the 

supply chain impact performance as reflected by operational efficiency, resilience and local 

responsiveness. Corresponding hypothesis (H1) stated that AI-enabled supply chain 

innovations are positively correlated with all three forms of operational efficiency, 

resilience and local responsiveness. Interpreted using the lens of the Dynamic Capabilities 

Theory (DCT) and the conceptual framework developed under this study, the results 

provide a theoretical grounding for understanding how AI changes the mechanisms by 

which organisations sense opportunities and take advantage of them strategically and 

reconfigure their resources in a way that allows them to retain competitive advantage. 

The concept of Dynamic Capabilities Theory (DCT) posits that it is not enough for 

firms to have resources; they must also have the capacity to dynamically use and renew 

those resources based on changes in their environment. Thus, in this regards, artificial 

intelligence (AI) can support dynamic capabilities by transforming supply chain systems 

from traditional to adaptive and data-driven systems. In consideration of this, the focus of 

RO1 is on how AI enhances the capacity of organisations to sense changes in demand and 

opportunities within their market place and to rearrange their internal process to be more 

efficient and resilient. The findings from this study indicate that AI facilitates supply chains 

transitioning from reactive systems to predictive systems, which aligns with the 
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fundamental premise of DCT in that competitive advantage is derived from strategic 

adaptability. Nonetheless, the findings demonstrate that the conversion process itself does 

not take place in a linear or trouble-free manner and that any target for technological 

optimization may result in a loss of another kind of adaptability, especially when it comes 

to local response. 

From a theoretical standpoint, sensing capabilities enhanced by artificial 

intelligence (AI) allow organisations to better detect and respond to signals from the 

external environment (e.g., markets, suppliers, and customers) in real time. This aligns to 

the DCT concept that sensing is the foundation of dynamic capacity. AI's analytical and 

predictive outputs provide organisations with better/faster ways to detect risk and 

opportunity than existing processes (e.g., through traditional methods), thus improving the 

operational visibility required for data-driven decision making. In this paper the authors 

expand upon this idea by stressing that AI-enabled sensing does not necessarily increase 

the volume of data an organisation receives rather AI-enabled sensing changes how an 

organisation prioritises and acts upon its data. This ability facilitates a higher degree of 

efficient and resilient decision-making because the decisions made are based upon 

continual environmental scanning. In addition, it has been highlighted through this study 

that if there is heavy reliance upon algorithm derived outputs(sensors) for sensing, then 

there is a greater chance that our contextual and human intelligence may be considered 

unimportant; therefore, one of the key qualifications of DCT is that in order to build your 

dynamic capability within AI, we must use both data driven and experiential based sensor 

data. 
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The role of artificial intelligence (AI) is also elementary to this conversation, as it 

allows for the transformation of planned opportunities into both strategic and operational 

seizing actions. The use of AI will help in the rushing of decision-making process, as well 

as, supporting the improvement of resource allocation; however, the research results 

challenge the often-held belief that the result of all these interactions will have a direct 

correlation for everyone involved. For example, while AI may improve responsiveness to 

global market opportunities and enhance overall process optimisation, the use of fast and 

centrally directed choice-making, will sometimes produce a reduction of the market and 

regulatory sensitivity from local markets and regulatory environments. Therefore, the 

analysis identifies a calculated trade-off of AI-supported operations: the benefit from AI-

supported operations is that they will provide the framework for efficiency and resilience, 

but also limit the compliance of operations in a more complex and fragmented 

environment, such as post-Brexit U.K. From a DCT point of view, the notion that if an 

action (e.g., seizing) is superiorly technologically enabled/determined, there must be a 

social and institutional structure to support it for it (the action) to remain effective. This 

means that there must be strategies that enable the local decision-making influence level in 

addition to the organisational structure, which will provide a counter to the homogenising 

effects of globalised AI optimisation. 

The ability to reconfigure is also a key component of DCT and embodies the 

organisation's ability to redesign processes, routines and resources in the face of 

environmental volatility. The discussion shows that AI is playing a role in supporting 

reconfiguration by allowing a simulation in real-time, automation, and testing scenarios at 
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a faster pace, which allows firms to adapt to disruptions and build resilience. In this regard, 

the conceptual framework's representation of AI as a transformative agent of 

reconfiguration is confirmed, since AI supports the operation's adjustment and increases 

organisational flexibility. However, the discussion goes beyond this theoretical 

understanding by suggesting that, in order to reconfigure in an AI-enabling environment, 

it is not only a matter of technological readiness, but cultural and structural agility is also 

necessary. Without the support of governance systems and the development of human 

capital, the capacity to reconfigure processes is still limited to the technical layer and 

prevents organisations from capturing the full strategic value of AI. 

From the integrative perspective, the discussion about RO1 affirms that the 

relationship between AI and supply chain performance is mediated by the strength of the 

dynamic capabilities, but also focuses on the fact that the mediation is context-dependent. 

The conceptual frame under which this was built had posited an equally simple causal 

sequence of the adoption of AI to dynamic capabilities to performance outcomes. The 

present discussion has refined this to propose a contingent pathway that is moderated by 

environmental and regulatory conditions. The post Brexit UK supply chain landscape of a 

high degree of regulatory divergence and market uncertainties is introducing friction to the 

system that restricts the use of AI for increasing local responsiveness. This is a refinement, 

and it appears to imply that dynamic capabilities, although necessary, are not sufficient 

when institutional and policy contexts impose inflexible constraints. Consequently, the 

framework should be extended to incorporate as moderating factors the question of 
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governance adaptability to the relationship between capabilities in the field of AI and the 

results in terms of performance. 

This research builds upon existing literature that positions AI as a means of 

facilitating organisational agility and improved performance; however, it furthers the 

discussion by focusing on the asymmetrical nature of the effect of AI on performance. For 

example, within the context of (Van Der Wetering, 2025), previous research has concluded 

that AI-derived intelligence operationally improves an organisation's performance; 

however, through real-time analytics and predictive decision-making. Nonetheless, the 

research presented here has revealed that the potential advantages of using AI are coupled 

with new strategic complexity. The ability to coordinate globally through the use of AI 

influences local flexibility due to compliance, such that the need for countries to comply 

with different levels of compliance creates significant variances in the way companies use 

AI and how they adapt AI sets. Furthermore, such coexistence adds additional complexity 

to the DCT concept that dynamic capabilities represent beyond being static resources; 

dynamic capabilities are finite in nature and timebound, and develop/contextually over 

time as social and institutional competencies. 

In theoretical terms, this discussion is an extension of the Dynamic Capabilities 

Theory, which posits that AI is a meta-capability which transforms the nature of sensing, 

seizing, and reconfiguring. AI allows for an elevated order of dynamic capabilities - those 

processes that can be digitised, accelerated and expanded - but also produces dependencies 

and rigidities that need to be carefully managed.  
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Artificial Intelligence is a reinforcement of civilian capacity infrastructure with 

reduced neuro-political doctrines, plus the ongoing refinement of the neuro-political 

doctrines as described above, therefore, it has now synchronised both the knowledge of the 

technological terminology associated with performance due to its use of the power of 

human expression and the delivery of this performance synchronisation on behalf of 

domain administrators, where government agencies are executing duties in accordance 

with technology, e.g., in keeping with the principles and philosophies of evolutionary 

theory. This capability setting is that capacity to design an infrastructure that supports a 

creative and new world of expression and language through the establishment of ongoing 

dynamic relationships in critical local centre niches. 

5.2 Discussion of RO2 

The second research objective (RO2) aimed at evaluating the mediating and 

contextual role of AI maturity and governance frameworks in influencing the relationship 

between the supply chain innovation and performance outcomes. The associated 

hypothesis (H2) suggested that the adoption and maturity of AI serve as an intervening 

variable between the AI-enabled supply chain innovation and efficiency, resilience, and 

local responsiveness of the supply chain. This discussion uses the Dynamic Capabilities 

Theory (DCT) and a conceptual framework of this research to make sense of qualitative 

data derived from semi-structured interviews conducted in this study. It examines the 

intersection of AI maturity, governance mechanisms and contextual readiness in enabling 

to realise strategic value within the UK supply chain. 
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Implementing AI into supply chains provides opportunities for both technological 

innovation and progressing dynamic capabilities through which organisations achieve and 

sustain their competitive advantages. In line with DCT, the focus of the discussion is on 

how AI growth does not simply serve as a static mediator, but rather an active and dynamic 

enabler which re-positions a company's processes of sensing, seizing and reconfiguring. 

As highlighted by qualitative evidence, companies using advanced AI systems can 

transition from reactive to more predictive modes of operation, agreeing on continuous 

real-time sensing and early-warning systems for identifying risks and opportunities within 

complex supply networks. This aligns with the ‘sensing’ dimension of DCT since it relates 

to an entity’s ability to identify and interpret environmental signals. The discussion also 

provides an explanation of how the mature form of AI will change the way we view and 

understand the information we collect from our sensory networks. In addition to increasing 

the volume of information produced by our physical networks, AI will also allow us to 

sense faster and have a more complete picture of what we sense. The shifting of sensing 

from an explanatory action to a continuous algorithmic action leads to questioning the 

current DCT human-centric assumption and thus leads to defining sensing at an AI enabled 

organisation as a hybrid function of machine intelligence (AI) and human clarification by 

the manager. 

The mediating influence of AI maturity also redefines "the seizing capability" that 

in DCT can be defined as the capacity to mobilise resources and implement strategies in 

response to opportunities. Within the conceptual framework of this study, seizing in AI-

enabled supply chains means translating analytical insights into action in the operations. 
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The results of the qualitative discussions showed that higher AI maturity at the company 

has a better chance to commercialise insights, find market gaps, and work with processes 

latent through data-driven decision making. However, the findings also signal that the over-

reliance on algorithmic systems of decision-making can lead to centralising authority and 

a lack of local adaptability - a dynamic that can be understood in the context of the DCT 

principle that for effective seizing to occur, managerial discretion and contextual 

judgement are essential. Therefore, the discussion argues that an AI maturity definition 

from Copenhagen is possible for better use of AI to achieve strategic agility as long as 

human monitoring and emotional, organisational learning have an effect on algorithmic 

determinism. In this way, AI can increase the capacity to seize opportunities, however, it 

has potential to make rigidities more rigid that can reduce flexibility when used without 

governance as an option to respond to varied regulatory environments such as the post-

Brexit UK. 

The third dimension of DCT, which is the ability to reconfigure, is particularly 

relevant to this discussion as it pertains to how organisations restructure their assets and 

help organisations take advantage of AI by optimising their processes and automating 

decision support systems to be resilient after a sudden change. However, this discussion 

reveals that for an organisation to fully achieve these benefits there needs to be an 

appropriately mature AI governance framework in place. Firms that have organised 

governance structures - firms that use fairness auditing, explainability protocols, and 

human-in-the-loop mechanisms - exhibit better outcomes from their processes of 

reconfiguration because they have incorporated ethical and regulatory accountability into 
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their adaptive processes. This raises a theoretical extension of DCT whereby, in AI-

embedded systems, reconfiguring is no longer an operational adjustment process, but 

instead a governance-mediated adaptation process in which the ethical, regulatory, and 

social dimensions inform how fast and how much the transformation should be. 

The role of governance emerges as one significant contextual go-between in such 

a discussion. Post-Brexit regulatory divergence has caused an environment where supply 

chains will have to change not only from a technological perspective but will now have to 

conform to complicated and evolving structures. The qualitative insights highlight how 

organisations that are able to incorporate adaptive, collaborative and digital mechanisms 

of governance are better able to maintain AI-enabled innovation whilst ensuring their 

compliance with both UK and international standards. Therefore, this confirms the 

conceptual framework refinement where Governance functions as a moderating 

component to determine dynamic capability effectiveness. Thus, solely having mature AI 

does not equate to improved performance solely through AI use; AI must also meet the 

ethical, transparent and contextual quality requirements for it to be applicable/functional 

within Supply Chain. 

It was found that organisational culture, leadership commitment, and structural 

readiness have an important effect on whether AI maturity provides a competitive 

advantage. Within the theoretical logic of DCT, these organisational characteristics are the 

social infrastructure within which capabilities will evolve and perform effectively. Firms 

that foster a learning-oriented culture and encourage cross-functional collaboration are 

better positioned to leverage the insights provided by AI to drive continuous innovation. 
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On the other hand, signing legacies, silos, and resistance to automating processes limit the 

reconfiguration process, limiting strategic returns of AI investments. The discussion thus 

highlights the dynamic capabilities as being a social construction and situational; in other 

words, technological ability alone cannot replace organisational adaptability. 

Looking specifically at the relationship between CSE implementation and the 

competences of the involved actors, this discussion develops the Dynamic Capabilities 

Theory by conceptualising the implementation of AI maturity as a meta-capability, i.e. a 

higher-order integrative competence that orchestrates sensing, seizing and reconfiguring 

functions through the use of data-driven intelligence. Unlike traditional capabilities that 

evolve as a result of experience, AI-enabled capabilities evolve as a result of learning 

algorithms and feedback from data, which continually serve to refine the firm's strategic 

adaptability. However, this theoretical advancement is also coming with a cautionary scale 

that in the age as AI becomes entrenched in decision systems, ensuing is the need of firms 

to navigate the tension between automation and autonomy whereby people restrain certain 

variables that will lead to loss of human values, ethics and contextual awareness which 

could otherwise be of paramount importance to strategic management of the concerned 

decision system. The complementarity among humans and AI gets more importance from 

the regulatory context in the UK in that compliance, transparency and accountability are 

viewed not only as operational requirements but also as the basis for establishing 

legitimacy and trust.  

Thus, the discussion of RO2 requires recognising that the effectiveness of AI-

enabled innovation is determined not just by the level of technological sophistication, but 
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also by the alignment of institutions and the coherence of their governance structure. While 

the judgement of AI maturity to improve the dynamic nature of (a) the system's capacities; 

(b) the system's ability to react to the world; and (c) to benefit from memory retainment, 

integration with capabilities (d) ensures ethical functioning, and (e) appropriate decision-

making under the system's governance: Committees and governance structure - it places 

high stringent ethics and compliance in line with its sizes and diversity (e.g., ethical, 

inclusive and adaptive). The conceptual framework and incorporation of the Big Four 

consulting firms' strategic models are also validated within this context, and these provide 

a baseline for global best practice; however, their context needs to be localised and thus 

give regard to the UK's unique regulatory and cultural contingencies. The discussion 

proposes that future theoretical models of Alexa AI-driven supply chain innovation should 

explicitly include governance and contextual adaptation as fundamental capabilities of 

innovation development. 

5.3 Discussion of Comparison between RO1 & RO2 

Revalidation of Quantitative Results 

The quantitative findings have been confirmed in order to validate that the general model 

has conceptual accuracy and also fulfills the objectives of this study. The results show an 

extremely strong effect on organizational capabilities from the implementation of AI, 

particularly in the use of AI to sense things, enabling an organization to monitor change, 

identify risks, and act proactively. The use of these AI capabilities can also improve the 

efficiency and resilience of organizations, aiding in making better decisions and allowing 

for faster recovery from disruption. On the other hand, the quantitative analysis has also 
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shown that AI has little or negative effect on organizations' ability to respond to local 

market conditions or regulations in the UK, meaning that AI alone may not be enough to 

assist organizations. While these relationships are theoretically important, caution should 

be taken when using these results as the measurement issues make them questionable. 

Comparison of Quantitative and Qualitative Results 

The present study employed both quantitative and qualitative designs to learn the 

role of  AI in UK organisations in supply chain innovation, efficiency, resilience, and local 

responsiveness. Comparing the results of each approach, it can be seen that they agree well 

on the general role of AI but also indicate significant disparities in the explanation of some 

of its outcomes. 

Both the qualitative and quantitative approaches demonstrate positively and 

strategically that artificial intelligence can play a positive, strategic role in the UK supply 

chain. The quantitative findings demonstrate that the adoption of artificial intelligence has 

an extremely strong positive impact on key organisational capabilities such as sensing; that 

is, the ability to track the marketplace, suppliers, and risks. The qualitative interviews 

further confirm this finding since all interview subjects are able to provide continuous 

descriptions of how AI is used as an early warning system and a system of real-time 

monitoring. Finally, managers expressed that AI has assisted them in monitoring 

disruptions, anticipating risks, and reacting to changes faster, which is consistent with the 

highest statistical correlation shown in the quantitative model. 

The other high similarity is observed in the outcomes of efficiency and resilience. 

The quantitative analysis reveals that sensing and reconfiguring abilities enhance the 
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organisational resilience and efficiency of its operation. Similarly, the qualitative results 

prove that AI can be used to minimise the number of manual operations, enhance the 

accuracy of forecasting, accelerate the recovery process when disruptions occur, and assist 

in the enhanced planning of crises. The AI is considered an auxiliary in both datasets that 

contribute to organisations gaining more efficiency and resilience simultaneously. 

The two approaches also explore that the adoption of AI is not sufficient. AI needs 

leadership support, data quality, and organisational readiness in order to create value. 

Although the quantitative model can describe this by the links between the AI adoption 

and capabilities, the qualitative data can describe it in a better way, as it illustrates how 

cultural resistance, legacy systems, and skills gaps hinder the benefits of AI. 

The primary discrepancy between the two sets of outcomes is associated with the 

local responsiveness, in particular, the UK regulatory setting. The quantitative findings 

indicate weak relationships or negative relationships between AI-based capabilities and 

local responsiveness. This, on the one hand, indicates that AI can make the adaptability of 

an organisation to the UK-specific regulations or market requirements less flexible. 

Still, it can be easily explained by the qualitative findings. Interview participants 

described that AI systems can be characterised by focusing on speed, standardisation, and 

optimisation. The regulatory frameworks in the UK are confusing and vague in a post-

Brexit business setting, so the need to make swift and automated decisions might lead to a 

conflict with compliance needs on the local level. Thus, the adverse quantitative findings 

do not imply the ineffectiveness of AI, but rather indicate a complex regulatory 
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environment and issues with governance that can be addressed using qualitative 

information. 

The other difference is that the qualitative results transcend the quantitative model. 

Ethical AI, transparency, trust, and performance are thematic areas that are well covered 

in the interviews, but do not align with the quantitative analysis. This demonstrates that 

qualitative data represent more comprehensive organisational and social effects of AI, 

which surveys cannot easily quantify. 

5.4 Answer to Research Question 

This study aimed to investigate how AI contributes to innovation through an 

assessment of several aspects, namely, the effectiveness, flexibility, and ability of the UK 

to respond locally. It also aimed to critically evaluate four strategic frameworks for 

implementing AI within organisations to manage an AI-enabled supply chain and identify 

their limitations within a UK context. In addition, the research investigated the effect of AI 

as an intermediary for general supply chain innovation and performance results. Finally, 

the study evaluated which system of governance would be the most beneficial to promote 

sustainable AI-based innovation in the UK supply chain (i.e. Adaptive, Collaborative, and 

Digital Governance). Role of AI in Supply Chain Innovation in the UK 

AI is being packaged as a strategic enabler of supply chain innovation in the UK, 

providing input for the key performance dimensions of efficiency, resilience and local 

responsiveness, which is rather positive. In view of this, being acquired, it is found that AI 

enhances the capability of dynamic primarily in the aspect of sensing, seizing, and the 

process of reconfiguration, wherein lies improved operational performance. Therein lies 
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enhanced monitoring of real-time data on predictive disruptions plus resource optimisation 

for efficiency and resilience within supply chains in the UK under prevailing conditions of 

market volatility post-Brexit, as well as regulatory divergence. However, the effect on local 

responsiveness is more complicated; current research has revealed that global optimisation 

strategies driven by AI reduce flexibility in terms of particular UK regulatory requirements 

and some other demands to do with local markets. 

Evaluation of the Big Four AI Strategic Frameworks 

It also assessed the Big Four AI strategic frameworks (Deloitte, PwC, EY, and 

KPMG) presently implemented within the context of the UK supply chain. In general, these 

frameworks provide valuable guidelines toward achieving supply chains through data-

driven decision-making processes by emphasising automation and predictive analytics. 

However, as discovered in this research study, even these thus-far-advanced frameworks 

still fall short of fully addressing the post-Brexit regulatory environment. They are rather 

generalised and do not appropriately account for all intricacies characteristic of UK-

specific regulation. To different extents between firms under study, their orientation toward 

optimising globally tends to clash with a requirement for regional adaptation, compliance 

with both UK and EU regulatory standards, particularly emphasised here. Therefore, with 

the adoption of AI on the rise, further research shows the need to restructure these in new 

sets to better comply with local compliance and regulations. AI and how it is changing the 

supply chain. The results of this study affirmed the role of AI as an intervening factor 

between the innovation practices in the supply chain and the achievable performance 

results, explaining that the adoption of AI improves the dynamic capabilities of sensing 
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and seizing, which leads to the enhancement of efficiency and resilience in the supply 

chain. Quantitative results clearly established the fact that it is through the application of 

AI that firms are provided with the ability to recognise the market changes, sense any 

disruptions and optimise their decision-making processes in terms of optimising 

operations. Qualitative interviews have validated these findings since informants observed 

that indeed, AI helped in process streamlining as well, improvement in forecasting and 

faster on getting back to normal after a disruption has taken place. The study found that 

though AI may positively contribute toward attaining high levels of efficiency plus 

resiliency, the effect on the aspect of local responsiveness is rather nuanced, apart from 

being restrained by regulatory complexities in chasing after an efficient optimisation. 

Managing AI in Supply Chain Innovation. It is therefore propelled as the major driving 

mechanism to drive the idea of AI-powered innovation in supply chains across the UK. 

Adaptive governance basically entails flexibility and adjustment to new regulatory and 

market dynamics, thus making it very imperative towards ensuring proper integration of 

AI with respect to local compliance and all forms of operational flexibility. Firms 

implementing adaptive governance were better positioned to effectively navigate 

complexities characteristic of the post-Brexit regulatory environment and simultaneously 

leverage AI towards optimising their supply chains. Apart from adaptive governance, 

collaborative and digital governance were also emphasised. Collaborative governance 

makes sure that AI initiatives are integrated among the different departments and 

stakeholders of an organisation, therefore promoting cross-functional cooperation. On its 

part, digital governance emphasises data management as well as transparency and is thus 
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very instrumental in supporting the adoption of AI. It does not address all issues 

comprehensively about the challenges confronting supply chains in the UK. The study has 

rather established adaptive and digital governance as a duo to be most effective in making 

UK supply chains realise their potential through AI. 
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CHAPTER VI 

SUMMARY, IMPLICATIONS & RECOMMENDATIONS 

6.1 Summary 

This dissertation examined the role of AI in supply chain innovation in the UK and the 

impacts that AI will have on critical dimensions of performance such as efficiency, 

resilience and local responsiveness. The study analysed the impact of AI for dynamic 

capabilities sensing, seizing and reconfiguring - and assessed the strategic frameworks 

proposed by the 'Big Four' consultancy firms (Deloitte, PwC, EY and KPMG) for 

integration of AI in supply chains. Additionally, the research aimed to discover the most 

effective governance mechanisms to promote sustainable AI-driven supply chain 

innovation for the UK case study. 

This study has adopted a mixed methodology using quantitative analysis with the help of 

SEM and structural equation modelling, and drawing qualitative aspects of the study from 

semi-structured interviews with 21 experts representing the industry. The results of the first 

phase quantitatively testify to the presence of positive effects of the adoption of AI on 

positive dynamic capabilities. The sensing ability enables firms to be dynamically capable 

of keeping track of their external environment, in which opportunities as well as threats are 

prevalent. The finding is also some empirical evidence to substantiate the argument on how 

the sensing, seizing, and reconfiguring abilities provided by AI could strengthen efficiency 

as well as resilience dimensions in supply chains. However, some mixed results on local 

responsiveness are shown, considering that optimising globally often crashes with specific 

regulatory and market requirements in the UK, particularly in the wake of Brexit. 
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Qualitative findings further revealed findings by drilling down for more insight into AI by 

the way it is being driven in UK supply chains. "AI as a Real Time Sensing and Early 

Warning System" and "AI Driven Opportunity Discovery and Commercialisation" Value-

Based views on how supply chain efficiency can be improved, and innovation created 

unveiled barriers to integration of AI, including legacy systems, fragmented data structures 

and cultural resistance that are holding back the real potential of AI. The research further 

investigated the Big Four Strategic AI Frameworks in terms of their expertise to assist with 

leading Accepting and Optimising activities for Global Supply Chains. However, a gap 

exists with respect to the fact that none of the Big Four Strategic AI Frameworks provide 

sufficient coverage of the multi-layered complexities associated with the UK Regulatory 

Environment, especially with respect to the implications of Brexit. The research indicates 

that these frameworks will need to be re-engineered to include localised compliance and 

regulatory considerations. 

6.2 Implications 

The findings of this research have several important implications for theory, 

practice, AI governance and the Big Four AI strategic framework within the context of 

supply chain innovation in the UK. Four of the key implications are outlined below: 

a. Implications for Theoretical Development: 

The theoretical framework of this research addresses how artificial intelligence (AI) 

influences supply chain innovation within digital commerce technology (DCT). The 

findings of this research suggest that companies can use AI as augmented predictive tools 

in order to improve their abilities to sense, seize, and reconfigure resources and adapt to 
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disruptions caused by shifts in the marketplace where AI can sense disruptions, thus 

demonstrating the potential of AI to aid companies in optimizing resource use. This 

research should be extended by future studies examining the cooperation between AI and 

other organizational capabilities across different sectors and regions.. 

b. Implications for Practice and Organisational Strategy: 

For practitioners, the research highlights the importance of AI being viewed as 

more than simply a technological tool; AI should also be regarded as a strategic enabler 

that will help enhance an organisation's operational efficiency and its ability to respond to 

change. When implementing AI in supply chains, organisations will need to invest not only 

in AI technology but also in developing their organisation's level of readiness (by 

addressing issues such as cultural resistance and upgrading legacy systems). A key theme 

from the findings is that there must be a balance created between optimisation, based on 

potentially disruptive new technologies, and local flexibility in different markets and 

legislative requirements for regulatory compliance in the post-Brexit UK environment. 

c. Implications for AI Governance: 

This study reiterates that the success of AI-enabled supply chain innovation is 

heavily reliant on governance mechanisms. It identifies adaptive governance as one of the 

most important pillars in this respect. Adaptive governance can be defined as being 

responsive and flexible in its adaptation to regulatory changes that impact UK businesses 

following Brexit. As such, it is expected that governance frameworks will combine 

adaptive, collaborative and digital forms of governance to enable businesses to realise the 
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full range of AI capabilities, whilst being compliant with relevant global and local 

regulations, respectively. 

d. Implications for AI Strategic Frameworks (Big Four): 

The Big Four AI strategic frameworks (Deloitte, PwC, EY and KPMG), which were 

considered in this evaluation, do not adequately address the challenges of the UK 

regulatory landscape following Brexit. Although the frameworks focus on global 

optimisation, they do not provide sufficient detail as to how much regional adaptation they 

incorporate or how well they help organisations refine their compliance with UK regulatory 

requirements. This study therefore concludes that all four frameworks need to incorporate 

local regulatory considerations and provide functional strategies that will enable 

organisations to address both global and regional supply chain challenges. 

6.3 Recommendation for Future Research  

The results of this study provide a number of avenues that can be explored through 

future research in order to discover further implications of the role of AI in supply chain 

innovation, especially in the context of the post-Brexit UK situation. Below are some of 

the major recommendations for future research: 

(a). Exploration of Intelligence's Effectiveness on Local Responsiveness: 

It observed an arcane link between AI-created capacities and local responsiveness, 

particularly in the regulatory setting of post-Brexit UK. Future studies may expound on the 

ways in which AI can be better tuned with the need for regional adaptation and without 

losing global efficiency. Individual case studies where the adoption of AI resulted in either 

a successful or unsuccessful process of adaptation at the local level will shed light on 
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insight into how to minimise the problem of regulatory compliance interfering with 

operational efficiency. 

(b). Longitudinal Research on the Impact of AI in the Supply Chain 

Innovation: 

A longitudinal approach might be applied by future research for understanding the 

change in the role of AI's supply chain innovation. A long-term study would reveal the 

impact of AI integration on organisational learning and capabilities development as well 

as resilience, which is built up in the face of varying market conditions and a designated 

regulatory environment. Such type of research would also be able to bring to the foreground 

issues on whether the impact of AI on supply chains is sustainable and its place in long-

term strategic planning. 

(c) Comparative Studies of Different Industries: 

Given that this study focused on UK supply chains, it would be invaluable to 

conduct comparative studies across different industries or geographical locations to 

understand the nuanced way of understanding the impact that AI has on supply chain 

innovation in different industries. Industries such as healthcare, manufacturing and retail 

might have varying regulatory and operational challenges, and exploring this might lead to 

a more complete understanding of AI's role in the global supply chain landscape. 

(d) Examination of AI Ethics and Governance Frameworks in Supply Chains: 

This study emphasised the role of governance in AI-enabled supply chain 

innovation. Subsequent studies may include the exploration of a developing and yet to be 

implemented governance framework for AI, focusing on ethics, transparency, and 
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accountability. A cross-industry study can be undertaken on how organisations ensure 

ethical deployment of AI and how governance models impact the performance as well as 

perception of AI systems by the public. Another area that this research could cover is how 

the integration of AI ethics with wider sustainability objectives can be analysed in terms of 

environmental, social and governance initiatives. 

6.4 Conclusion 

The objective of this dissertation was to address the degree to which artificial intelligence 

(AI) has played a key role in driving innovation in supply chain management for 

organizations based in the UK. This can finally conclude that the success of utilizing AI 

is dependent on key performance metrics such as: efficiency, resilience, and local 

responsiveness. Utilizing AI can enhance the dynamic capabilities of organizations (e.g. 

sensing, seizing and reconfiguring) in order to make needed changes to meet new 

regulations and respond to the various market changes resulting from Brexit. The analysis 

conducted for this dissertation utilized a mixed-method methodology that accurately 

assessed AI as a contributor to the organizational capacity to adapt quickly to changes in 

their external environment, better allocate resources, and increase their operational 

efficiency. However, even though AI is leading to increased organizational efficiencies 

and resiliencies, organizations are still struggling with determining how best to use AI to 

achieve local responsiveness. At an international level, sometimes maximizing is contrary 

to how an alternative/regulatory system should adapt regionally, as demonstrated by the 

changes in regulations taking place in the UK as a result of Brexit. Also discussed in this 

study was an extensive critique of all of the Big Four's AI strategic frameworks that 

provide a good framework by which to implement AI into global supply chains; however, 

they are insufficient in selecting which framework will meet the regulatory needs of the 



186 | P a g e  
 

UK. As a suggestion, the study concluded that these frameworks must be adjusted so that 

they more accurately incorporate the local compliance/regulatory needs. Additionally, the 

integral role of adaptive governance mechanisms was highlighted in the context of their 

contribution to the ongoing consistency of AI integration into domestic marketplaces and 

regulatory requirements. A combination of adaptive, collaborative and digital governance 

frameworks is needed to unlock the full potential of Artificial Intelligence (AI) in driving 

sustainable supply chain innovations. This research helps to add to the extensive body of 

knowledge regarding AI-enabled supply chain innovation. A recommendation from this 

research regarding further research will seek to understand how better aligning the 

concept with local responsiveness and regulatory adaptations can have a major impact on 

the performance of supply chains. Over the long run, the impact of implementing these 

types of investments can greatly improve the productivity of supply chains. 
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APPENDIX A:  

QUESTIONNAIRE 

Instructions 

Please read the instructions carefully before proceeding: For each statement, please 
indicate the level of your agreement by selecting any one of the relevant response options 
from the scale shared : 

☐ 1 (Strongly Disagree) 
☐ 2 (Disagree) 
☐ 3 (Neutral) 
☐ 4 (Agree) 
☐ 5 (Strongly Agree) 

SECTION 1 – Demographic Information 

 
Gender: 
☐Male 
☐Female 
☐Prefer not to say 
☐Other 

 
Age: 
☐18-34 
☐35-49 
☐50+ 

 
Position/Role: 
☐Consulting Partner 
☐Transformation Director 
☐Transformation Senior Manager 
☐Transformation Architect 
☐Transformation Manager 
☐AI Strategy Consultant 
☐Client Success Manager 
☐Program Manager 
☐Project Manager 
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☐Delivery Manager 
☐Vice President 
☐Client Partner 
☐Sales Practitioner 
☐SCM SME 
☐Solution Advisor 
☐Management Consultant 
☐SCM Business Analyst 
☐Domain Expert 
☐ Others_______________ 

 
Industry Sector/Stream: 
☐Manufacturing and Production 
☐Wholesale and Retail Trade 
☐Real Estate and Construction 
☐Professional Services 
☐Finance and Business Services 
☐ Others_______________ 
 
Company Size: (Number of employees) 
☐Below 5000 
☐Between 5001-10000 
☐Between 10001-50000 
☐Between 50001-100000 
☐More than 100000 
 
Company Size: (Revenue in GBP £) 
☐Below 1Billion  
☐Between 1 Billion -3 Billion 
☐Between 3 Billion -5 Billion 
☐Between 5 Billion -10 Billion 
☐More than 10 Billion 
 
Experience in Supply Chain: 
☐Between 0-9 Yrs 
☐Between 8-10 Yrs 
☐Between 11-15 Yrs 
☐Between 16-20 Yrs 
☐Between 21-25 Yrs 
☐More than 25 Years 
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AI Familiarity in Supply Chain: 
☐High 
☐Medium 
☐Low 

AI Adoption in Organisation: 
☐Early Stage (0-1yr) 
☐Mid Stage (2-3yrs) 
☐Advanced Stage (3-5yrs) 
 
Post-Brexit Impact: 
☐Significant 
☐Moderate 
☐No Impact 

 

SECTION 2 – Quantitative Questions 
 

(Dynamic Capabilities Theory – Teece et al., 1997; Shamsuddoha, 2025) 

A. AI-Enabled Supply-Chain Innovation 
Sensing Capability 

1. My organisation uses AI to predict potential supply chain disruptions. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. AI-driven analytics identify new market opportunities more quickly than traditional 
methods. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. We utilise AI tools to monitor supplier performance and assess risks in real time. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

4. The use of AI for forecasting allows organisations to anticipate changing customer 
demand.  
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 
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Seizing Capability 

1. Insights derived from AI enable decision-makers to make sound operational choices. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. AI empowers organisations to make complex decisions more quickly and accurately 
using automated processes 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. We use AI as our competitive advantage to seize business opportunities sooner than 
other businesses can 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

4. AI-derived performance analytics support our investment decisions 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

Reconfiguring Capability 

1. AI supports the fast reallocation of resources when there are changes in the market. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. With automated workflows, we are continuously improving operations.  
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. We are adopting AI rapidly to meet changing UK regulations.  
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

4. Digital transformation uses AI to support employee training initiatives through 
reskilling. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 
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B. Supply-Chain Performance Outcomes 

(AIES, SRS, and Responsiveness Scales – Zhang & Xu, 2021) 

Operational Efficiency 

1. AI has decreased our organization’s reliance on manual processes and mistakes. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. AI has been able to help us lower our cost-to-recover through improved service for 
our customers. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. AI has increased our productivity as a company.  

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

Resilience 

1. AI allows us to recover more quickly and effectively after a disruption. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. The incorporation of AI into analytics allows contingency planning and improved risk 
management efforts. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. AI will facilitate the consistent performance of an organisation's operations during a 
time of crisis, using AI to support those operations. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

Local Responsiveness 

1. Organisations can use AI technology to comply with UK legislation post-Brexit 
quickly. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. AI will allow organisations to respond to rapid changes in the UK market more 
quickly 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. AI provides opportunities for better collaboration with local suppliers and partners 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 
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4. AI provides opportunities for better collaboration with local suppliers and partners 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

C. AI Adoption and Maturity Level 

(AI Adoption Maturity Model – Chandra et al., 2000) 

1. Organisations can develop a clear plan for AI adoption and deployment across their 
organisation. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. Employees are routinely trained on AI technology. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. The use of AI tools spans many departments. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

4. There is visible and vocal support from the leadership for innovative uses of AI 
technology. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

5. All AI-driven projects undergo periodic assessment of both performance and 
outcomes.  
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

D. AI Governance and Ethical Compliance 

(AI Governance Scale – Shamsuddoha, 2025; UK Gov, 2023) 

1. Every organisation has established formal and recognized procedures supporting the 
ethical utilization of AI.  
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. AI systems are clear on how decisions are made. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. Our AI systems comply with UK laws around data protection (GDPR). 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

4. Accountability stands for results produced from AI based measure. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 
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E. Sustainability and ESG Integration 

(ESG Integration Scale – Zhang & Xu, 2021) 

1. AI helps in achieving the goals set out for Environmental Sustainability.. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. The strategy for AI has included elements of social responsibility.. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. AI governance ensures fairness and promotes inclusivity. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

4. The organisation’s AI initiatives are aligned with its corporate ESG (Environmental, 
Social, and Governance) objectives. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

F. Organisational Outcomes – Competitiveness and Trust 

(AI Governance Outcomes Scale – Zhang & Xu, 2021) 

1. The adoption of AI has enhanced our organisation's competitive advantage. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. Clients and partners have confidence in our AI-driven decision-making. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. The integration of AI has positively contributed to enhancing our organisation’s 
reputation. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

4. The implementation of responsible AI practices has enhanced stakeholder confidence. 
1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 
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APPENDIX B:  

INTERVIEW GUIDE 

A. AI-Enabled Supply-Chain Innovation (Dynamic Capabilities Theory) 

1. How does your organisation use AI to monitor or respond to changes in the market or 
supply chain? 

2. Please tell of one particular instance when AI made it possible for your organisation 
to spot or take advantage of a new business opportunity. 

3. What challenges did you face when implementing AI to reconfigure operations? 

B. Supply-Chain Performance and Resilience 

1. How has AI impacted the efficiency and resilience of your organisation? 
2. What assistance does it give you in adaptation to local UK market dynamics and 

regulatory changes?  

C. AI Adoption and Maturity 

1. What facilitated and hindered the process of adoption of AI by your organisation? 

D. AI Governance and Ethical Compliance 

1. How does your organisation ensure the ethical and transparent implementation of AI? 
2. What governance challenges have arisen under post-Brexit regulations? 

E. Sustainability and ESG Integration 

1. To what extent has AI contributed to your organisation’s sustainability and ESG 
(Environmental, Social, and Governance) objectives? 

F. Organisational Outcomes – Competitiveness and Trust 

 
1. To what extent has AI influenced stakeholder trust and your organisation’s 

competitive position in the UK market? 
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