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This dissertation examines how artificial intelligence (AI) adoption is associated with organisational decision-making and perceived competitive performance in warehousing. A positivist, deductive and mono-method quantitative design was used. Data were collected through an online questionnaire from 150 respondents working in warehousing or closely connected logistics roles. The analysis combined descriptive statistics, cross-tabulation, reliability testing, Pearson correlation, ordinary least-squares regression and 5,000-resample bootstrap mediation. AI adoption was strongly associated with decision-making effectiveness (r = .875, p < .001) and perceived competitive performance (r = .843, p < .001), while decision-making effectiveness was also strongly associated with competitive performance (r = .848, p < .001). The indirect effect through decision-making effectiveness was significant, indicating a partial statistical mediation pattern. However, the findings do not establish causality because the data are cross-sectional, self-reported and vulnerable to common-method effects. Training and organisation size emerged as important contextual conditions, while the implementation-challenges scale demonstrated weak reliability and was therefore interpreted at item level. The dissertation concludes that AI is unlikely to create sustainable competitive advantage through technology ownership alone. Its value is more plausibly generated when AI is integrated with employee expertise, high-quality data, organisational routines, governance and meaningful human oversight. The findings therefore support a capability-based rather than technology-deterministic interpretation of AI adoption in warehousing.








DECLARATION
	
This work has not previously been accepted in substance for any degree and is not being concurrently submitted in candidature for any degree.	


[image: ]Signed ...................................................................... (candidate)	

Date .....................22.09.2026...................................................	


STATEMENT 1	

This work is the result of my own investigations, except where otherwise stated. 

Other sources are acknowledged by footnotes giving explicit references.  A bibliography is appended.

[image: ]
Signed ..................................................................... (candidate)	

Date ................................22.09.2026........................................	


STATEMENT 2	

I hereby give consent for my work, if accepted, to be available for photocopying and for inter-library loan, and for the title and summary to be made available to outside organisations.	

[image: ]
Signed ..................................................................... (candidate)	

Date .........................22.09.2026...............................................
Table of Contents
Abstract	2
List of tables	6
1. Introduction	8
1.1 Background	8
1.1.1 AI and warehouse decision demands	8
1.1.2 Benefits and implementation constraints	10
1.2 Research Focus	10
1.2.1 Warehouse evidence and the research gap	12
1.2.2 Theoretical and practical significance	13
1.3 Overall Research Aim and Objectives	14
1.4 Research Question	15
1.5 Scope of the Study	15
2. Literature Review	17
2.1 Introduction	17
2.2 AI integration as a strategic capability for Objectives 1 and 3	18
2.2.1 Resource combinations and adaptation	18
2.2.2 Limits of capability explanations	19
2.3 Adoption drivers and organisational context for Objective 1	19
2.4 Warehouse applications and performance for Objectives 1 and 3	20
2.4.1 Inventory decisions and fulfilment applications	20
2.4.2 Operational gains and strategic evidence	21
2.5 Theoretical explanations of the relationships in Objectives 2 and 3	22
2.6 Decision effectiveness and competitive performance for Objectives 2 and 3	23
2.6.1 From decision support to competitive performance	23
2.7 Implementation risks and governance informing Objective 4	24
2.7.1 Opacity and workforce consequences	24
2.7.2 Governance and decision authority	24
2.8 Critical synthesis and research gaps informing Objectives 1 to 4	25
3. Methodology	27
3.1 Research Aim and Objectives	27
3.2 Research Rationale	28
3.3 Research Design	28
3.3.1 Advantages and limitations of the survey design	28
3.3.2 Cross sectional evidence and alternative designs	29
3.4 Research Paradigm and Philosophy	29
3.5 Data Collection	30
3.5.1 Standardisation and online access	30
3.5.2 Measurement coverage and item limitations	30
3.6 Population and Sample	31
3.6.1 Sample adequacy and selection bias	31
3.7 Data Analysis	32
3.7.1 Scoring and missing responses	32
3.7.2 Categorical comparisons and statistical assumptions	32
3.7.3 Reliability and model estimation	33
3.8 Reliability and Validity	34
3.9 Limitations of the Research	34
3.10 Research Ethics	35
4. Findings and Discussion	37
4.1 Introduction and analytical approach	37
4.2 Descriptive findings: respondent profile and survey distributions	37
4.2.1 Respondent profile	37
4.2.2 Item distributions and their meaning	38
4.3 Cross-tabulation, group differences and measurement quality	40
4.3.1 Group comparisons and their interpretation	40
4.3.2 Measurement reliability and overall pattern	42
4.4 Finding 1: Adoption is widespread but capability-dependent	43
4.5 Finding 2: AI-enabled decision-making is the strongest perceived benefit	44
4.5.1 Association and competing explanations	45
4.6 Finding 3: Decision effectiveness provides a pathway to competitive value	46
4.6.1 Operational and competitive outcomes	46
4.6.2 Statistical mediation and theoretical interpretation	47
4.7 Finding 4: Implementation barriers and governance qualify the benefits	48
4.7.1 Distinct barriers and contradictory responses	48
4.7.2 Implications for governance	49
4.8 Finding 5: Safety benefits support an augmentation interpretation	49
4.9 Integrated discussion and answer to the research question	50
4.9.1 Synthesis against the literature review	50
4.9.2 Boundaries of the evidence	51
4.10 Chapter summary	51
5. Conclusions and Recommendations	52
5.1 Introduction	52
5.2 Conclusions against the research objectives	52
5.3 Human Capability as a Critical Condition	53
5.4 Organisational Size and Unequal Adoption Capacity	53
5.5 Implementation Barriers and Governance	54
5.6 Overall Theoretical Contribution	54
5.7 Recommendations	55
5.7.1 Target audience and conditions for implementation	55
5.7.2 Verify decision benefits before expanding investment	56
5.7.3 Diagnose training needs before prescribing more training	56
5.7.4 Match investment and controls to local constraints	57
5.7.5 Assign accountable oversight and review benefits	57
5.8 Recommendations for Future Research	57
5.9 Final Conclusion	58
References	59
Appendix A: Analytical questionnaire schedule and item statistics	69
Appendix B: Analytical definitions and supplementary checks	71
Appendix C: Survey questionnaire	72
Appendix D: Ethical Form	79
RESEARCH CONSENT FORM	119
Study Title	119
Researcher	119
Invitation to Participate	119
1. Purpose of the Research	120
2. Procedure	120
3. Risks and Benefits	120
4. Compensation	121
5. Confidentiality	121
6. Voluntary Participation	121
7. Questions	121

List of tables 
Table 1 Demographic profile of the respondents (frequencies and percentages)	36
Table 2 Likert-question response distributions: frequency and percentage of all records	36
Table 3 Reported organisational AI use by organisation size and respondent role (row percentages)	38
Table 4 Training adequacy by high decision-effectiveness and competitive-performance classifications	39
Table 5 Construct-level descriptive statistics and internal consistency	40
Table 6 Pearson correlations among the principal composite measures	40
Table 7 Regression summary for the proposed conceptual model	44
Table 8 Bootstrap indirect effect through decision-making effectiveness	45
Table 9 Evidence linked implementation decisions	53

[bookmark: _Toc240978984]1. Introduction
[bookmark: _Toc239586586][bookmark: _Toc239762184][bookmark: review_heading_2][bookmark: _Toc240978985]1.1 Background
Warehousing has developed from a predominantly storage-based activity into a strategically important component of contemporary supply chains. Warehouses connect suppliers, manufacturers, retailers and customers by ensuring that products are received, stored, processed and dispatched efficiently. Their performance affects inventory availability, order accuracy, delivery speed, customer satisfaction and the ability of organisations to respond to fluctuations in market demand. Consequently, warehouse operations can influence both short-term operational performance and the longer-term competitive position of an organisation.
The strategic importance of warehousing has increased because of the continued expansion of e-commerce, greater product variety, shorter delivery expectations and growing pressure for flexible fulfilment services. Warehouse employees and managers must coordinate receiving, put-away, replenishment, inventory control, order picking, packing and dispatch while responding to changing order volumes and resource constraints. Each of these activities involves decisions relating to inventory location, labour allocation, equipment use, task prioritisation and operational exceptions. Poor decisions can result in inaccurate orders, delayed deliveries, excessive inventory, inefficient use of space and higher operating costs.
[bookmark: review_heading_3][bookmark: _Toc240978986]1.1.1 AI and warehouse decision demands
Traditional warehouse decision-making has often depended on historical reports, predetermined rules and the experience of supervisors and employees. Although human experience remains valuable, the volume and speed of data generated by modern warehouse operations can exceed the capacity of individuals to analyse it manually. Warehouse management systems, scanners, sensors, robotics and connected devices continuously generate information about orders, stock movements, equipment and employee activities. Artificial intelligence (AI) provides a possible means of converting this operational data into predictions, recommendations and automated responses.
AI can broadly be understood as the capability of technological systems to perform activities normally associated with human intelligence, including learning from data, recognising patterns, predicting outcomes and supporting problem-solving. Within warehousing, AI-enabled applications can assist demand forecasting, inventory optimisation, warehouse slotting, order-picking routes, labour scheduling, resource allocation, predictive maintenance and the identification of operational risks. AI can also be combined with robotics, autonomous mobile equipment, digital twins, sensors and warehouse management systems to support real-time operational coordination.
However, AI should not be treated as identical to conventional automation. Traditional automation generally follows predefined rules and repeats specified tasks, while AI-enabled systems can adjust recommendations in response to patterns identified within data. Nevertheless, this distinction may be unclear in practice because warehouse technologies frequently combine rules-based automation, machine learning, robotics and data analytics. Employees may therefore describe a range of advanced digital systems as AI even where their technical characteristics differ. This research recognises this ambiguity and focuses on employees and managers perceptions of AI-enabled systems used within warehouse operations.
The adoption of AI is increasing across the UK economy. The proportion of businesses with ten or more employees reporting the use of at least one AI technology increased from approximately 12% in late 2023 to around 35% in June 2026. Improving business operations was the most frequently reported use of AI. However, only 10% of adopting businesses reported using AI extensively, while the average number of AI technologies used by adopters increased only modestly from approximately 1.4 to 1.6 (Office for National Statistics, 2026). These findings indicate that the presence of AI technology does not necessarily represent extensive organisational integration.
The growing significance of advanced technology in logistics is also demonstrated by the development of professional service robotics. More than 102,000 professional service robots sold during 2024 were designed for transportation and logistics applications, particularly the movement and handling of goods in indoor environments (International Federation of Robotics, 2025). Robotics is not necessarily AI, but the increasing use of mobile and automated warehouse systems creates demand for intelligent route planning, task coordination, exception management and real-time decision support.
[bookmark: review_heading_4][bookmark: _Toc240978987]1.1.2 Benefits and implementation constraints
These developments create opportunities for warehouse organisations. AI may reduce the time required to analyse operational information, identify inventory problems and respond to changes in demand. It may also improve the accuracy and consistency of decisions by reducing reliance on manual calculations and fragmented information. For example, an AI-supported system can analyse historical orders, warehouse layouts and current workloads to recommend efficient picking routes or task sequences. Predictive models can identify potential stock shortages, equipment failures or periods of unusually high demand before they disrupt warehouse performance.
Despite these potential benefits, AI adoption does not automatically improve organisational performance. The value obtained from AI depends on the quality of organisational data, the suitability of the selected system, its compatibility with existing processes and the capability of employees to use its outputs. Technology may produce limited value when information is incomplete, systems cannot communicate effectively or decision-makers do not trust the recommendations provided. Organisations may also underestimate the cost and complexity of implementation, including employee training, data preparation, maintenance, cybersecurity and process redesign.
The Office for National Statistics (2025) identified difficulty finding appropriate business applications, implementation cost and insufficient expertise as significant barriers to AI adoption in UK firms. These barriers demonstrate that organisations must do more than purchase technology. They must identify appropriate operational problems, prepare employees, develop suitable governance and integrate AI outputs into existing decision-making structures. This makes AI adoption an organisational and managerial issue as well as a technical one.
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This research focuses on the relationships among perceived AI adoption, organisational decision-making effectiveness and perceived competitive performance in warehousing. Decision-making is positioned as a possible statistical mechanism linking technology integration to organisational outcomes, while the design remains explicitly non-causal.
The focus on decision-making is important because AI does not create value independently of organisational action. An algorithm may generate an accurate forecast or recommendation, but the organisation must decide whether and how to use it. Employees and managers need to interpret AI outputs, compare them with operational knowledge and determine an appropriate response. The organisational consequences of AI therefore depend on the interaction between technological capability and human judgement.
AI may support decision-making at several organisational levels. At the operational level, it can recommend picking routes, task priorities, inventory locations and equipment allocation. Supervisors may use AI-generated information to schedule employees, manage exceptions and redistribute resources during periods of changing demand. At a managerial level, AI can support capacity planning, investment decisions, supplier coordination and the evaluation of warehouse performance. The benefits experienced by operational employees may therefore differ from those identified by managers.
Including different occupational groups is important because much technology-adoption research is based primarily on managerial perceptions. Managers may have greater visibility of strategic objectives, financial performance and investment decisions, but operational employees interact more directly with warehouse systems and experience their effects on workload, autonomy, monitoring and task performance. Restricting research to managers could therefore overlook practical implementation difficulties or employee concerns that influence whether AI is used effectively.
AI-supported decision-making can create risks as well as benefits. Algorithms can reproduce errors or biases contained within historical data. Employees may rely too heavily on automated recommendations even when operational circumstances require judgement. Alternatively, they may reject accurate recommendations because of limited understanding or trust. The use of AI for performance monitoring or task allocation may also create ethical concerns relating to employee surveillance, transparency and accountability. It may become unclear whether responsibility for an unsuccessful decision belongs to the employee, manager, system developer or organisation.
[bookmark: review_heading_6][bookmark: _Toc240978989]1.2.1 Warehouse evidence and the research gap
Recent warehouse-specific evidence demonstrates the importance of implementation conditions. Fakhrai Rad et al. (2025) examined an AI-based batch order-picking system and found that it reduced travel distance and picking time. The study also identified challenges that prevented the warehouse from achieving the system’s maximum potential. These included integration requirements, organisational conditions and the need for appropriate implementation support. The findings demonstrate that technical improvements are possible, but their realisation depends on how effectively the system is incorporated into warehouse operations.
The existing academic literature has made important contributions to understanding AI in supply-chain management. Toorajipour et al. (2021) identified potential applications in forecasting, inventory control, logistics coordination and decision support. However, much of this research examines supply chains broadly rather than treating the warehouse as a distinctive organisational environment. Warehouse operations combine physical movement, real-time information, employee judgement and automated systems in ways that may not be fully represented by general supply-chain studies.
Warehouse-related research also frequently focuses on technical optimisation. Studies may test whether a particular algorithm reduces travel distance, improves forecasting or increases order-picking efficiency. Although these performance measures are valuable, they do not fully explain whether AI improves wider organisational decision-making or contributes to competitive advantage. Technical studies may also pay limited attention to employee capability, management support, trust, organisational culture and implementation barriers.
Another limitation is the use of individual cases or simulations. A detailed case study can explain how a particular system operates within one warehouse, but its findings may be strongly influenced by the organisation’s size, technology, workforce and operational context. There remains a need for evidence drawn from a wider range of warehouse employees, supervisors and managers. The present research responds to this need through a structured survey designed to identify broader patterns across respondents working in different roles and settings.
The study also addresses a conceptual gap. Research often assumes that AI adoption has a direct positive influence on organisational performance. This assumption overlooks the process through which technology produces value. The present study proposes that decision-making effectiveness may statistically mediate the relationship between perceived AI adoption and perceived competitive performance. This means that adoption may be associated with competitive outcomes partly because it is also associated with faster, more accurate and better-informed decisions; the cross-sectional design cannot establish that temporal sequence.
[bookmark: review_heading_7][bookmark: _Toc240978990]1.2.2 Theoretical and practical significance
The Resource-Based View provides support for this argument. It proposes that competitive advantage depends on an organisation’s ability to control and combine valuable resources and capabilities in ways that are difficult for competitors to reproduce (Barney, 1991). AI technology may be available to multiple organisations and therefore may not provide a sustainable advantage by itself. Its strategic value is more likely to depend on complementary resources such as data, employee expertise, management capability and organisational routines.
Mikalef and Gupta (2021) similarly describe AI capability as an organisation’s ability to select, coordinate and apply AI-related resources. This suggests that the ownership of an AI system should be distinguished from the capability to generate organisational value from it. Two warehouses may introduce similar technologies but achieve different outcomes because of differences in data quality, implementation expertise, employee involvement or managerial decision-making.
Dynamic Capabilities Theory extends this argument by emphasising an organisation’s ability to identify changes, respond to opportunities and reconfigure resources (Teece, Pisano and Shuen, 1997). AI may assist these activities by improving environmental awareness, forecasting and operational responsiveness. Nevertheless, technological information must still be converted into organisational action. A warehouse that can identify a change in demand but cannot adjust labour, inventory or processes may obtain limited benefit from the prediction.
The Technology–Organisation–Environment framework also contributes to the research by explaining technology adoption through technological, organisational and environmental conditions (Tornatzky and Fleischer, 1990). Technological considerations include system compatibility, complexity and data quality. Organisational conditions include leadership, employee capability, financial resources and organisational readiness. Environmental influences may include competitive pressure, customer expectations, supplier relationships and regulatory requirements. These perspectives demonstrate why AI adoption should be evaluated within its wider organisational context.
The research is significant because it brings these theoretical perspectives together within a warehouse-specific empirical investigation. It examines perceived AI adoption as an organisational capability, decision-making as a potential value-creation mechanism and perceived competitive performance as the measured outcome. Competitive advantage remains the wider theoretical question rather than a directly audited firm outcome. This provides a more critical approach than assuming that AI adoption automatically produces operational or strategic benefits.
The research also has practical value. Warehouse managers require evidence about the conditions under which AI investment can improve operational decisions. Employees require systems that support their work without creating unnecessary monitoring, confusion or loss of appropriate autonomy. The findings may help organisations recognise the importance of training, data quality, employee involvement, leadership and clear accountability. They may also help managers avoid treating the purchase of technology as evidence that successful transformation has occurred.
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The study was guided by the following overall aim:
To critically examine the relationships among perceived artificial intelligence adoption, organisational decision-making effectiveness and perceived competitive performance within the warehousing industry, including the possible statistical mediating role of decision-making effectiveness.
The following four objectives have been established:
1. Identify the extent and level of organisational integration of AI reported within the warehouse organisations represented by respondents.
2. Analyse the relationship between perceived AI adoption and the speed, accuracy and informational quality of organisational decision-making.
3. Critically evaluate the direct and indirect associations between perceived AI adoption and competitive performance, including the statistical mediating role of decision-making effectiveness and exploratory differences by training and organisation size.
4. Develop evidence-based recommendations for warehouse organisations seeking to improve AI-supported decisions and competitive outcomes while maintaining appropriate human oversight.
The first objective establishes the reported extent and organisational integration of AI rather than attempting to catalogue particular technologies that the questionnaire did not measure. The second and third objectives provide the analytical focus by testing associations among adoption, decision effectiveness and perceived competitive performance. The final objective translates the evidence and its limitations into proportionate recommendations.
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The research aims and objectives produce the following principal research question:
What relationships exist among perceived AI adoption, organisational decision-making effectiveness and perceived competitive performance in warehouse organisations, and is the adoption-performance association statistically mediated by decision-making effectiveness?
The question investigates an interdependent capability pathway without presuming that AI causes superior outcomes. The use of relationship and statistical mediation language reflects the cross-sectional design: it permits hypothesis testing while keeping temporal order, reverse causation and common-method effects open to critical examination.
[bookmark: _Toc239586590][bookmark: _Toc239762188][bookmark: review_heading_10][bookmark: _Toc240978993]1.5 Scope of the Study
The study focuses on adults aged 18 or above working in warehousing or closely connected logistics activities. Eligible participants include warehouse operatives, team leaders, supervisors, managers and logistics professionals who possess sufficient workplace knowledge to comment on digital or AI-enabled systems. Including employees at different organisational levels supports comparison between operational and managerial perspectives.
The research examines perceived AI adoption rather than conducting a technical audit of warehouse systems. The adoption measure captures reported organisational prevalence, investment, training, integration into daily operations and change over time. Decision-making effectiveness covers speed, accuracy, real-time information, error reduction, inventory decisions and forecasting support. The outcome measure combines perceived productivity, cost, customer satisfaction, overall performance, long-term success and one explicit competitive-advantage item; it is therefore described as perceived competitive performance rather than audited or sustainable advantage.
A positivist philosophy, deductive approach and mono-method quantitative design were used. Data were collected through a structured online questionnaire using predominantly five-point Likert-scale items. Purposive industry-based recruitment produced 150 usable responses. SPSS was used for descriptive statistics, reliability analysis, cross-tabulation, correlation, regression and 5,000-resample bootstrap mediation analysis. Because the study was cross-sectional and self-reported, the results identify associations among perceived constructs rather than proving causation or estimating industry-wide AI adoption.
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Artificial intelligence (AI) adoption has become a prominent element of digital transformation in warehousing as e-commerce growth, labour constraints, shorter fulfilment expectations and supply-chain disruption increase pressure for faster and more responsive operations (Ivanov and Dolgui, 2021; Sharma et al., 2022). Machine learning, predictive analytics, computer vision and AI-enabled automation can support forecasting, inventory control, resource allocation and operational planning. However, the strategic relevance of these technologies depends on how effectively they are integrated into organisational decision processes rather than on their presence alone (Zhen and Li, 2022; Feng and Ye, 2021; Winkelhaus and Grosse, 2020).
This distinction is central to the literature. AI can improve information processing and automate structured tasks, but performance benefits remain contingent on data quality, employee capability, managerial judgement and organisational learning (Jarrahi, 2018; Raisch and Krakowski, 2021; Culot, Podrecca and Nassimbeni, 2024). Teece (2018) similarly argues that technology creates value when it is embedded within capabilities that allow firms to adapt and reconfigure resources. AI is therefore better understood as an enabling organisational capability than as an independent source of advantage.
Research on AI in supply chains has expanded rapidly, yet warehouse-specific evidence remains comparatively fragmented. Many studies emphasise technical optimisation or operational outputs rather than the mechanism through which AI changes organisational decision-making and contributes to competitive outcomes (Toorajipour et al., 2021; Cannas et al., 2024). This review therefore evaluates AI as a strategic capability, examines adoption conditions and warehouse applications, integrates relevant theoretical perspectives, and identifies the empirical gap addressed by the survey.
The review follows the four objectives in Section 1.3. Sections 2.2–2.4 establish the meaning and context of reported AI integration (Objective 1); Sections 2.5–2.6 develop the decision-making and performance relationships (Objectives 2 and 3); and Section 2.7 identifies the conditions against which recommendations are evaluated (Objective 4). These theories guide interpretation, but the questionnaire does not measure every capability they describe.
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AI has moved beyond a narrow automation role towards a broader strategic capability in warehousing. AI-enabled warehouse management systems, analytics and autonomous technologies can improve inventory visibility, order fulfilment and resource allocation, but the strategic outcome depends on how these tools are embedded in processes and managerial routines (Sharma et al., 2022; Culot, Podrecca and Nassimbeni, 2024). This means that the relevant unit of analysis is not the algorithm alone but the organisational system through which data, people and technology interact (Büyüközkan and Göçer, 2018; Hofmann and Rüsch, 2017; Frederico et al., 2020; Frank, Dalenogare and Ayala, 2019).
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The Resource-Based View (RBV) helps explain why AI ownership is insufficient for sustained advantage. Barney (1991) argues that durable advantage depends on valuable, rare, inimitable and non-substitutable resources. Commercial AI software is increasingly accessible and is therefore unlikely to remain rare. Its value is more plausibly created through combinations of proprietary operational data, employee expertise, managerial knowledge and routines that competitors cannot easily reproduce (Brynjolfsson and McAfee, 2017).
Dynamic Capabilities Theory adds a temporal dimension. Warehouses face changing demand, disruption and technological development, so firms must continually sense changes, seize opportunities and reconfigure resources (Teece, 2018). Analytics can strengthen visibility and forecasting, but those insights create value only when organisations can adjust labour, inventory and processes accordingly (Wamba et al., 2017). Static technology acquisition is therefore less important than the capability to learn from and repeatedly adapt AI use.
The literature nevertheless warns against technological determinism. Poor data, fragmented infrastructure, weak leadership and low employee trust can prevent technically capable systems from producing useful outcomes (Jarrahi, 2018; Raisch and Krakowski, 2021; Culot, Podrecca and Nassimbeni, 2024). Human judgement remains particularly important for exceptions, ambiguous operational situations and accountability. AI should therefore be conceptualised as a complementary capability whose value depends on organisational conditions rather than as a substitute for managerial expertise.
[bookmark: review_heading_15][bookmark: _Toc240978998]2.2.2 Limits of capability explanations
Read together, RBV and Dynamic Capabilities Theory correct different weaknesses in technology-centred explanations. RBV clarifies why a commercially available AI application is unlikely to be rare or inimitable, whereas the dynamic-capabilities perspective explains why even valuable resource combinations can lose relevance as demand, processes and models change. Empirical AI-capability research supports the idea of coordinated technical and human resources (Mikalef and Gupta, 2021), while analytics research links performance to wider organisational capabilities rather than to software ownership alone (Wamba et al., 2017). A limitation is that capability can become a circular explanation if successful firms are labelled capable only after performance improves. The present study therefore tests observable perceived relationships and uses capability theory to interpret, rather than prove, their organisational mechanism (Makarius et al., 2020; Enholm et al., 2022; Borges et al., 2021; Dwivedi et al., 2021; Collins et al., 2021).
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The Technology-Organisation-Environment (TOE) framework explains AI adoption as the interaction of technological, organisational and environmental conditions (Tornatzky and Fleischer, 1990; Baker, 2012). Its value is that it prevents adoption from being reduced to technical feasibility and directs attention to readiness, leadership, resources and external pressures.
Technological readiness includes data quality, system compatibility and digital infrastructure. Warehouses generate data through warehouse management systems, enterprise systems, sensors, barcode technologies and connected equipment (Richards, 2022). AI models depend on these data being accurate and interoperable; fragmented legacy systems or poor data governance can weaken predictions and confidence in AI-supported decisions (Wamba et al., 2017; Culot, Podrecca and Nassimbeni, 2024).
Organisational readiness is equally important. Leadership influences investment, process redesign and the priority given to workforce development, while employees determine whether AI recommendations are interpreted, trusted and applied appropriately (Cannas et al., 2024). Resistance cannot simply be treated as an obstacle: it may reflect poor communication, limited training or legitimate concern about surveillance and decision accountability (Jarrahi, 2018; Raisch and Krakowski, 2021; Jöhnk, Weißert and Wyrtki, 2021; Oldemeyer, Jede and Teuteberg, 2025; Heimberger, Horvat and Schultmann, 2026; Chatterjee et al., 2021).
Environmental pressures include e-commerce expectations, labour shortages, competitive intensity and disruption risk (Ivanov and Dolgui, 2021; Sharma et al., 2022). TOE is useful for explaining why adoption occurs, but it is less able to explain why similar technologies produce different post-adoption outcomes (Oliveira and Martins, 2011; Gangwar, Date and Ramaswamy, 2015). For that reason, this dissertation combines TOE with RBV and Dynamic Capabilities Theory: readiness may enable adoption, but complementary resources and continued reconfiguration determine whether adoption becomes organisational value (Venkatesh, Raman and Cruz-Jesus, 2024; Fosso Wamba et al., 2024; Stohr et al., 2024; Agostinho et al., 2023).
TOE also leaves the direction of influence partly unresolved. Readiness may encourage adoption, but adoption can itself stimulate investment in data infrastructure, training and process redesign. Organisation size is similarly ambiguous: scale can supply resources for implementation, yet large legacy estates may increase integration complexity. Evidence from integrated TOE applications, including Gangwar, Date and Ramaswamy (2015), demonstrates the framework's breadth but does not eliminate this endogeneity. Consequently, subgroup differences in the present study are treated as contextual associations, not as evidence that size or training causes adoption.
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AI applications in warehousing are concentrated in inventory management, fulfilment, automation and predictive decision support. These applications can improve efficiency and responsiveness, but evidence should distinguish AI from conventional automation and operational improvement from sustained strategic advantage (Sharma et al., 2022; Culot, Podrecca and Nassimbeni, 2024; Chien et al., 2020; Lee et al., 2018; Wang et al., 2018; Li et al., 2017; Dhamija and Bag, 2020).
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Inventory management is a prominent application because warehouses must balance availability, service and holding cost under uncertain demand. Machine-learning models can combine historical and current data to update forecasts and support replenishment or stock-allocation decisions (Wamba et al., 2017; Pournader et al., 2021). However, forecasting accuracy is conditional on data quality and process integration; algorithmic sophistication cannot compensate for systematically incomplete or inconsistent operational data (Min, 2010; Wang et al., 2016; Gunasekaran et al., 2017; Kache and Seuring, 2017; Choi, Wallace and Wang, 2018; Waller and Fawcett, 2013; Dubey et al., 2020).
AI-enabled automation can also reduce travel and search time through intelligent routing, computer vision and autonomous mobile systems. Reviews of robotised warehouses show substantial throughput potential, but outcomes depend on layout, order profiles, fleet control and human-robot coordination (Azadeh, de Koster and Roy, 2019). E-commerce fulfilment also involves trade-offs between speed, flexibility, investment and process complexity (Boysen, de Koster and Weidinger, 2019). Automation can therefore redistribute work towards monitoring, exception handling and technical problem-solving rather than simply remove labour (Raisch and Krakowski, 2021; van Gils et al., 2018a; van Gils et al., 2018b; Weidinger, Boysen and Briskorn, 2018; Tappia et al., 2019).
[bookmark: review_heading_19][bookmark: _Toc240979002]2.4.2 Operational gains and strategic evidence
Predictive analytics extends AI from task automation to decision support by identifying potential stock shortages, capacity problems or equipment failures before disruption occurs (Ivanov and Dolgui, 2021). Yet the empirical evidence remains uneven. Systematic reviews contain many conceptual models, optimisation studies and single cases rather than longitudinal comparisons of realised organisational performance (Toorajipour et al., 2021; Culot, Podrecca and Nassimbeni, 2024). Operational gains such as faster picking or improved forecast accuracy should not automatically be treated as competitive advantage, particularly where similar technologies are available to competitors.
The evidential standards also differ across this literature. Engineering and optimisation studies can establish whether a model improves a specified objective under controlled assumptions, but they do not necessarily show that the improvement survives implementation, employee adaptation or changing demand. Reviews of automated warehousing identify throughput and travel-time potential while emphasising layout, order profile and coordination dependencies (Azadeh, de Koster and Roy, 2019; Boysen, de Koster and Weidinger, 2019). The warehouse case examined by Fakhrai Rad et al. (2025) similarly combines measurable order-picking benefits with implementation constraints. Such evidence supports operational plausibility, but it is insufficient on its own to establish firm-level competitive advantage.
[bookmark: _Toc239586597][bookmark: _Toc239762194][bookmark: review_heading_20][bookmark: _Toc240979003]2.5 Theoretical explanations of the relationships in Objectives 2 and 3
Variation in AI outcomes indicates that no single theory adequately explains adoption and value creation. The present study therefore combines TOE, RBV and Dynamic Capabilities Theory. Together they address three linked questions: what enables adoption, what complementary resources make AI strategically useful, and how those resources are adapted as operational conditions change.
TOE identifies technological readiness, organisational capability and environmental pressure as adoption conditions (Tornatzky and Fleischer, 1990; Baker, 2012). This framework is particularly relevant to warehousing because implementation depends on data infrastructure, compatibility, leadership, employee skills and competitive pressure. Its limitation is that adoption is treated more clearly than post-adoption value creation; empirical applications have therefore frequently combined TOE with capability-based perspectives (Oliveira and Martins, 2011; Gangwar, Date and Ramaswamy, 2015).
RBV addresses this limitation by focusing on resource combinations. AI itself is increasingly imitable, whereas proprietary data, experienced employees, process knowledge and organisational routines may be more difficult to replicate (Barney, 1991). Mikalef and Gupta (2021) similarly conceptualise AI capability as the capacity to select, coordinate and deploy AI-related resources, distinguishing technology possession from organisational ability to use it productively (Haefner et al., 2021; Faraj, Pachidi and Sayegh, 2018; von Krogh, 2018).
Dynamic Capabilities Theory explains how those resource combinations are renewed. Warehouses must continuously adapt to demand variation, disruption and new technology; therefore, the value of AI depends on learning, integration and reconfiguration rather than one-off implementation (Teece, 2018; Wamba et al., 2017). Human-AI collaboration is integral to this process because managers and employees interpret recommendations, manage exceptions and determine when automated outputs should be challenged (Jarrahi, 2018; Raisch and Krakowski, 2021).
The integrated framework therefore adds value only if the theories retain distinct roles. TOE explains whether technological, organisational and environmental conditions make adoption feasible; RBV assesses whether the resulting resource bundle could support differentiation; and Dynamic Capabilities Theory explains how that bundle is renewed. Combining them does not convert cross-sectional perceptions into causal evidence. Instead, it supplies a disciplined sequence of propositions: adoption should relate to decision effectiveness, decision effectiveness should relate to perceived performance, and the adoption-performance association may be partly indirect. These propositions are testable, while wider claims about leadership or data quality remain interpretive boundaries rather than measured paths.
[bookmark: _Toc239586598][bookmark: _Toc239762195][bookmark: review_heading_21][bookmark: _Toc240979004]2.6 Decision effectiveness and competitive performance for Objectives 2 and 3
AI can influence organisational decision-making by processing operational data at a scale and speed that exceed manual analysis. Warehouse decisions concerning inventory, labour, order prioritisation and capacity can therefore be supported by real-time information and predictive models (Wamba et al., 2017). The strategic question, however, is whether improved information produces better organisational decisions and whether those decisions translate into outcomes that competitors cannot easily reproduce.
Human judgement remains essential. AI can identify patterns and produce recommendations, but it does not automatically understand local context, ethical trade-offs or exceptional operational circumstances (Jarrahi, 2018; Raisch and Krakowski, 2021). Effective decision-making therefore depends on calibrated reliance: employees need sufficient competence and authority both to use AI recommendations and to override them when operational evidence justifies doing so (Steyvers and Kumar, 2024; Glikson and Woolley, 2020; Fügener et al., 2022; Dellermann et al., 2019; Seeber et al., 2020; Lebovitz, Levina and Lifshitz-Assaf, 2021).
[bookmark: review_heading_22][bookmark: _Toc240979005]2.6.1 From decision support to competitive performance
Competitive advantage is consequently a conditional outcome rather than a direct consequence of adoption. Accessible AI systems can produce productivity gains across an industry without creating sustainable differentiation. More durable advantage is likely when AI is integrated with organisation-specific data, routines, skills and learning processes (Brynjolfsson and McAfee, 2017; Teece, 2018; Culot, Podrecca and Nassimbeni, 2024). This distinction is especially important in warehousing, where operational metrics such as forecast accuracy or picking speed are often treated as proxies for strategic success.
The literature therefore supports a mediated interpretation: AI adoption may contribute to competitive outcomes partly because it improves the speed, accuracy and informational quality of organisational decisions. At the same time, poor data, limited trust, weak governance or inadequate employee capability can interrupt that pathway. Testing this relationship empirically is more informative than assuming a simple technology-performance effect.
Decision effectiveness is itself multidimensional. Speed may be valuable in routine allocation decisions but harmful if it reduces scrutiny in unusual or safety-critical situations. Accuracy can refer to prediction, inventory records or the eventual operational outcome, while information availability does not guarantee that managers act appropriately. Human-AI research consequently treats allocation of authority and calibrated reliance as central design questions (Jarrahi, 2018; Lee and See, 2004; Shrestha, Ben-Menahem and von Krogh, 2019). The survey measures perceived improvements across several of these dimensions, but it cannot verify decision accuracy against objective records.
[bookmark: _Toc239586599][bookmark: _Toc239762196][bookmark: review_heading_23][bookmark: _Toc240979006]2.7 Implementation risks and governance informing Objective 4
[bookmark: review_heading_24][bookmark: _Toc240979007]2.7.1 Opacity and workforce consequences
A performance-oriented view of AI can understate implementation risks. Warehouse AI depends on operational and employee data, so incomplete or historically biased information can produce unreliable recommendations. Burrell (2016) identifies several forms of algorithmic opacity, including technical complexity and organisational secrecy; both can reduce the ability of employees to understand or challenge vendor-generated outputs. Faster decisions are not necessarily better decisions if accountability is weakened.
Workforce consequences are similarly ambiguous. AI may reduce repetitive activity and support safer allocation of resources, but it can also increase electronic monitoring, narrow discretion or create uncertainty about job redesign. The automation-augmentation paradox suggests that value is greater when structured tasks are automated while human judgement is strengthened for exceptions and uncertainty (Raisch and Krakowski, 2021). Training, participation and clear override authority are therefore part of the performance architecture of AI rather than peripheral change-management activities (Parasuraman, Sheridan and Wickens, 2000; Kellogg, Valentine and Christin, 2020).
[bookmark: review_heading_25][bookmark: _Toc240979008]2.7.2 Governance and decision authority
Governance should therefore be treated as an organisational capability. Data ownership, access control, model monitoring, validation and human escalation procedures can increase implementation cost, but they reduce the risk that erroneous outputs are scaled across warehouse operations. Shrestha, Ben-Menahem and von Krogh (2019) show that AI changes the allocation of decision authority; the strategically relevant capability is consequently not maximum automation but reliable and accountable coordination between people and systems (Jobin, Ienca and Vayena, 2019; Floridi et al., 2018; Raji et al., 2020).
Governance also creates a genuine performance trade-off. Validation, access controls, audit trails and human escalation can slow deployment and increase cost, yet weak controls can scale poor decisions and undermine trust. Workforce resistance should therefore not be interpreted automatically as irrational opposition; it may signal concerns about surveillance, accountability or inadequate explanation. Conversely, complete reliance on employee discretion can prevent consistent use of evidence. The relevant capability is a workable division of labour in which automated recommendations are contestable, responsibilities are explicit and performance is monitored against operational and safety outcomes (Parasuraman and Riley, 1997; Raisch and Krakowski, 2021; Dietvorst, Simmons and Massey, 2015; Dietvorst, Simmons and Massey, 2018; Logg, Minson and Moore, 2019; Castelo, Bos and Lehmann, 2019; Green and Chen, 2019).
[bookmark: _Toc239586600][bookmark: _Toc239762197][bookmark: review_heading_26][bookmark: _Toc240979009]2.8 Critical synthesis and research gaps informing Objectives 1 to 4
The literature indicates that AI can improve warehouse forecasting, inventory control, fulfilment and decision support, but its effects are conditional on complementary organisational capabilities. TOE explains the conditions that enable adoption, RBV explains why technology alone is unlikely to create sustained advantage, and Dynamic Capabilities Theory explains why organisations must continually adapt technology, people and routines (Barney, 1991; Teece, 2018; Culot, Podrecca and Nassimbeni, 2024).
Three gaps are particularly relevant. First, much warehouse and supply-chain research emphasise technical or operational outputs rather than organisational decision-making. Second, evidence is concentrated in optimisation studies, individual cases and larger digitally mature organisations, limiting understanding across different warehouse settings. Third, AI adoption, decision effectiveness and competitive advantage are often examined separately rather than as linked constructs. Warehouse-specific case evidence also shows that technical benefits can be constrained by integration and organisational conditions (Fakhrai Rad et al., 2025).
The conceptual model therefore treats perceived AI adoption and integration as the explanatory construct, decision-making effectiveness as the proposed statistical mediator and perceived competitive performance as the outcome. Training adequacy, organisation size, reported current AI use and item-level implementation barriers provide contextual evidence. Leadership, data quality and trust remain theoretically relevant conditions identified in the literature, but they were not measured directly and are not presented as empirical findings of this survey.
Because the empirical study is cross-sectional, statistical mediation cannot establish temporal causality. Reverse causation remains plausible because better-performing organisations may have more resources to invest in AI. The study therefore tests whether the observed data are consistent with the proposed capability pathway while maintaining cautious interpretation of causality and generalisability.
[bookmark: _Toc239586601][bookmark: _Toc239762198][bookmark: review_heading_27][bookmark: _Toc240979010]3. Methodology
This chapter explains and justifies the design used to investigate the relationships among perceived artificial intelligence (AI) adoption, organisational decision-making effectiveness and perceived competitive performance in the warehousing industry. It reports the completed research design, data-collection procedures and statistical analysis and explains how each methodological choice addresses the research aim and objectives.
[bookmark: _Toc239586602][bookmark: _Toc239762199][bookmark: review_heading_28][bookmark: _Toc240979011]3.1 Research Aim and Objectives
The aim of this research was to critically examine the relationships among perceived artificial intelligence adoption, organisational decision-making effectiveness and perceived competitive performance within the warehousing industry, including the possible statistical mediating role of decision-making effectiveness.
The research objectives were to:
1. Identify the extent and level of organisational integration of AI reported within the warehouse organisations represented by respondents.
2. Analyse the relationship between perceived AI adoption and the speed, accuracy and informational quality of organisational decision-making.
3. Critically evaluate the direct and indirect associations between perceived AI adoption and competitive performance, including the statistical mediating role of decision-making effectiveness and exploratory differences by training and organisation size.
4. Develop evidence-based recommendations for warehouse organisations seeking to improve AI-supported decisions and competitive outcomes while maintaining appropriate human oversight.
The principal research question was:
What relationships exist among perceived AI adoption, organisational decision-making effectiveness and perceived competitive performance in warehouse organisations, and is the adoption-performance association statistically mediated by decision-making effectiveness?
Four hypotheses operationalised the conceptual model:
· H1: AI adoption is positively associated with decision-making effectiveness in warehouse organisations.
· H2: Perceived AI adoption is positively associated with perceived competitive performance.
· H3: Decision-making effectiveness is positively associated with perceived competitive performance.
· H4: Decision-making effectiveness statistically mediates the association between perceived AI adoption and perceived competitive performance.
The hypotheses were deliberately associational because a cross-sectional survey can identify statistical relationships but cannot establish temporal order or prove causation.
[bookmark: _Toc239586603][bookmark: _Toc239762200][bookmark: review_heading_29][bookmark: _Toc240979012]3.2 Research Rationale
A deductive, mono-method quantitative survey was selected because the research question required comparable measurements of perceived AI adoption, decision-making effectiveness and perceived competitive performance across a relatively broad group of warehouse personnel. Standardised questionnaire items made it possible to estimate the direction and strength of relationships using correlation, regression and mediation analysis (Creswell and Creswell, 2023; Saunders, Lewis and Thornhill, 2023). The online format was appropriate for employees working across organisations and shift patterns and reduced interviewer and manual-entry effects (Fowler, 2014). Methodological quality was supported through theory-to-item mapping, eligibility screening, a pre-administration usability check, documented data cleaning, reliability analysis and explicit controls on interpretation. These procedures strengthened transparency but did not remove the limitations of self-report, non-probability recruitment or cross-sectional measurement (DeVellis and Thorpe, 2021).
[bookmark: _Toc239586604][bookmark: _Toc239762201][bookmark: review_heading_30][bookmark: _Toc240979013]3.3 Research Design
[bookmark: review_heading_31][bookmark: _Toc240979014]3.3.1 Advantages and limitations of the survey design
The study used an explanatory, mono-method quantitative survey with a cross-sectional time horizon. The principal evidence consisted of numerical responses from one structured questionnaire. The design tested specified associations among perceived AI adoption, decision-making effectiveness and perceived competitive performance rather than merely describing technology use; its explanatory intent does not overcome the temporal limits of cross-sectional data.
A standardised survey was appropriate for estimating the hypothesised associations across warehouse roles and organisations. Its principal advantage over interviews was comparability; its disadvantage was limited access to the reasons behind each answer. Interviews could have explained contradictory training responses or experiences of managerial control but would not alone estimate the proposed statistical relationships. A mixed-method design could have combined both benefits, at the cost of a second recruitment strand and integration of different forms of evidence. The mono-method choice was therefore a feasible compromise within the dissertation timeframe, with explanatory depth deliberately restricted (Creswell and Creswell, 2023).
[bookmark: review_heading_32][bookmark: _Toc240979015]3.3.2 Cross sectional evidence and alternative designs
Each participant completed the questionnaire once. The cross-sectional design was efficient for identifying current patterns, but all principal constructs were measured at the same time. Reverse direction is therefore plausible: more capable or better-performing warehouses may also have greater resources to adopt AI. The findings are consequently expressed as associations and statistical mediation rather than proven causal effects (Maxwell and Cole, 2007; Spector, 2019; Rohrer, 2018).
A longitudinal survey would better establish whether adoption preceded changes in decisions and performance but would require repeated access and risk participant attrition. A controlled pilot could strengthen causal attribution, although operational differences and concurrent process changes would complicate comparison. The cross-sectional design was retained for accessible, contemporaneous evidence; its efficiency does not compensate for the inability to distinguish these competing temporal explanations (Maxwell and Cole, 2007; Spector, 2019).
[bookmark: _Toc239586605][bookmark: _Toc239762202][bookmark: review_heading_33][bookmark: _Toc240979016]3.4 Research Paradigm and Philosophy
Positivism, interpretivism and pragmatism were considered. Interpretivism would have been appropriate for a study centred on individual meaning, while pragmatism could have supported a mixed-method design (Saunders, Lewis and Thornhill, 2023). A practically oriented positivist position was selected because the study operationalised theory-derived constructs as measurable variables and tested regularities across respondents using standardised numerical evidence.
This position does not imply that employee perceptions are objective measures of firm performance. Questionnaire scores represent respondents' assessments of their workplaces rather than audited productivity, profitability or decision accuracy. Positivism was nevertheless the closest fit because standardised measurement reduced researcher influence and enabled explicit hypothesis testing.
The research approach was deductive. TOE informed the conditions surrounding adoption, RBV identified complementary resources required to translate technology into advantage, and Dynamic Capabilities Theory explained the integration and reconfiguration of those resources. These perspectives generated a bounded conceptual model in which AI adoption was expected to contribute to competitive outcomes partly through decision-making effectiveness (Creswell and Creswell, 2023).
[bookmark: _Toc239586606][bookmark: _Toc239762203][bookmark: review_heading_34][bookmark: _Toc240979017]3.5 Data Collection
Primary data were collected through a structured online questionnaire containing 27 numbered questions, preceded by participant information, active consent and eligibility screening. Q1-Q4 captured role, warehousing experience, organisation size and reported current AI use. Q5-Q27 used predominantly five-point Likert responses and measured adoption and integration, decision-making effectiveness, perceived competitive performance, implementation barriers and workplace safety. The analytical question schedule and response options are reproduced in Appendix A (DeVellis and Thorpe, 2021).
[bookmark: review_heading_35][bookmark: _Toc240979018]3.5.1 Standardisation and online access
The questionnaire was selected because it presented identical questions to all participants, reduced interviewer influence and could reach employees across organisations and shift patterns. Online administration also reduced transcription errors, although it introduced potential coverage, self-selection and non-response bias. The mobile-accessible form was therefore distributed through several professional and industry routes rather than a single managerial channel (Dillman, Smyth and Christian, 2014).
[bookmark: review_heading_36][bookmark: _Toc240979019]3.5.2 Measurement coverage and item limitations
Items were mapped to the conceptual model. Q5-Q9 measured perceived adoption and integration; Q10-Q15 measured decision-making effectiveness; Q16-Q21 measured perceived competitive performance; Q22-Q25 captured distinct implementation concerns; and Q26-Q27 addressed perceived safety outcomes. Training was represented by Q7 and Q24. Leadership, data quality and trust were discussed in the literature but were not measured directly, so no empirical claim is made about their effects.
Questions were written in concise, neutral language and checked before live administration for clarity, routing, completion time and mobile display (Presser et al., 2004). This was a formative usability check rather than a separately reported psychometric pilot, and test submissions were kept outside the final analytical file. Participants could proceed to substantive questions only after active consent.
Standardisation also creates a measurement trade-off. Fixed Likert categories simplify comparison but compress different interpretations of “AI” and cannot distinguish verified system use from expectations. Several items ask respondents to attribute improvements to AI, potentially encouraging favourable causal judgements that the design cannot validate. Investment, training and integration are combined in Q5–Q9, so an adoption association cannot isolate technology intensity from its organisational complements. In particular, Q7 subgroup findings are not independent evidence that training moderates the adoption relationship. This limits the breadth of the conclusions despite high internal consistency (DeVellis and Thorpe, 2021).
[bookmark: _Toc239586607][bookmark: _Toc239762204][bookmark: review_heading_37][bookmark: _Toc240979020]3.6 Population and Sample
The target population comprised adults aged 18 or over working in warehousing or closely connected logistics operations with sufficient knowledge to comment on digital or AI-enabled systems. Eligible participants included warehouse operatives, team leaders, supervisors, managers and logistics professionals. Including several occupational levels reduced reliance on managerial perceptions alone and captured both operational interaction with technology and higher-level planning perspectives.
[bookmark: review_heading_38][bookmark: _Toc240979021]3.6.1 Sample adequacy and selection bias
The study set a pragmatic target of approximately 150-200 usable questionnaires and obtained 150 usable records. The target was proportionate to the parsimonious correlational, regression and mediation models, but it was not an a priori probability-based power calculation (Hair et al., 2019; Hayes, 2022). Precision is therefore considered alongside effect magnitude, model simplicity, missingness and subgroup cell sizes rather than treating the achieved sample as an automatic guarantee of adequate power.
Non-probability purposive sampling was used because no complete sampling frame of warehouse personnel with relevant AI knowledge was available. Recruitment used to overlap professional networks, warehouse and logistics contacts, relevant online groups and industry forums. These open routes improved sector relevance but did not provide a defensible number of unique invitations; consequently, a conventional response rate could not be calculated. Unknown inclusion probabilities, convenience and self-selection elements prevent statistical generalisation to the entire warehousing industry (Saunders, Lewis and Thornhill, 2023).
The analytical file contained 150 usable records after consent, eligibility and data-quality screening. Predefined reasons for non-inclusion were non-consent, ineligibility, substantial incompleteness, duplication or clear invalidity, never disagreement with the hypotheses. Because only the final analytical file was available for dissertation reporting, a detailed recruitment flow and the number removed at each screening stage are not claimed.
[bookmark: _Toc239586608][bookmark: _Toc239762205][bookmark: review_heading_39][bookmark: _Toc240979022]3.7 Data Analysis
[bookmark: review_heading_40][bookmark: _Toc240979023]3.7.1 Scoring and missing responses
Data were analysed in IBM SPSS Statistics through screening, description, reliability assessment and hypothesis testing (Field, 2018; Pallant, 2020). 'I do not know' responses were treated as missing and no imputation was used. Composite scores were respondent-level means calculated when at least 80% of the relevant items were valid: four of five adoption items, five of six decision items and five of six performance items; both safety items were required. The challenges items were reported individually because their reliability did not support confirmatory aggregation. This rule avoided artificial midpoint coding while limiting scores based on excessive item-level missingness (Little and Rubin, 2019).
[bookmark: review_heading_41][bookmark: _Toc240979024]3.7.2 Categorical comparisons and statistical assumptions
Frequencies and percentages described categorical variables and item distributions, while means and standard deviations summarised composite measures. For organisation-size and role comparisons, 'no' and 'unsure' were combined as 'AI use not confirmed'. This distinguishes confirmed use from other answers but sacrifices the distinction between absence and uncertainty. The role comparison combines all non-operative categories, including 'other', and cannot isolate managerial perspectives. A high outcome was defined for exploratory reporting as a composite mean of at least 4.0; continuous scores were retained for primary hypothesis tests. Pearson chi-square tests without continuity correction and Cramer's V summarised categorical associations. One-way ANOVA and eta-squared were used only for exploratory group comparisons (Field, 2018; Pallant, 2020).
The four reported contingency tests have minimum expected counts of 5.60, 15.87, 13.25 and 11.64 respectively, supporting the chi-square approximation. Independence remains less certain: anonymous respondents could work for the same employer, and organisational clustering cannot be assessed without employer identifiers. The results therefore concern respondent reports, not a sample of 150 verified independent warehouses. As a multiplicity sensitivity check, the size and two training associations remain significant at .0125 (.05/4); the role association remains non-significant. These are omnibus comparisons and do not establish every pairwise difference.
Appendix C contains single-choice demographic questions and rating items, not multiple-response selections. Several available response categories do not make an item a “select all that apply” question. Experience-by-outcome and individual item-by-demographic tests require joint respondent-level records; marginal frequency tables cannot recover those relationships. Such additional comparisons are therefore not reported. If multiple-response items are added in future, each option should be coded as selected/not selected for each respondent, with appropriate multiplicity control; pooled selections must not be treated as independent people.
[bookmark: review_heading_42][bookmark: _Toc240979025]3.7.3 Reliability and model estimation
Internal consistency was assessed with Cronbach's alpha, using approximately .70 as a guide rather than a mechanical threshold (Nunnally and Bernstein, 1994). Item-level interpretation was retained where a composite lacked adequate reliability. High alpha values were also interpreted cautiously because internal consistency does not by itself demonstrate construct validity or distinctiveness (Tabachnick and Fidell, 2019; Sijtsma, 2009).
Pearson correlations tested the bivariate relationships corresponding to H1-H3. Ordinary least-squares regression estimated the total and mutually adjusted associations among adoption, decision effectiveness and perceived competitive performance using 146 complete composite records. H4 was assessed through a 5,000-resample bootstrap indirect effect; a confidence interval excluding zero was treated as statistical evidence of an indirect association (Hayes, 2022). Linearity, residual behaviour, homoscedasticity, collinearity and influential cases are relevant assumptions. The retained summary output permits evaluation of model fit and predictor collinearity but does not reproduce every residual or influence diagnostic; the results are therefore reported as associational and interpreted conservatively.
[bookmark: _Toc239586609][bookmark: _Toc239762206][bookmark: review_heading_43][bookmark: _Toc240979026]3.8 Reliability and Validity
Reliability concerned measurement consistency, while validity concerned whether the evidence supported the intended interpretation of the scores. Instrument design used a warehouse-specific explanation of AI, concise wording, a common response scale and a pre-administration usability check to reduce ambiguity and routing problems. During analysis, Cronbach's alpha and item relationships were used to assess internal consistency, and recoding and exclusion decisions were documented.
Content validity was supported by mapping questionnaire sections to the research objectives, literature-derived constructs and conceptual model; face validity was supported by the pre-administration usability check. High internal consistency supported score reliability, but the correlations among the three principal constructs were also extremely high. No exploratory or confirmatory factor analysis was undertaken, so discriminant validity cannot be assumed. Criterion validity remained limited because audited warehouse performance indicators were unavailable and perceived competitive performance could not be validated against objective firm outcomes.
The use of one questionnaire, one respondent and one time point created common-method risk. Procedural controls included neutral wording, separation of construct sections, anonymity and avoidance of unnecessarily repetitive predictor and outcome statements. Extremely high inter-construct correlations were therefore treated critically rather than as unqualified evidence of model strength; no single post-hoc test can demonstrate that common-method bias is absent (Podsakoff et al., 2003; Conway and Lance, 2010). External validity was also restricted by purposive recruitment, requiring cautious population-level claims.
[bookmark: _Toc239586610][bookmark: _Toc239762207][bookmark: review_heading_44][bookmark: _Toc240979027]3.9 Limitations of the Research
The methodology has several limitations. Cross-sectional measurement cannot establish temporal order; purposive and voluntary recruitment prevents known selection probabilities; open online collection prevents a conventional response-rate denominator and may under-represent workers with limited access or time; and self-reported variables are exposed to recall, social-desirability and common-method effects. Respondents may classify automation, robotics and analytics differently, and the questionnaire measures perceived integration rather than specific AI forms. Perceived competitive performance is not equivalent to independently verified performance or sustained advantage. The absence of factor analysis and complete residual diagnostics further limits claims about construct distinctiveness and regression assumptions.
These limitations were reduced through eligibility screening, warehouse-specific wording, inclusion of multiple occupational levels, a documented 80% composite-completion rule, anonymity, transparent treatment of uncertain responses and cautious statistical interpretation. They cannot be eliminated analytically. The study therefore provides evidence about associations among perceived constructs within the achieved sample, not an industry-wide prevalence estimates or proof that AI caused competitive advantage.
[bookmark: _Toc239586611][bookmark: _Toc239762208][bookmark: review_heading_45][bookmark: _Toc240979028]3.10 Research Ethics
The study was designed to comply with University of Wales Trinity Saint David (UWTSD) Research Integrity and Ethics requirements, including proportionate review, informed participation, research integrity and minimisation of participant risk (UWTSD, 2026). Recruitment, consent, questionnaire content and data use were required to remain within the applicable ethical protocol; any material change would require further authorisation. The formal approval record and participant-facing materials should be retained with the project documentation even though the analytical appendix focuses on the questionnaire variables used in this dissertation.
Participation was restricted to adults aged 18 or over and was voluntary. The information page explained the study purpose, participation requirements, intended use of responses, foreseeable risks and relevant contact details. Active consent was required before substantive questions appeared. Recruitment messages avoided pressure, and managers were not asked to identify who participated or declined. Because responses were anonymous, the limits of post-submission withdrawal were communicated rather than promising removal of records that could no longer be identified.
Data minimisation was applied because workplace perceptions could become sensitive if linked to identifiable individuals or employers. The survey did not require names, employer names or exact workplace locations and did not request confidential algorithms, security procedures or commercially sensitive performance data. Findings were reported in aggregate.
Survey exports and analysis files were stored in password-protected, access-controlled university or approved storage, with the raw file kept separately from the cleaned analytical dataset. Data are to be retained only for the period required by institutional policy and then securely deleted. These arrangements reflect the UK GDPR principles of lawfulness, fairness, transparency, purpose limitation, data minimisation, accuracy, storage limitation, integrity and confidentiality, and accountability (ICO, 2026), together with ESRC expectations for informed consent and proportionate ethical responsibility (UKRI, 2025).
[bookmark: _Toc239586612][bookmark: _Toc239762209][bookmark: review_heading_46][bookmark: _Toc240979029]4. Findings and Discussion
Quantitative analysis of AI adoption, decision-making and perceived competitive performance in warehousing (n = 150)
[bookmark: _Toc239586613][bookmark: _Toc239762210][bookmark: review_heading_47][bookmark: _Toc240979030]4.1 Introduction and analytical approach
This combined Findings and Discussion chapter evaluates the survey evidence against the research aim and theoretical framework. It follows a Describe-Analyse-Synthesise logic: results are first reported, then assessed for statistical strength and methodological limitations, and finally interpreted through TOE, RBV, Dynamic Capabilities Theory and human-AI research. This integrated structure keeps empirical interpretation directly connected to the literature rather than separating numerical results from their conceptual meaning.
The dataset contained 150 records and 23 Likert items (Q5-Q27), alongside role, experience, organisation size and current AI-use status. Responses ranged from 1 (strongly disagree) to 5 (strongly agree); 'I do not know' was treated as missing. Across 3,450 possible Likert responses, 57 values (1.65%) were uncertain or missing and no imputation was used. Composite means required at least 80% valid items, as specified in Section 3.7. The analysis used descriptives, reliability estimates, cross-tabulations, chi-square tests, Pearson correlations, ordinary least-squares regression, exploratory one-way ANOVA and 5,000-resample bootstrap mediation. Statistical significance is reported at p < .05, but effect size, measurement quality and design limitations govern interpretation.
[bookmark: _Toc239586614][bookmark: _Toc239762211][bookmark: review_heading_48][bookmark: _Toc240979031]4.2 Descriptive findings: respondent profile and survey distributions
[bookmark: review_heading_49][bookmark: _Toc240979032]4.2.1 Respondent profile
The analysis begins with descriptives so that subsequent tests can be interpreted against the composition of the dataset rather than as decontextualised coefficients. Table 1 reports the frequency and percentage for every demographic category. Warehouse operatives were the majority group (54.7%), large organisations supplied 52.0% of records, and 76.7% reported that their organisation currently used AI. This profile provides relevant operational viewpoints, but it also means that the results are weighted towards operative perspectives and larger organisations; this does not establish representativeness for either group.
[bookmark: _Toc239761660][bookmark: _Toc240977534]Table 1 Demographic profile of the respondents (frequencies and percentages)
	Variable
	Category
	n
	%

	Role
	Warehouse Operative
	82
	54.7%

	
	Team Leader/Supervisor
	30
	20.0%

	
	Operations Manager
	14
	9.3%

	
	Warehouse Manager
	12
	8.0%

	
	Logistics Manager
	10
	6.7%

	
	Other
	2
	1.3%

	Warehousing experience
	4–6 years
	39
	26.0%

	
	1–3 years
	38
	25.3%

	
	7–10 years
	34
	22.7%

	
	More than 10 years
	28
	18.7%

	
	Less than 1 year
	11
	7.3%

	Organisation size
	Large (250+ employees)
	78
	52.0%

	
	Medium (50–249 employees)
	48
	32.0%

	
	Small (1–49 employees)
	24
	16.0%

	Organisation currently uses AI
	Yes
	115
	76.7%

	
	No
	20
	13.3%

	
	Unsure
	15
	10.0%




[bookmark: review_heading_50][bookmark: _Toc240979033]4.2.2 Item distributions and their meaning
[bookmark: _Toc239761661][bookmark: _Toc240977535]Table 2 Likert-question response distributions: frequency and percentage of all records
	Item
	Strongly
disagree
	Disagree
	Neutral
	Agree
	Strongly
agree
	Don't know/
missing

	Q5
	8 (5.3%)
	15 (10.0%)
	29 (19.3%)
	72 (48.0%)
	26 (17.3%)
	0 (0.0%)

	Q6
	9 (6.0%)
	15 (10.0%)
	36 (24.0%)
	64 (42.7%)
	21 (14.0%)
	5 (3.3%)

	Q7
	11 (7.3%)
	17 (11.3%)
	48 (32.0%)
	55 (36.7%)
	19 (12.7%)
	0 (0.0%)

	Q8
	6 (4.0%)
	17 (11.3%)
	23 (15.3%)
	76 (50.7%)
	28 (18.7%)
	0 (0.0%)

	Q9
	3 (2.0%)
	17 (11.3%)
	26 (17.3%)
	62 (41.3%)
	35 (23.3%)
	7 (4.7%)

	Q10
	6 (4.0%)
	9 (6.0%)
	36 (24.0%)
	61 (40.7%)
	38 (25.3%)
	0 (0.0%)

	Q11
	9 (6.0%)
	10 (6.7%)
	31 (20.7%)
	49 (32.7%)
	51 (34.0%)
	0 (0.0%)

	Q12
	8 (5.3%)
	13 (8.7%)
	27 (18.0%)
	68 (45.3%)
	34 (22.7%)
	0 (0.0%)

	Q13
	9 (6.0%)
	12 (8.0%)
	25 (16.7%)
	70 (46.7%)
	34 (22.7%)
	0 (0.0%)

	Q14
	5 (3.3%)
	14 (9.3%)
	25 (16.7%)
	68 (45.3%)
	38 (25.3%)
	0 (0.0%)

	Q15
	6 (4.0%)
	12 (8.0%)
	27 (18.0%)
	61 (40.7%)
	38 (25.3%)
	6 (4.0%)

	Q16
	9 (6.0%)
	17 (11.3%)
	30 (20.0%)
	59 (39.3%)
	35 (23.3%)
	0 (0.0%)

	Q17
	9 (6.0%)
	19 (12.7%)
	39 (26.0%)
	62 (41.3%)
	17 (11.3%)
	4 (2.7%)

	Q18
	8 (5.3%)
	16 (10.7%)
	39 (26.0%)
	61 (40.7%)
	21 (14.0%)
	5 (3.3%)

	Q19
	6 (4.0%)
	18 (12.0%)
	40 (26.7%)
	56 (37.3%)
	26 (17.3%)
	4 (2.7%)

	Q20
	6 (4.0%)
	15 (10.0%)
	35 (23.3%)
	53 (35.3%)
	36 (24.0%)
	5 (3.3%)

	Q21
	7 (4.7%)
	15 (10.0%)
	31 (20.7%)
	53 (35.3%)
	36 (24.0%)
	8 (5.3%)

	Q22
	0 (0.0%)
	5 (3.3%)
	59 (39.3%)
	69 (46.0%)
	11 (7.3%)
	6 (4.0%)

	Q23
	1 (0.7%)
	33 (22.0%)
	82 (54.7%)
	33 (22.0%)
	1 (0.7%)
	0 (0.0%)

	Q24
	59 (39.3%)
	55 (36.7%)
	20 (13.3%)
	10 (6.7%)
	6 (4.0%)
	0 (0.0%)

	Q25
	0 (0.0%)
	14 (9.3%)
	70 (46.7%)
	51 (34.0%)
	8 (5.3%)
	7 (4.7%)

	Q26
	11 (7.3%)
	12 (8.0%)
	39 (26.0%)
	58 (38.7%)
	30 (20.0%)
	0 (0.0%)

	Q27
	8 (5.3%)
	17 (11.3%)
	31 (20.7%)
	62 (41.3%)
	32 (21.3%)
	0 (0.0%)




The ordinal distributions show that positive responses were concentrated in operational adoption and decision-support items. For example, 70.7% agreed or strongly agreed that AI improved inventory decisions (Q14). Among valid respondents, 54.1% reported cost reduction (Q17) and 56.2% reported an advantage over competitors (Q19). The gap is substantively important: operational decisions receive stronger endorsement than strategic outcomes; this cross-sectional comparison does not demonstrate which improvement occurred first. Table 2 uses all 150 records as its denominator, so that missing or uncertain responses remain visible; Appendix A reports valid-response agreement percentages. Across Q5-Q27, 57 responses were recorded as 'I do not know' or missing.
[bookmark: _Toc239586615][bookmark: _Toc239762212][bookmark: review_heading_51][bookmark: _Toc240979034]4.3 Cross-tabulation, group differences and measurement quality
[bookmark: review_heading_52][bookmark: _Toc240979035]4.3.1 Group comparisons and their interpretation
Cross-tabulation examined whether the descriptive pattern concealed differences by organisation size, role and training. 'No' and 'unsure' were collapsed into 'AI use not confirmed', producing a confirmed-use comparison with adequate expected counts (Appendix B). Role was compared as operative versus all other roles. The training table uses a composite mean of at least 4.0; this remains exploratory because dichotomisation reduces information. No separate experience comparison can be inferred from the reported marginal totals.
[bookmark: _Toc239761662][bookmark: _Toc240977536]Table 3 Reported organisational AI use by organisation size and respondent role (row percentages)
	Grouping variable
	Respondent group
	No/unsure n (%)
	Confirmed use n (%)

	Organisation size
	Small (1-49 employees)
	12 (50.0%)
	12 (50.0%)

	
	Medium (50-249 employees)
	13 (27.1%)
	35 (72.9%)

	
	Large (250+ employees)
	10 (12.8%)
	68 (87.2%)

	Role group
	Warehouse operative
	19 (23.2%)
	63 (76.8%)

	
	All other roles (including other)
	16 (23.5%)
	52 (76.5%)


Note: AI-use status is collapsed to confirmed use versus no/unsure. Organisation size: chi-square(2) = 14.74, p < .001, Cramer's V = .313. Role group: chi-square(1) = 0.003, p = .959, Cramer's V = .004.
[bookmark: _Toc239761663][bookmark: _Toc240977537]Table 4 Training adequacy by high decision-effectiveness and competitive-performance classifications
	Training adequacy (Q7)
	High decision effectiveness n/N (%)
	High competitive performance n/N (%)

	Disagree (1-2)
	2/28 (7.1%)
	1/25 (4.0%)

	Neutral (3)
	26/48 (54.2%)
	22/47 (46.8%)

	Agree (4-5)
	51/74 (68.9%)
	45/74 (60.8%)



Note: 'High' denotes a composite mean >= 4.0. Decision outcome: chi-square(2) = 31.16, p < .001, Cramer's V = .456. Competitive-performance outcome: chi-square(2) = 24.24, p < .001, Cramer's V = .407. Denominators vary only where outcome items were missing.
Confirmed AI use rose from 50.0% in small organisations to 72.9% in medium organisations and 87.2% in large organisations: chi-square(2, N = 150) = 14.74, p = .000631, Cramer's V = .313. The 37.2 percentage-point large–small difference is descriptive; the omnibus test establishes an overall association, not the significance of each pairwise contrast. This is consistent with the readiness argument in Section 2.3 (Tornatzky and Fleischer, 1990), but size does not directly measure finance, infrastructure or specialist expertise. TOE therefore supplies plausible explanations rather than a tested mechanism. Confirmed use was almost identical among operatives (76.8%) and all other roles (76.5%): chi-square(1, N = 150) = 0.003, p = .959, V = .004. This gives no evidence of a role association in this grouping but does not establish equivalent experiences or outcomes across occupations.
Training separated the exploratory high-outcome classifications. Only 7.1% of respondents who disagreed that training was adequate had decision-effectiveness means of at least 4.0, compared with 68.9% among those who agreed; the corresponding competitive-performance proportions were 4.0% and 60.8%. The associations were moderately strong, but the threshold discards within-group variation and cannot establish a training effect. More capable organisations may simultaneously invest in technology, training and process quality. The result is therefore a boundary condition consistent with human-AI augmentation and RBV, not proof that training alone causes performance.
The training contrasts amount to 61.8 percentage points for high decision effectiveness and 56.8 points for highly competitive performance between agreement and disagreement groups. This is consistent with the complementary human resources discussed in Sections 2.2 and 2.6 (Mikalef and Gupta, 2021; Jarrahi, 2018). However, the disagreement groups contain only two and one high-outcome cases respectively. The results justify investigating capability gaps, not assuming a training intervention would reproduce these differences. Full high/below-threshold counts appear in Appendix B; the four-test sensitivity check in Section 3.7 does not change the conclusions.
[bookmark: _Toc239586616][bookmark: _Toc239762213][bookmark: review_heading_53][bookmark: _Toc240979036]4.3.2 Measurement reliability and overall pattern
Internal consistency was strong for adoption and integration (alpha = .945), decision-making effectiveness (alpha = .956) and perceived competitive performance (alpha = .950). For the two-item safety measure, the Spearman-Brown coefficient was .888, and the implied inter-item correlation was .799. The implementation-challenges items produced alpha = .466 and were therefore not treated as a coherent inferential scale. High reliability does not establish validity; coefficients above .94 and inter-construct correlations above .84 may also indicate item redundancy or common method overlap.
[bookmark: _Toc239761664][bookmark: _Toc240977538]Table 5 Construct-level descriptive statistics and internal consistency
	Construct
	N
	Mean
	SD
	Reliability
	N for alpha

	AI adoption and integration
	150
	3.589
	0.937
	0.945
	138

	Decision-making effectiveness
	150
	3.759
	0.982
	0.956
	144

	Perceived competitive performance
	146
	3.591
	0.961
	0.950
	128

	Implementation challenges (descriptive only)
	150
	2.977
	0.508
	0.466
	137

	Workplace safety
	150
	3.590
	1.054
	SB = .888
	150



Decision-making effectiveness had the highest mean (M = 3.759, SD = .982), followed by perceived competitive performance (M = 3.591, SD = .961), workplace safety (M = 3.590, SD = 1.054) and adoption/integration (M = 3.589, SD = .937). The descriptive challenges mean (M = 2.977, SD = .508) is retained only to show the centre of the item set; weak reliability prevents substantive interpretation as one construct. Figure 1 compares the measures across reported AI-use status, but the adoption-group contrast partly overlaps conceptually with the adoption scale and is not an independent causal test.
[bookmark: _Toc239761665][bookmark: _Toc240977539]Table 6 Pearson correlations among the principal composite measures
	Construct
	M
	SD
	1
	2
	3

	1. Adoption and integration
	3.589
	.937
	-
	.875***
	.843***

	2. Decision-making effectiveness
	3.759
	.982
	.875***
	-
	.848***

	3. Perceived competitive performance
	3.591
	.961
	.843***
	.848***
	-



[bookmark: _Toc239761736]Figure 1 Mean construct scores by reported organisational AI-use status. Lower challenge scores indicate fewer perceived barriers; all other constructs are positively oriented.
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[bookmark: _Toc239586617][bookmark: _Toc239762214][bookmark: review_heading_54][bookmark: _Toc240979037]4.4 Finding 1: Adoption is widespread but capability-dependent
At item level, 65.3% agreed that AI was widely used in their organisation (Q5, M = 3.620), while 69.3% agreed that it was integrated into daily warehouse operations (Q8, M = 3.687). Among valid responses, 67.8% perceived that AI use had increased over the previous three years (Q9, M = 3.762), the highest adoption item. Investment was evaluated somewhat less positively (Q6, M = 3.503; 58.6% agreement), and training was the weakest adoption condition (Q7, M = 3.360; 49.3% agreement). Description therefore indicates diffusion and operational embedding, but it does not show equally strong workforce preparation.
Analysis by current AI-use status provides an exploratory convergence check. Adoption/integration averaged 3.988 among confirmed-use records, 3.007 among unsure records and 1.730 among no-use records, F (2, 147) = 177.13, p < .001, eta-squared = .707. The effect is partly tautological because the grouping variable and scale capture closely related ideas, and the retained summary output does not reproduce the full ANOVA assumption diagnostics. It is therefore treated as descriptive validation rather than an independent causal finding.
The pattern synthesises well with the integrated theoretical framework developed in the literature review. TOE explains why infrastructure, investment capacity and human readiness affect adoption, while RBV suggests that commercial AI is unlikely to remain rare or inimitable on its own (Barney, 1991). Prior IT-capability evidence similarly indicates that value arises from combining infrastructure with human expertise and organisational intangibles rather than from technology ownership alone (Bharadwaj, 2000). Strategic value therefore depends on complementary resources such as proprietary operational data, skilled employees and routines for incorporating insights into workflow. Dynamic Capabilities Theory adds that these resources must be repeatedly reconfigured as demand, technology and supply-chain risk change (Helfat and Peteraf, 2003; Teece, 2018). The relatively weak training item is therefore more than a human-resources concern: it may indicate a bottleneck preventing technological investment from becoming an embedded organisational capability.
Against Section 2.3, the size gradient supports the relevance of organisational readiness, while the non-significant role comparison limits any claim that adoption is primarily a managerial perception. Neither finding measures readiness directly. Against Section 2.2, widespread adoption is compatible with AI becoming an accessible operational resource; it cannot establish the rarity or inimitability required by RBV. The evidence addresses Objective 1 by describing integration, while leaving the source of strategic differentiation open.
[bookmark: _Toc239586618][bookmark: _Toc239762215][bookmark: review_heading_55][bookmark: _Toc240979038]4.5 Finding 2: AI-enabled decision-making is the strongest perceived benefit
The decision-making scale produced the highest construct mean. Agreement was strongest for improved inventory decisions (Q14, 70.7%, M = 3.800), followed by reduced human error (Q13, 69.3%, M = 3.720), support for forecasting and demand planning (Q15, 68.8%, M = 3.785) and useful real-time information (Q12, 68.0%, M = 3.713). Two-thirds agreed that AI improved decision accuracy (Q11, 66.7%, M = 3.820) and speed (Q10, 66.0%, M = 3.773). Descriptively, respondents perceived AI less as a stand-alone automation device and more as a decision-support capability across inventory, forecasting and operational control. This emphasis is operationally plausible because order picking, storage and fulfilment depend on closely connected design and control decisions (de Koster, Le-Duc and Roodbergen, 2007; Boysen, de Koster and Weidinger, 2019).
[bookmark: review_heading_56][bookmark: _Toc240979039]4.5.1 Association and competing explanations
Adoption/integration correlated strongly with decision-making effectiveness, r = .875, p < .001 (Table 6). In the regression using 146 complete composite records, adoption predicted decision effectiveness with standardised beta = .868 and R-squared = .753, p < .001. This supports H1 within the analysed sample. The magnitude is unusually high for conceptually distinct organisational constructs and may reflect similar wording, a common response format, common-method variance or broader organisational positivity; it should not be interpreted as proof of discriminant validity or causality.
The training cross-tabulation in Table 4 gives H1 an applied boundary condition. Adoption was associated with decision effectiveness, but high scores were concentrated among respondents who considered training adequate. This does not establish a training effect, because the cross-sectional design cannot determine temporal order and more capable organisations may simultaneously invest in technology and workforce development. Nevertheless, the result prevents an overly technological interpretation of H1: implementation quality and employee capability appear central to whether AI is experienced as useful decision support.
This finding synthesises with research that frames AI as a complement to, rather than a substitute for, human judgement. Jarrahi (2018) argues that AI contributes computational scale and pattern recognition while people contribute contextual and intuitive understanding. Raisch and Krakowski (2021) similarly describe an automation-augmentation paradox: organisations may automate structured tasks while still needing employees to interpret recommendations, manage exceptions and challenge inappropriate outputs. Human-factors research further warns that both misuse through over-reliance and disuse through insufficient trust can reduce the value of automation; effective use therefore requires appropriately calibrated reliance (Parasuraman and Riley, 1997; Lee and See, 2004). In warehousing, this is especially relevant because inventory priorities, labour allocation and disruption responses cannot always be reduced to historical patterns. The numerical pattern is therefore consistent with the literature review's claim that the strategically relevant capability is effective human-AI collaboration, not maximum automation.
This addresses Objective 2 at the level of perceived decision effectiveness. Section 2.6 distinguishes faster information processing from sound judgement, and the survey cannot show whether quicker decisions were appropriate during disruptions or exceptional demand. The pattern is compatible with Jarrahi’s (2018) augmentation account, but also with respondents giving consistently positive ratings to their workplace. Independent exception-resolution and decision-error records would discriminate between these explanations more effectively than another perception score.
[bookmark: _Toc239586619][bookmark: _Toc239762216][bookmark: review_heading_57][bookmark: _Toc240979040]4.6 Finding 3: Decision effectiveness provides a pathway to competitive value
[bookmark: review_heading_58][bookmark: _Toc240979041]4.6.1 Operational and competitive outcomes
Perceived performance outcomes were positive but more restrained than decision outcomes. Agreement reached 62.7% for productivity improvement (Q16, M = 3.627), 61.4% for overall organisational performance (Q20, M = 3.676) and 62.7% for long-term organisational success (Q21, M = 3.676). In contrast, 54.1% agreed that AI reduced operational costs (Q17, M = 3.404), 56.6% perceived improved customer satisfaction (Q18, M = 3.490) and 56.2% reported competitive advantage over competitors (Q19, M = 3.534). The distinction matters: respondents can perceive faster or more accurate decisions without concluding that these improvements have already produced lower costs or durable market superiority.
The bivariate associations were nevertheless strong (Table 6). Adoption correlated with perceived competitive performance at r = .843 and decision effectiveness correlated with performance at r = .848; both p < .001. Adoption alone produced standardised beta = .843 and R-squared = .711. In the combined model, R-squared increased to .766; adoption (beta = .433) and decision effectiveness (beta = .472) both remained significant at p < .001. Based on the reported predictor correlation, tolerance was approximately .234 and VIF approximately 4.27. This does not indicate perfect collinearity, but it shows substantial overlap and makes the individual coefficients less stable than the overall model fit.

[bookmark: _Toc239761666][bookmark: _Toc240977540]Table 7 Regression summary for the proposed conceptual model
	Model relationship
	Standardised beta
	Model R-squared
	p
	Interpretation

	H1: Adoption -> decision effectiveness
	.868
	.753
	<.001
	Supported in sample

	H2: Adoption -> performance (total association)
	.843
	.711
	<.001
	Supported in sample

	H3: Decision -> performance, controlling adoption
	.472
	.766*
	<.001
	Independent association

	Adoption -> performance, controlling decision
	.433
	.766*
	<.001
	Direct association remains



[bookmark: _Toc239761667][bookmark: _Toc240977541]Table 8 Bootstrap indirect effect through decision-making effectiveness
	Indirect pathway
	Unstandardised B
	Bootstrap 95% CI
	Resamples
	Interpretation

	Adoption -> decision -> performance
	.431
	[.258, .589]
	5,000
	Non-zero indirect association



[bookmark: review_heading_59][bookmark: _Toc240979042]4.6.2 Statistical mediation and theoretical interpretation
Mediation analysis clarified the statistical pattern proposed in H4 (Table 8). The unstandardised indirect effect of adoption on perceived competitive performance through decision effectiveness was B = .431, with a 5,000-resample bootstrap 95% confidence interval from .258 to .589. The interval excluded zero and the adjusted direct association remained significant, which is consistent with partial mediation. The indirect effect is not expressed as a proportion of the total effect because comparable unstandardised total and direct coefficients are not reported. The result identifies a plausible pathway in the observed covariance, not a temporal causal sequence.
This interpretation is consistent with Wamba et al. (2017), who connect analytics capabilities to performance through organisational capabilities, and with recent supply-chain reviews that identify forecasting, inventory optimisation and real-time visibility as central AI applications (Pournader et al., 2021; Culot, Podrecca and Nassimbeni, 2024). AI-capability research likewise treats organisational performance as the result of coordinated technical, human and managerial resources rather than an algorithm in isolation (Mikalef and Gupta, 2021), while evidence from AI-enabled transformation projects links business value to process-level organisational change (Wamba-Taguimdje et al., 2020). This qualifies a simplistic technology-performance claim. Under RBV, accessible AI software does not automatically meet the conditions for sustained competitive advantage (Barney, 1991). Warehouses may gain temporary efficiency, but competitors can purchase similar systems. More defensible advantage arises from difficult-to-copy combinations of data quality, process knowledge, workforce capability and learning routines. The lower scores for cost reduction and explicit competitive advantage support this more cautious distinction between operational benefit and sustained strategic advantage.
Causal language must still be avoided. The cross-sectional model does not demonstrate temporal order, and reverse causation is plausible: better-performing organisations may have more resources to invest in AI and training. Mediation estimated from simultaneous self-reports is a statistical decomposition rather than proof of a causal process (Hayes, 2022). Longitudinal measurement, objective warehouse performance indicators and organisational controls would be needed to test whether adoption precedes decision improvement and whether those improvements subsequently create competitive outcomes.
For Objective 3, the findings align with the distinction in Sections 2.4–2.6 between operational improvement and sustained advantage. They do not test the learning and reconfiguration over time required by Dynamic Capabilities Theory (Teece, 2018). The remaining direct coefficient could reflect unmeasured organisational capabilities; measurement overlap or confounding; it does not identify an additional causal mechanism. The contribution is therefore a warehouse-specific pattern consistent with the theoretical account, rather than confirmation of all its components.
[bookmark: _Toc239586620][bookmark: _Toc239762217][bookmark: review_heading_60][bookmark: _Toc240979043]4.7 Finding 4: Implementation barriers and governance qualify the benefits
[bookmark: review_heading_61][bookmark: _Toc240979044]4.7.1 Distinct barriers and contradictory responses
The barriers items produced a mixed pattern, confirming that they should be interpreted separately. Among valid respondents, implementation cost received 55.6% agreement (Q22, M = 3.597), whereas privacy and security concerns received 41.3% agreement (Q25, M = 3.371). Employee resistance sat at the midpoint (Q23, M = 3.000), with 22.7% agreement, 22.7% disagreement and 54.7% neutral responses. The evidence therefore identifies cost as the clearest reported concern but does not support one ranked barriers scale.
The training-limitation item requires particular caution. Although adequate training received only 49.3% agreement in Q7, 76.0% disagreed that lack of training limited AI effectiveness in Q24 (M = 1.993). These positions are not logically impossible - respondents might see training as imperfect but not performance-limiting - but the size of the discrepancy, together with alpha = .466, raises concerns about construct wording and respondent interpretation. Q24 should not be reverse scored simply to improve reliability because it’s wording already points in the same "greater barrier" direction as the other challenge items. The correct response is transparent item-level reporting and questionnaire refinement, not mechanical manipulation.
Because the four challenge items produced alpha = .466, aggregate challenge correlations and group comparisons are excluded from confirmatory interpretation. Retaining them would create an apparent precision that the measurement does not support. The defensible conclusion is item-specific: respondents distinguished financial cost, resistance, training and privacy/security rather than treating them as interchangeable indicators of one underlying barrier.
[bookmark: review_heading_62][bookmark: _Toc240979045]4.7.2 Implications for governance
The literature review positions governance as a capability condition rather than an external compliance burden. AI recommendations depend on data quality, access controls, model monitoring and clear responsibility for overrides. Burrell (2016) shows that machine-learning opacity can arise from secrecy, technical illiteracy or algorithmic complexity; in each case, faster decisions may become less accountable. Shrestha, Ben-Menahem and von Krogh (2019) similarly argue that decision structures must allocate authority appropriately between people and AI. Respondent concern about cost and security therefore qualifies the performance findings: investment in governance may slow or raise the cost of deployment, but it helps protect the reliability and trust on which AI-enabled decisions depend.
[bookmark: _Toc239586621][bookmark: _Toc239762218][bookmark: review_heading_63][bookmark: _Toc240979046]4.8 Finding 5: Safety benefits support an augmentation interpretation
The two safety items formed a coherent exploratory measure (Spearman-Brown = .888; inter-item r = .799). Overall, 58.7% agreed that AI had improved workplace safety (Q26, M = 3.560), and 62.7% agreed that AI-powered systems helped avoid mistakes that could create safety risks (Q27, M = 3.620). Safety averaged 3.978 among confirmed-use records, 3.100 among unsure records and 1.725 among no-use records, F (2, 147) = 88.65, p < .001, eta-squared = .547. As with other group comparisons, the ANOVA is exploratory and does not establish an effect of AI use.
This theme broadens competitive value beyond cost and throughput. Safer processes may reduce disruption, absence and error while improving employee confidence, but the survey measures perception rather than incident rates. The result should therefore be validated against near-miss reports, accident frequency and task-level observations. The direction is nevertheless consistent with augmentation theory: AI can monitor hazards, flag anomalies and support decisions while employees retain responsibility for context-sensitive action (Raisch and Krakowski, 2021). It also illustrates why performance should not be reduced to a single financial outcome. A capability can create organisational value through reliability, safety and resilience even when immediate cost savings are modest.
[bookmark: _Toc239586622][bookmark: _Toc239762219][bookmark: review_heading_64][bookmark: _Toc240979047]4.9 Integrated discussion and answer to the research question
[bookmark: review_heading_65][bookmark: _Toc240979048]4.9.1 Synthesis against the literature review
Taken together, the results provide a coherent answer to the research question. Describe: AI was commonly reported that decision-making was the most positively evaluated outcome, and competitive-performance perceptions were favourable but slightly weaker. Analyse: adoption related strongly to decision effectiveness and competitive outcomes; decision effectiveness retained an independent association and carried a significant part of the adoption-performance relationship; organisation size and training separated important subgroups; and cost, security and inconsistent barrier measurement qualified the positive picture. Synthesise: TOE explains adoption conditions, RBV explains why technology alone is insufficient, Dynamic Capabilities Theory explains the need for learning and reconfiguration, and human-AI research explains why decision quality depends on augmentation and oversight.
The most important substantive insight is not that AI automatically creates competitive advantage. The observed model is consistent with a conditional pathway: reported adoption and integration are associated with faster, more accurate and information-rich decisions, and those decision perceptions are associated with productivity, service and longer-term performance perceptions. Training and organisation size provide measured contextual evidence. Data quality, leadership and governance remain literature-informed explanations and recommendations rather than directly tested moderators.
There is also a meaningful gap between operational and strategic claims. Decision accuracy, inventory management and forecasting all received stronger support than cost reduction, customer satisfaction or explicit competitive advantage. This gap challenges studies that treat productivity proxies as equivalent to sustained advantage. Faster picking or more accurate stock decisions may be valuable, but they become strategically durable only when competitors cannot easily reproduce the associated data, skills and routines. The chapter therefore supports a capability-based, rather than technology-deterministic, explanation.
The conceptual and applied implications should be read together. H1 supports the view that adoption is associated with a stronger informational basis for operational decisions; H3 and H4 connect decision effectiveness to competitive outcomes; and H2 shows that adoption also retains a direct relationship with competitive performance, leaving other mechanisms and unmeasured confounding unresolved. These patterns reinforce the literature review's combined TOE, RBV and Dynamic Capabilities explanation rather than introducing a new theoretical framework. Applied to warehouse management, they support investment in data integration, role-specific training, human override procedures and measurable decision outcomes such as forecasting accuracy, inventory exceptions, picking errors, safety events and cost-to-serve.
[bookmark: review_heading_66][bookmark: _Toc240979049]4.9.2 Boundaries of the evidence
Interpretation remains constrained by the cross-sectional, self-reported design, purposive recruitment, concentration of records in larger organisations, weak challenge-item reliability and the very high correlations among principal constructs. No factor analysis was undertaken, and the retained summary output does not reproduce all residual and influence diagnostics. Common-method variance, construct overlap, ambiguous AI classification and reverse causation may therefore inflate observed relationships. A stronger follow-up would use validated distinct scales, broader sampling, longitudinal timing and objective operational or safety indicators.
[bookmark: _Toc239586623][bookmark: _Toc239762220][bookmark: review_heading_67][bookmark: _Toc240979050]4.10 Chapter summary
Within these boundaries, all four hypotheses were supported in the analysed sample rather than established as population-wide causal effects. H1 is reflected in the strong adoption-decision relationship; H2 in the total and direct adoption-performance relationship; H3 in the independent decision-performance coefficient; and H4 in the non-zero bootstrapped indirect effect. Cross-tabulation, reliability testing and mediation therefore extend the analysis beyond descriptive means while also exposing the conditions and limitations attached to the positive findings.

[bookmark: _Toc239586624][bookmark: _Toc239762221][bookmark: review_heading_68][bookmark: _Toc240979051]5. Conclusions and Recommendations
[bookmark: _Toc239586625][bookmark: _Toc239762222][bookmark: review_heading_69][bookmark: _Toc240979052]5.1 Introduction
This chapter synthesises the empirical findings against the research aim, objectives and integrated theoretical framework. The study found strong positive associations among AI adoption, decision-making effectiveness and perceived competitive performance, including a significant indirect pathway through decision effectiveness.
These relationships should not be read as proof that AI independently creates superior performance. Cross-sectional self-report data cannot establish temporal order and may be influenced by common-method variance or broader organisational maturity. The central conclusion is therefore conditional: AI appears most valuable when technology is integrated with employee knowledge, reliable data, organisational routines and effective governance.
[bookmark: review_heading_70][bookmark: _Toc240979053]5.2 Conclusions against the research objectives
Objective 1 was met descriptively within the achieved sample: 76.7% reported current organisational AI use and 69.3% agreed that AI was integrated into daily operations (Sections 4.2 and 4.4). Integration was uneven, particularly by organisation size. These results do not estimate industry prevalence or independently verify the technologies used.
Objective 2 was met at the level of perceived association: adoption and decision effectiveness were strongly related (r = .875), with positive responses across speed, accuracy and information-related items (Section 4.5). Shared measurement and the cross-sectional design prevent attribution of improved decisions to AI itself.
Objective 3 was met within the specified associational scope: the reported models identify direct and indirect adoption–performance relationships, and the cross-tabulations identify size and training differences (Sections 4.3 and 4.6). The indirect-effect interval excludes zero, but neither causal mediation nor sustained competitive advantage is demonstrated. Wider demographic comparisons remain limited by the available joint distributions.
Objective 4 is addressed through the targeted recommendations in Section 5.7. Each action identifies its audience, empirical rationale and criteria for local evaluation. Their effectiveness has not been tested, so the objective is met as an evidence-informed development exercise rather than as an evaluated intervention.
[bookmark: _Toc239586627][bookmark: _Toc239762224][bookmark: review_heading_71][bookmark: _Toc240979054]5.3 Human Capability as a Critical Condition
Employee capability emerged as a plausible implementation condition. Training was among the weaker adoption items, yet adequate training was strongly associated with higher decision effectiveness and competitive performance. This challenges technology-centred implementation strategies in which investment in software and automation is not matched by investment in the people expected to interpret and challenge AI outputs.
The relationship is not necessarily causal because stronger organisations may invest simultaneously in technology and workforce development. Nevertheless, it is consistent with human-AI complementarity: computational scale is valuable only when employees possess sufficient contextual knowledge and confidence to apply recommendations appropriately (Jarrahi, 2018).
Greater automation can also reduce opportunities for employees to maintain the expertise needed for unusual or high-risk situations. The strategic objective should therefore be appropriate allocation of decision authority rather than maximum automation, with training, supervised practice and clear override responsibility used to limit automation bias and skill degradation.
[bookmark: _Toc239586628][bookmark: _Toc239762225][bookmark: review_heading_72][bookmark: _Toc240979055]5.4 Organisational Size and Unequal Adoption Capacity
Reported AI use was associated with organisation size, consistent with the readiness argument in Section 2.3. Resource availability, data infrastructure and specialist expertise could explain this pattern, but they were not measured directly. The finding establishes unequal reported adoption, rather than its organisational cause.
This pattern also creates a strategic qualification. If scale itself enables access to advanced AI, smaller warehouses may face a capability gap even when suitable technologies are commercially available. Their implementation pathway may therefore require staged investment, modular systems or external technical support rather than direct replication of large-firm approaches.
Size, however, should not be treated as a deterministic predictor of value. Large organisations can still experience poor integration, weak trust or governance failure. The finding concerns adoption capacity rather than proof that scale produces superior AI outcomes.
[bookmark: _Toc239586629][bookmark: _Toc239762226][bookmark: review_heading_73][bookmark: _Toc240979056]5.5 Implementation Barriers and Governance
Implementation barriers were multidimensional rather than a single coherent construct. Cost was the clearest concern, while privacy, security, employee resistance and training produced different response patterns. The weak reliability of the combined challenge scale means these factors should be interpreted separately rather than ranked through one aggregate score.
This finding has practical significance because organisations may misdiagnose implementation failure if they treat resistance or cost as one universal explanation. Cost and privacy/security are supported directly by survey items; data quality, transparency and employee involvement are literature-informed implementation conditions rather than measured effects. Recommendations should therefore test these mechanisms through explicit owners and operational indicators instead of presenting them as confirmed survey findings.
The appropriate managerial response is therefore diagnostic. Organisations should identify whether a problem is financial, technical, behavioural or governance-related and address the specific mechanism rather than assuming one general barrier to AI adoption.
[bookmark: _Toc239586630][bookmark: _Toc239762227][bookmark: review_heading_74][bookmark: _Toc240979057]5.6 Overall Theoretical Contribution
The findings support an integrated rather than single-theory explanation. TOE accounts for differences in technological and organisational readiness; RBV explains why accessible AI tools are insufficient for sustained advantage; and Dynamic Capabilities Theory explains the need to learn, adapt and reconfigure resources as technology and warehouse conditions change.
The study also qualifies each perspective. TOE explains adoption more clearly than post-adoption value, while RBV can become too static for rapidly diffusing digital technologies. Dynamic capabilities address adaptation but do not remove the need to specify who interprets AI outputs and how decision authority is governed. Human-AI complementarity therefore provides an important operational link between the three theories.
The theoretical contribution is not that AI is inherently a strategic resource. Rather, AI becomes strategically significant when organisations repeatedly integrate technology, data, employee expertise and governance into decision routines that produce reliable outcomes and are difficult for competitors to replicate.
[bookmark: _Toc239586631][bookmark: _Toc239762228][bookmark: review_heading_75][bookmark: _Toc240979058]5.7 Recommendations
[bookmark: _Toc239762229][bookmark: review_heading_76][bookmark: _Toc240979059]5.7.1 Target audience and conditions for implementation
The primary audience is warehouse and operations managers responsible for AI-supported workflows, together with owner-managers in smaller warehouse businesses. Finance, IT/data owners, learning and development staff and employee representatives have supporting responsibilities. The recommendations respond to Objectives 1–3 and fulfil Objective 4 by translating the findings into locally testable decisions. Their contribution lies in the priorities and evaluation criteria derived from this study, rather than a claim that training, pilots or governance are new practices.
A universal implementation timetable is not justified because the study did not establish each beneficiary’s budget, digital maturity, procurement constraints or operating cycle. Table 9 therefore uses readiness conditions instead of calendar deadlines. Managers should set a local schedule only after assessing these constraints; an existing adopter may begin with a training or benefit review, while a non-adopter may first establish whether a viable use case exists.
[bookmark: _Toc239761668][bookmark: _Toc240977542]Table 9 Evidence linked implementation decisions
	Priority
	Action linked to findings
	Accountable lead
	Readiness condition
	Evaluation criterion

	1
	Test inventory or decision benefits (4.5–4.6)
	Operations and finance
	Baseline and comparison agreed
	Decision quality and net benefit

	2
	Diagnose training discrepancy (4.3, 4.7)
	Supervisors and L&D
	Task-level capability gap identified
	Scenario proficiency and errors

	3
	Assess affordable scope (4.3, 4.7)
	Owner-manager and finance
	Full costs and capacity assessed
	Viable use case or defer

	4
	Define oversight and escalation (4.7–4.8)
	Operations and IT/data owner
	Responsibilities agreed before use
	Incidents, overrides and resolution

	5
	Decide whether to expand (4.6)
	Operations and finance
	Benefits persist under normal workload
	Net benefit without safety loss

	6
	Review work and system changes (4.7–4.8)
	Operations and employee representatives
	Material change or locally agreed review
	Continue, redesign or stop



[bookmark: _Toc239762230][bookmark: review_heading_77][bookmark: _Toc240979060]5.7.2 Verify decision benefits before expanding investment
Warehouse and operations managers should prioritise one decision problem already linked to the findings, such as inventory exceptions or replenishment decisions. Inventory improvement received 70.7% agreement, compared with 54.1% for cost reduction and 56.2% for competitive advantage (Sections 4.5–4.6). This gap warrants separate operational and financial tests. Managers should agree a baseline and a meaningful improvement threshold with finance, allowing for workload and order mix, then compare pilot outcomes with a suitable preceding period or comparable workflow. Expansion should depend on sustained improvement after integration, support and training costs, with no deterioration in safety or service. This operationalises the distinction between efficiency and advantage developed in Section 2.4; it does not promise a return unsupported by the survey.
[bookmark: review_heading_78][bookmark: _Toc240979061]5.7.3 Diagnose training needs before prescribing more training
Warehouse managers, supervisors and learning and development leads should investigate the specific decisions employees find difficult before commissioning generic AI training. Only 49.3% endorsed training adequacy, and training groups differed markedly in high-outcome classifications (Section 4.3). However, 76.0% rejected the statement that insufficient training limited AI effectiveness (Section 4.7). This contradiction makes a blanket training programme insufficiently justified. Short task demonstrations and employee discussions should identify whether the issue is recognising unreliable outputs, handling exceptions, understanding the system or interpreting questionnaire language. Where a gap is confirmed, role-specific supervised practice should be evaluated through decision errors, escalation quality and scenario proficiency. If competence is already adequate, managers should investigate process or system constraints instead. This follows the human-AI judgement argument in Section 2.6 (Jarrahi, 2018; Raisch and Krakowski, 2021).
[bookmark: review_heading_79][bookmark: _Toc240979062]5.7.4 Match investment and controls to local constraints
Owner-managers and finance lead in smaller warehouses should assess a bounded, affordable use case before committing to extensive deployment. Confirmed use was 50.0% in small organisations compared with 87.2% in large organisations, while 55.6% of valid respondents identified implementation cost as a challenge (Sections 4.3 and 4.7). These findings justify attention to affordability, but do not prove that small firms cannot benefit or that outsourcing is necessarily cheaper. Compare total costs, integration needs, support, exit arrangements and internal capacity; retain the option to defer adoption if the business case is weak. This applies the readiness perspective in Section 2.3 without treating organisation size as a substitute for a local assessment.
[bookmark: review_heading_80][bookmark: _Toc240979063]5.7.5 Assign accountable oversight and review benefits
Operations managers and IT/data owners should agree who checks recommendations, who may override them and how errors are escalated, with employee representatives involved in evaluating effects on work. Privacy/security concern received 41.3% agreement, while perceived safety improvement was supported by 58.7% (Sections 4.7–4.8). These perceptions warrant local examination; they do not demonstrate actual incidents or inadequate controls. Governance and data-quality checks are literature-informed safeguards from Section 2.7 (Burrell, 2016; Shrestha, Ben-Menahem and von Krogh, 2019). Review exception logs, unresolved incidents, near misses and service outcomes at intervals proportionate to the system’s use and risk. Continue, redesign or stop the intervention according to agreed evidence, rather than adoption targets or elapsed time.
[bookmark: _Toc239586639][bookmark: _Toc239762231][bookmark: review_heading_81][bookmark: _Toc240979064]5.8 Recommendations for Future Research
Future research should use longitudinal designs to test whether AI adoption precedes changes in decision-making and whether those changes precede performance outcomes. Objective measures such as forecast error, inventory accuracy, fulfilment time, cost and safety incidents would also allow perceptual findings to be validated against operational performance.
The implementation-barriers construct should be redesigned using separate validated measures for financial constraints, workforce capability, resistance, cybersecurity, privacy and integration. Mixed-method research could then explain why employees trust or reject recommendations and how decision authority changes after implementation.
Comparative research across small, medium and large organisations would be valuable because the present study identified clear differences in reported adoption by organisation size. Future studies should also distinguish short-term operational performance from sustainable competitive advantage rather than treating the two as equivalent outcomes.
[bookmark: _Toc239586640][bookmark: _Toc239762232][bookmark: review_heading_82][bookmark: _Toc240979065]5.9 Final Conclusion
Within the achieved sample, the dissertation provides evidence that perceived AI adoption is associated with decision-making effectiveness and perceived organisational performance, but it does not demonstrate that technology alone creates competitive advantage. The strength of the observed relationships is accompanied by equally important cautions concerning common-method variance, construct overlap, non-probability recruitment and reverse causation.
The evidence instead supports a conditional capability pathway. AI appears most valuable when integrated with employee expertise, high-quality data, effective governance and established operational processes. Decision-making effectiveness is an important mechanism within this relationship, but it is unlikely to be the only one.
Operational benefits such as better forecasting, inventory control, safety and decision speed do not automatically become durable strategic advantages when competitors can implement similar technologies. Sustainable advantage is more likely to arise from difficult-to-replicate combinations of technological, human and organisational resources.
The strategic question for warehouse organisations is therefore not simply whether to adopt more AI, but whether they can integrate, govern and continually adapt AI in ways that produce superior, accountable and repeatable decisions.
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Participant information, eligibility confirmation and active consent preceded the numbered questions. The tables below reproduce the variables and response options used in the analytical dataset; they do not replace the separately retained participant-facing ethics materials.
Table A1. Respondent and organisational questions
	Item
	Question/variable
	Response options

	Q1
	Current role
	Warehouse operative; team leader/supervisor; operations manager; warehouse manager; logistics manager; other

	Q2
	Warehousing experience
	Less than 1 year; 1-3 years; 4-6 years; 7-10 years; more than 10 years

	Q3
	Organisation size
	Small (1-49 employees); medium (50-249); large (250+)

	Q4
	Organisation currently uses AI
	Yes; no; unsure


Table A2. Likert-scale item wording and descriptive statistics
	Item
	Question wording
	Valid n
	Mean
	SD
	Agree %

	Q5
	AI technologies are widely used within my organisation.
	150
	3.620
	1.053
	65.3%

	Q6
	My organisation has invested significantly in AI technologies.
	145
	3.503
	1.061
	58.6%

	Q7
	Employees receive adequate training to use AI systems effectively.
	150
	3.360
	1.076
	49.3%

	Q8
	AI systems are integrated into daily warehouse operations.
	150
	3.687
	1.031
	69.3%

	Q9
	The use of AI has increased in my organisation over the last three years.
	143
	3.762
	1.021
	67.8%

	Q10
	AI helps managers make decisions more quickly.
	150
	3.773
	1.024
	66.0%

	Q11
	AI improves the accuracy of operational decisions.
	150
	3.820
	1.153
	66.7%

	Q12
	AI provides useful real-time information for decision-making.
	150
	3.713
	1.077
	68.0%

	Q13
	AI reduces human error in warehouse operations.
	150
	3.720
	1.088
	69.3%

	Q14
	AI improves inventory management decisions.
	150
	3.800
	1.030
	70.7%

	Q15
	AI supports forecasting and demand planning activities.
	144
	3.785
	1.059
	68.8%

	Q16
	AI has improved warehouse productivity.
	150
	3.627
	1.138
	62.7%

	Q17
	AI has reduced operational costs.
	146
	3.404
	1.054
	54.1%

	Q18
	AI has improved customer satisfaction levels.
	145
	3.490
	1.048
	56.6%

	Q19
	AI provides my organisation with a competitive advantage over competitors.
	146
	3.534
	1.052
	56.2%

	Q20
	AI has improved overall organisational performance.
	145
	3.676
	1.086
	61.4%

	Q21
	AI contributes to the long-term success of my organisation.
	142
	3.676
	1.114
	62.7%

	Q22
	The cost of AI implementation is a major challenge.
	144
	3.597
	0.683
	55.6%

	Q23
	Employees are resistant to AI technologies.
	150
	3.000
	0.705
	22.7%

	Q24
	A lack of training limits the effectiveness of AI systems.
	150
	1.993
	1.078
	10.7%

	Q25
	Data privacy and security concerns affect AI adoption.
	143
	3.371
	0.738
	41.3%

	Q26
	AI technologies have improved safety in my workplace.
	150
	3.560
	1.120
	58.7%

	Q27
	AI-powered systems help me avoid mistakes that could lead to safety risks.
	150
	3.620
	1.103
	62.7%



Note: Q5–Q27 were coded from Strongly disagree (1) to Strongly agree (5). Recorded 'I don’t know' or missing values were excluded from valid-response statistics; availability of an explicit uncertainty option varied by question in Appendix C. Agree % combines responses 4 and 5 among valid responses. Table A2 uses abbreviated wording for Q8 and Q26; Appendix C preserves the supplied questionnaire wording.
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This appendix records the scoring rules and supplementary checks needed to interpret the main analyses without duplicating complete tables from Chapter 4.
Table B1. Construct composition and scoring rules
	Construct
	Items
	Scoring rule
	Analytical status

	Adoption and integration
	Q5-Q9
	Mean when >=4 of 5 items valid
	Primary composite

	Decision-making effectiveness
	Q10-Q15
	Mean when >=5 of 6 items valid
	Primary composite/mediator

	Perceived competitive performance
	Q16-Q21
	Mean when >=5 of 6 items valid
	Primary outcome composite

	Implementation challenges
	Q22-Q25
	Items interpreted separately
	No confirmatory aggregate

	Workplace safety
	Q26-Q27
	Mean only when both items valid
	Exploratory two-item measure


Table B2. Observed and expected counts for confirmed AI use by organisation size
	Organisation size
	No/unsure observed
	No/unsure expected
	Confirmed observed
	Confirmed expected

	Small (1-49)
	12
	5.6
	12
	18.4

	Medium (50-249)
	13
	11.2
	35
	36.8

	Large (250+)
	10
	18.2
	68
	59.8


Table B3. Training adequacy by high-outcome classification
	Outcome and training
	Below 4 n
	At least 4 n
	Total n
	High %

	Decision: disagree
	26
	2
	28
	7.1

	Decision: neutral
	22
	26
	48
	54.2

	Decision: agree
	23
	51
	74
	68.9

	Performance: disagree
	24
	1
	25
	4.0

	Performance: neutral
	25
	22
	47
	46.8

	Performance: agree
	29
	45
	74
	60.8


Note: The decision table totals 150 and the performance table 146. Expected-count minima are 13.25 and 11.64 respectively. Pearson chi-square values are 31.161 (df = 2, p = .000000171, V = .456) and 24.240 (df = 2, p = .00000545, V = .407). Each respondent appears once within each outcome table; the two outcome tests are related, not independent samples. The role table in Chapter 4 has expected counts 19.13/62.87 and 15.87/52.13 for unconfirmed/confirmed use.
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How AI Adoption Influences Decision-Making and Competitive Advantage in the Warehousing Industry
You are invited to participate in this research study examining the influence of Artificial Intelligence (AI) adoption on decision-making and competitive advantage within the warehousing industry.
Participation is voluntary, anonymous, and confidential. The survey will take approximately 5–10 minutes to complete.
By continuing, you confirm that:
· You are aged 18 years or over. 
· You currently work or have worked in the warehousing or logistics industry. 
· You voluntarily agree to participate in this research. 

Contact details:  2005342@student.uwtsd.ac.uk
Do you consent to participate in this study? *
○ Yes
○ No (End Survey)
1. What is your current role? *
○ Warehouse Operative
○ Team Leader/Supervisor
○ Warehouse Manager
○ Operations Manager
○ Logistics Manager
○ Other
2. How long have you worked in the warehousing industry? *
○ Less than 1 year
○ 1–3 years
○ 4–6 years
○ 7–10 years
○ More than 10 years
3. What is the approximate size of your organisation? *
○ Small (1–49 employees)
○ Medium (50–249 employees)
○ Large (250+ employees)
4. Does your organisation currently use AI-powered technologies? *
○ Yes
○ No
○ Unsure
Please indicate your level of agreement with the following statements.

Scale:
1 = Strongly Disagree
2 = Disagree
3 = Neutral
4 = Agree
5 = Strongly Agree
5. AI technologies are widely used within my organisation. *
○ 1
○ 2
○ 3
○ 4
○ 5
6. My organisation has invested significantly in AI technologies. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
7. Employees receive adequate training to use AI systems effectively. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
8. AI systems are integrated into the daily operations of my warehouse, supporting tasks such as inventory management, order picking, demand forecasting, warehouse planning, or automated decision-making. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
9. The use of AI has increased in my organisation over the last three years. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
10. AI helps managers make decisions more quickly. *
○ 1
○ 2
○ 3
○ 4
○ 5
11. AI improves the accuracy of operational decisions. *
○ 1
○ 2
○ 3
○ 4
○ 5
12. AI provides useful real-time information for decision-making. *
○ 1
○ 2
○ 3
○ 4
○ 5
13. AI reduces human error in warehouse operations. *
○ 1
○ 2
○ 3
○ 4
○ 5
14. AI improves inventory management decisions. *
○ 1
○ 2
○ 3
○ 4
○ 5
15. AI supports forecasting and demand planning activities. *
○ 1
○ 2
○ 3
○ 4
○ 5
16. AI has improved warehouse productivity. *
○ 1
○ 2
○ 3
○ 4
○ 5
17. AI has reduced operational costs. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
18. AI has improved customer satisfaction levels. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
19. AI provides my organisation with a competitive advantage over competitors. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
20. AI has improved overall organisational performance. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
21. AI contributes to the long-term success of my organisation. *
○ 1
○ 2
○ 3
○ 4
○ 5
22. The cost of AI implementation is a major challenge. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
23. Employees are resistant to AI technologies. *
○ 1
○ 2
○ 3
○ 4
○ 5
24. A lack of training limits the effectiveness of AI systems. *
○ 1
○ 2
○ 3
○ 4
○ 5
25. Data privacy and security concerns affect AI adoption. *
○ 1
○ 2
○ 3
○ 4
○ 5
I don’t know
26. AI technologies have improved safety in my workplace (e.g., by reducing accidents, identifying hazards, or assisting with vehicle and equipment operation). *
○ 1
○ 2
○ 3
○ 4
○ 5
27. AI-powered systems help me avoid mistakes that could lead to safety risks.
○ 1
○ 2
○ 3
○ 4
○ 5
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APPLICATION FOR ETHICAL APPROVAL – INTRODUCTORY NOTES

In order for research to result in benefit and minimise risk of harm, it must be conducted ethically. A researcher may not be covered by the University’s insurance if ethical approval has not been obtained prior to commencement.

The University follows the OECD Frascati manual definition of research activity: 
“[C]reative work undertaken on a systematic basis in order to increase the stock of knowledge, including knowledge of man, culture and society, and the use of this stock of knowledge to devise new applications”. 
As such this covers activities undertaken by:
· Members of staff (academic staff or support staff);
· Individuals holding honorary title from the University;
· Postgraduate research students;
In all of these cases ethical review is required regardless of discipline.

The individual undertaking the research activity is known as the lead researcher.

Ethical approval is not required for routine audits, performance reviews, quality assurance studies, testing within normal educational requirements, and literary or artistic criticism. 

For most projects you will only need to complete sections in the main part of the form. A few projects will need more detailed ethical consideration and will need you to fill in sections in an appendix. At some points in this form, you will be asked questions about your research in the following way:

	1
	Does your research involve <<something specific>>?
	YES
	Click to continue to appendix <<N>>
	NO
	Continue to the next section

	2
	Have you completed appendix <<N>>? 
	YES
	☐
	NO
	☐



Clicking in the appropriate box will take you to the appropriate location in the text. At the end of each appendix is a box. Clicking on this will return you to the question that originally took you to the appendix.

	
	
	
	
	


	Return to the main form



NB These clickable links will only work if you are editing the document in the desktop version of Word, not the browser version. Please download and save the form before editing it.

Guidance notes are provided as comments or as text IN GREEN throughout this form. Please ensure that the comments are removed and that the green text is replaced by your own text or removed as appropriate BEFORE submitting this form.

Please ensure that you have read the UWTSD Research Ethics and Integrity Policy and the UWTSD Research Data Management Policy BEFORE submitting this form.




APPLICATION FOR ETHICAL APPROVAL
SECTION A: About You (Lead Researcher)
	1
	Full Name:
	Bartosz Malinowski

	2
	Tick all boxes that apply:
	Member of staff:
	☐
	Honorary research fellow:
	☐

	
	Undergraduate Student
	☐	Taught Postgraduate Student
	☐	Postgraduate Research Student
	☒
	3
	Institute/Academic Discipline/Centre:
	
University of Wales Trinity Saint David

	4
	Campus:
	
Swansea

	5
	E-mail address:
	
2005342@student.uwtsd.ac.uk

	6
	Contact Telephone Number:
	07514875791


	7
	Project Title
	
How does AI adoption influence decision-making and competitive advantage in the warehousing industry

	8
	Proposed Start Date
	
01.06.2026
	Proposed End Date
	25.09.2026


	For students:

	9
	Student Number:
	2005342

	10
	Programme of Study:
	Master of business administration

	11
	Director of Studies/Supervisor:
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SECTION B: Grant or Contract Funding 
	1
	Has your research been awarded, applied for, or intend to apply for external funding?
	YES
	Click to continue to appendix 1
	NO
	Continue to the next section

	2
	Have you completed appendix 1? 
	YES
	☐
	NO
	x



[bookmark: SEC_C]SECTION C:  Internal and External Ethical Guidance Materials
	Ethical Guidance Documents
Please list the core ethical guidance documents that have been referred to during the completion of this form (including any discipline-specific codes of research ethics, location-specific codes of research ethics, and also any specific ethical guidance relating to the proposed methodology).  Please tick to confirm that your research proposal adheres to these codes and guidelines. You may add rows to this table if needed.

	1
	UWTSD Research Ethics & Integrity Policy
	☒
	2
	UWTSD Research Data Management Policy
	☒

	3
	UWTSD Open Access Publications Policy
	☒

	4
	UWTSD Export Control Policy 
Required if Appendix 8 completed
	☐
	5
	UWTSD Trusted Research and Innovation Policy 
Required if research is taking place outside the UK
	☐

	6
	[List any other relevant documents here]
	☐




[bookmark: SEC_D]SECTION D: External Collaborative Research Activity 
	1
	Does your research involve collaborating partners at another institution or organisation?
	YES
	Click to continue to appendix 2
	NO
	Continue to the next section

	2
	Have you completed appendix 2? 
	YES
	☐
	NO
	x



[bookmark: SEC_E]SECTION E: Details of Research Activity
	Aims, Vision and Approach of the Research (maximum 200 words per section)
Please outline what are you hoping to achieve with your proposed work and how will you deliver it?

	1
	Research aims and objectives

	To examine the influence of artificial intelligence (AI) adoption on organisational decision-making processes and competitive advantage within the warehousing industry.

Research Objectives
1. To analyse the extent of AI adoption within contemporary warehousing operations. 
2. To evaluate the impact of AI technologies on managerial and operational decision-making in warehouses. 
3. To assess the relationship between AI implementation and competitive advantage in the warehousing sector. 
4. To investigate the perceived benefits and challenges associated with AI adoption among warehouse employees and managers. 
5. To provide recommendations for enhancing AI-driven decision-making and organisational performance within warehousing organisations.





(this box should expand as you type) 

	2
	Vision

	This research aims to explore how artificial intelligence (AI) adoption influences decision-making and competitive advantage within the warehousing industry. The study seeks to generate insights into the ways AI technologies support operational efficiency, strategic decision-making, and organisational performance. As AI adoption continues to increase across logistics and supply chain operations, the research will contribute to a better understanding of both the opportunities and challenges associated with its implementation.
The findings may benefit warehouse managers, employees, and organisations by identifying factors that support effective AI integration and improved decision-making practices. The research may also inform future organisational strategies and contribute to the wider discussion surrounding digital transformation within the warehousing sector. Ultimately, the study has the potential to support innovation, productivity improvements, and sustainable competitive performance within an industry that plays a critical role in the global economy.






(this box should expand as you type)

	3
	Approach

	This study will adopt a quantitative research approach to investigate the influence of artificial intelligence (AI) adoption on decision-making and competitive advantage within the warehousing industry. Primary data will be collected through an online questionnaire distributed to warehouse employees and managers who have experience with AI-enabled technologies and systems. The survey method has been selected because it enables data to be collected efficiently from a larger sample, allowing patterns, relationships, and trends to be identified and analysed statistically.
A structured questionnaire consisting of closed-ended questions and Likert-scale items will be used to measure participants perceptions of AI adoption, decision-making effectiveness, and organisational competitiveness. The use of a quantitative design is considered feasible, efficient, and proportionate to the research objectives, as it facilitates the collection of standardised data while minimising participant burden.
Data will be analysed using descriptive and inferential statistical techniques to identify relationships between AI adoption and organisational outcomes. The findings will be used to generate evidence-based recommendations for warehouse organisations seeking to improve operational decision-making and strengthen competitive advantage through AI implementation. The research design aligns with the study objectives and supports the translation of research outputs into practical outcomes for industry stakeholders.




(this box should expand as you type)

	4
	Location of research activity
Identify all locations where research activity will take place.

	
UK


(this box should expand as you type)



	5
	Will any of your research be undertaken outside of the UK?
	YES
	Click to continue to appendix 3
	NO
	Continue to the next section

	6
	Have you completed any of appendix 3? 
	YES
	☐
	NO
	x



[bookmark: SEC_F]SECTION F: Research Methods 
	Will the research activity include:
	YES
	NO

	[bookmark: _Hlk153204538]1
	Use of a questionnaire or similar research instrument?
	☒
	☐

	2
	Use of interviews?
	☐
	☒

	3
	Use of focus groups?
	☐
	☒

	4
	Use of participant diaries? 
	☐
	☒

	5
	Use of video or audio recording?
	☐
	☒

	6
	Use of computer-generated log files?
	☒
	☐

	7
	Participant observation with their knowledge?
	☐
	☒

	8
	Participant observation without their knowledge?
	☐
	☒

	9
	Access to personal or confidential information without the participants’ specific consent?
	☐
	☒

	10
	Administration of any questions, test stimuli, presentation that may be experienced as physically, mentally or emotionally harmful / offensive?
	☐
	☒

	11
	Performance of any acts which may cause embarrassment or affect self-esteem?
	☐
	☒

	12
	Investigation of participants involved in illegal activities?
	☐
	☒

	13
	Use of procedures that involve deception?
	☐
	☒

	14
	Administration of any substance, agent or placebo?
	☐
	☒

	15
	Working with live vertebrate animals?
	☐
	☒

	16
	Procedures that may have a negative impact on the environment?
	☐
	☒

	17
	Other primary data collection methods. Please indicate the type of data collection method(s) below.
	☐
	☒

	Details of any other primary data collection method:



(this box should expand as you type)
	
	



SECTION G: Research Participants 

	Research participants include people who will be taking part in your research as providers of research data (e.g. being interviewed, answering questionnaires, or doing user testing of hardware or software). This includes animal participants.

	1
	Does your research involve human or non-human participants?
	YES
	Continue this section
	NO
	Click to continue to section N




	Participant numbers and source
How will you ensure an appropriately convened sample group in order to meet the aims of the research? Give details for subgroups separately, if appropriate. How will any potential pitfalls, for example dual roles or potential for coercion, be addressed?

	1
	How many participants will be recruited and how was the number decided upon?
	
150-200

This sample size was selected because it is large enough to provide reliable quantitative data while remaining realistic within the time and resource limits of the study.

(this box should expand as you type)

	2
	Who will the participants be?
	
The participants will consist of warehouse employees, supervisors, and managers working within the warehousing and logistics industry.
Participants will be recruited through professional networking platforms such as LinkedIn and online warehousing and logistics groups.

(this box should expand as you type)

	3
	How will you identify the participants?
	

Individuals will be selected based on their experience and knowledge of warehouse operations and, where applicable, their exposure to artificial intelligence (AI) technologies used within the workplace. Participants must be aged 18 years or over and able to provide informed consent.


(this box should expand as you type)

	4
	Will you be excluding any groups of people, and if so, what is the rationale for that?
	
no

(this box should expand as you type)

	5
	Will the research involve any element of deception?  If yes, please describe why this is necessary and whether participants will be informed at the end of the study
	

no


(this box should expand as you type)

	6
	Describe whether participants will be able to withdraw from the study, and up to what point (eg if data is to be anonymised). If withdrawal is not possible, after a certain point, explain why not. 
	
Participation in this study will be entirely voluntary. Participants will be informed that they may withdraw from the research at any time before submitting their completed questionnaire without providing a reason and without any negative consequences. Once a questionnaire has been submitted, withdrawal will no longer be possible because responses will be collected anonymously and will not contain identifying information. As a result, individual responses cannot be identified, traced, or removed from the dataset after submission. This approach protects participant confidentiality and complies with data protection and ethical research requirements.



(this box should expand as you type)

	7
	How long will the participant have to decide whether to take part in the research?
	


Potential participants will be provided with a Participant Information Sheet outlining the purpose of the study, what participation involves, and their rights as participants. Individuals will be given a minimum of 48 hours to consider the information before deciding whether to take part. Participation will be entirely voluntary, and consent will be obtained before the questionnaire is completed. Participants will also have the opportunity to contact the researcher if they require further information before making their decision.

(this box should expand as you type)

	8
	What arrangements have been made for participants who might have difficulties understanding verbal explanations or written information, or who have particular communication needs that should be taken into account to facilitate their involvement in the research?
	
The research is designed for adults who are able to understand written English and provide informed consent. The Participant Information Sheet and questionnaire will be written in clear, concise, and non-technical language to maximise accessibility and understanding. Participants will have the opportunity to contact the researcher if they require clarification regarding any aspect of the study before deciding whether to participate.
No vulnerable groups will be specifically targeted, and participation will be limited to individuals who can independently read and complete the online questionnaire. As the study does not involve interviews or verbal communication, no additional communication support arrangements are anticipated to be necessary.







(this box should expand as you type)





SECTION H: Research with Vulnerable People 
	1
	Are your participants classed as vulnerable people?
	YES
	Click to continue to appendix 4
	NO
	Continue to the next section

	2
	Have you completed appendix 4? 
	YES
	☐
	NO
	x



[bookmark: SEC_I]SECTION I: Research Involving Animals 
	1
	Are your participants non-human animals?
	YES
	Click to continue to appendix 5
	NO
	Continue to the next section

	2
	Have you completed appendix 5? 
	YES
	☐
	NO
	x



[bookmark: SEC_K]SECTION J: Research with the Prison Service or the Probation Service
	1
	Are your participants staff or offenders within the Prison Service or the Probation service?
	YES
	Click to continue to appendix 6
	NO
	Continue to the next section

	2
	Have you completed appendix 6? 
	YES
	☐
	NO
	x



[bookmark: SEC_J]SECTION K: Health and Social Care Research
	1
	Are your participants selected due to their health or social care needs?
	YES
	Click to continue to appendix 7
	NO
	Continue to the next section

	2
	Have you completed appendix 7? 
	YES
	☐
	NO
	x



[bookmark: SEC_L]SECTION L: Types of Personal Data
	Personal Data
Does the research activity involve personal data (as defined by the General Data Protection Regulation 2016 and the Data Protection Act 2018)?
	YES
	NO

	[bookmark: _Hlk153191083]1
	Personal data means any information relating to an identified or identifiable natural person (‘data subject’). An identifiable natural person is one who can be identified, directly or indirectly, in particular by reference to an identifier such as a name, an identification number, location data, an online identifier or to one or more factors specific to the physical, physiological, genetic, mental, economic, cultural or social identity of that natural person. Any video or audio recordings of participants and transcription of such are considered to be personal data.
	x
	

	
	If you ticked YES, provide a description of the data and explain why this data needs to be collected:
	
	

	
Personal data may be collected if participants voluntarily provide contact details of colleagues or friends who may be interested in participating in the study.



(this box should expand as you type)



	Special Category Data 
Does the research involve the processing of special category data (as defined by the General Data Protection Regulation 2016 and the Data Protection Act 2018)?
	YES
	NO

	[bookmark: _Hlk153206093]2
	Racial or ethnic origin
	☐
	☒

	3
	Political opinions
	☐
	☒

	4
	Religious or philosophical beliefs
	☐
	☒

	5
	Genetic, biometric or health data
	☐
	☒

	6
	Sex life or sexual orientation
	☐
	☒

	7
	Trade union membership
	☐
	☒

	If you ticked YES to any of questions L2-L7, provide a description of the data and explain why this special category data needs to be collected to support the research and that it is in the public interest to do so:

	8
	





(this box should expand as you type)

	9
	Please describe how the research has been designed to gather the minimum amount of personal data necessary for the specified research purpose:

	
The study has been designed to collect only the minimum personal data necessary to achieve the research objectives. The questionnaire will not request participants names, contact details, addresses, employee identification numbers, or any other information that could directly identify individuals. Only limited demographic information relevant to the research, such as job role, level of experience, and industry sector, may be collected to support data analysis.
All responses will be anonymous, and participants will not be asked to provide information that is not directly relevant to the study. This approach ensures compliance with data protection principles, including data minimisation, while enabling the researcher to address the research aims effectively.





(this box should expand as you type)

	10
	Demonstrate that the processing is not likely to cause substantial damage or distress to individuals and that their interests will be safeguarded:

	
The processing of data within this study is not expected to cause substantial damage, distress, or harm to participants. The research focuses on participants perceptions and experiences of artificial intelligence (AI) adoption within the warehousing industry and does not involve sensitive personal data or intrusive questioning. Participation is entirely voluntary, and individuals may choose not to answer any question they find uncomfortable.
Participants interests will be safeguarded through the use of informed consent procedures, anonymous data collection, and secure data storage in accordance with GDPR and university data protection requirements. No identifying information will be collected, and all data will be reported in aggregate form to prevent the identification of individual participants or organisations. These measures minimise potential risks and ensure that participants privacy, confidentiality, and wellbeing are protected throughout the research process.



(this box should expand as you type)

	11
	Demonstrate that the data will not be used to take any action or make decisions in relation to the individuals concerned:

	
The data collected through this research will be used solely for academic purposes to address the research objectives concerning AI adoption, decision-making, and competitive advantage within the warehousing industry. The information provided by participants will not be used to make decisions about, evaluate, monitor, or take action against any individual participant.
As the questionnaire is anonymous, participants cannot be identified from their responses. Findings will be analysed and reported in aggregated form, ensuring that no individual participant or organisation can be recognised. The research is intended to generate general insights and recommendations rather than assess individual performance, behaviour, or employment-related outcomes.




(this box should expand as you type)

	12
	Data should be anonymised wherever possible, either at point of capture or once collated. If the data cannot be anonymised, and if pseudonymisation is not possible, demonstrate why the that is possible.  If special category data cannot be anonymised, explicit consent to share that data must normally be obtained.

	
Data will be anonymised at the point of collection wherever possible. The online questionnaire will not collect names, email addresses, IP addresses, employer names, or any other information that could directly identify participants. Only non-identifiable demographic information relevant to the research objectives, such as job role and length of industry experience, will be collected.
As all responses will be anonymous, pseudonymisation will not be required. No special category personal data, as defined under UK GDPR, will be collected during the study. All data will be stored securely and reported only in aggregated form to ensure that individual participants and organisations cannot be identified from the research findings.




(this box should expand as you type)

	13
	If special category data cannot be anonymised, will you obtain explicit consent to share that data?
	YES
	NO
	N/A

	
	
	☐
	☐
	☒



SECTION M: Participant Information and Consent 

	Information for participants
It is normally expected that those participating in research should do so having given their informed consent. If this is not appropriate or practical, explicit justification must be provided, in line with prevailing disciplinary conventions.  Please note however, that informed consent to participate in the research is separate from consent to process (e.g. collect, analyse, store, reuse or share) personal data, as the University’s lawful basis for processing personal data in research activities is part of its ‘public task’. 
	YES
	NO
	N/A

	[bookmark: _Hlk156475507]1
	Will you obtain written consent for participation?
	☒
	☐
	☐

	2
	Will you describe the main research procedures to participants in advance, so that they are informed about what to expect?
	☒
	☐
	☐

	3
	Will you tell participants that their participation is voluntary?
	☒
	☐
	☐

	4
	Will you explain to participants that refusal to participate in the research will not affect their treatment or education (if relevant)?
	☒
	☐
	☐

	5
	If the research is observational, will you ask participants for their consent to being observed?
	☐
	☐
	☒

	6
	Will you tell participants that they may withdraw from the research at any time and for any reason?
	☒
	☐
	☐

	7
	Will participants be made aware of how you will treat any information that may reasonably be considered as confidential? 
	☒
	☐
	☐

	8
	If your research requires your participants to sign up for a service provided by an external company or organisation, will you inform them that their data may be stored and processed outside UWTSD?
	☐
	☐
	☒

	9
	Will you give participants the UWTSD Privacy Notice for Research?
	☐
	☐
	☒

	If you have answered NO to any of questions M1-M8, please provide justification detailing why this is necessary for the research.  

	10
	



(this box should expand as you type)

	Informed consent: Describe the arrangements to inform potential participants, before providing consent, of what is involved in participating. Describe the arrangements for participants to provide full consent before the research begins. If gaining consent in this way is inappropriate, explain how consent will be obtained and recorded. 

	11
	
Potential participants will be provided with a Participant Information Sheet before accessing the questionnaire. The information sheet will explain the purpose of the research, the nature of participation, the expected time commitment, the voluntary nature of participation, the right to withdraw prior to submission, how data will be stored and used, and the measures in place to protect confidentiality and anonymity. Contact details for the researcher and supervising tutor will also be provided should participants require further information.
Informed consent will be obtained electronically before participants begin the questionnaire. Participants will be required to confirm that they have read and understood the Participant Information Sheet, are aged 18 years or over, understand their rights as participants, and agree voluntarily to take part in the study. Only participants who provide this consent will be able to proceed to the questionnaire. A record of consent will be retained securely in accordance with university ethical and data protection requirements.



(this box should expand as you type)

	Confidentiality: Confidential information refers to information that can be related to an identifiable individual, whether living or deceased, which is not in the public domain and which is given with the expectation that it will be kept confidential.  Under Common Law when an individual entrusts a researcher or research team with confidential information, the team must handle this in line with ‘reasonable expectations’. In other words, confidential information should only normally be shared when there would be ‘no surprises’ for the individuals concerned. Where participants would not expect the researcher to be sharing their confidential information with others, researchers can manage their expectations by informing them of their intentions (e.g. in the participant information sheet or during discussions about participation) and asking them if they are happy with these plans. They should understand what is being proposed and what this might mean for them, before they decide whether the researcher can share their confidential information with others.  

	Please detail how you will treat confidential information:

	12
	
No confidential identifiable information will be collected as part of this research. The study will use an anonymous online questionnaire, and participants will not be asked to provide their names, contact details, employer names, or any other information that could reasonably identify them. As a result, individual participants cannot be linked to their responses.
Participants will be informed through the Participant Information Sheet that all data collected will be anonymous, used solely for academic research purposes, and reported only in aggregated form. The information sheet will also explain how data will be stored, analysed, and protected in accordance with UK GDPR and university data protection requirements. Since no identifiable confidential information will be collected, there are no plans to share confidential information with third parties.



(this box should expand as you type)

	Copies of any written consent form, written information and all other explanatory material should accompany this application. If you have included these then please list the documents included here.

	13
	Sample information sheets and consent forms are available from the University ethical review intranet page at https://intranet.uwtsd.ac.uk/research/research-integrity-and-ethics 


	14
	Consent form attached?
	YES
☒
	NO
☐
	N/A
☐



SECTION N: Research with Potential Military Application
	1
	Does your research have any potential military application?
	YES
	Click to continue to appendix 8
	NO
	Continue to the next section

	2
	Have you completed appendix 8? 
	YES
	☐
	NO
	x



[bookmark: SEC_O]SECTION O: Use of Artificial Intelligence Tools
	Use of generative AI and other AI-based tools
There are a number of ethical issues relating to the use of generative AI and other AI-based tools, including data security, output bias, and output errors. In general you should assume that any generative AI or other AI-based tool that you pay to use is more secure and accurate than one which is free to use.

Will the research use AI tools to do any of the following:
	YES
	NO
	N/A

	1
	Capture data?
	☐
	☒
	☐

	2
	Generate and/or edit text?
	☐
	☒
	☐

	3
	Generate graphics?
	☐
	☒
	☐

	4
	Generate video?
	☐
	☒
	☐

	5
	Generate sound/music?
	☐
	☒
	☐

	6
	Generate code?
	☐
	☒
	☐

	7
	Generate synthetic data?
	☐
	☒
	☐

	8
	Analyse data?
	☐
	☒
	☐

	9
	Analyse personal or sensitive data?
	☐
	☒
	☐

	10
	Classify data?
	☐
	☒
	☐

	11
	Do you intend to use the free version of any AI tools?
	☐
	☒
	☐

	If you have answered YES to any of questions O1-O11, please provide justification detailing why this is necessary for the research.  

	12
	


(this box should expand as you type)




Section P: Research Data Management Plan

	1
	Data Summary

	

The research will collect primary quantitative data through an anonymous online questionnaire distributed to warehouse employees and managers. The data collected will include participants perceptions and experiences of AI adoption, decision-making effectiveness, and competitive advantage within the warehousing industry. Limited non-identifiable demographic information, such as job role, years of experience, and organisation size, may also be collected to support statistical analysis. No personal identifiers or special category data will be collected.

	2
	Responsibilities

	The researcher will be responsible for the day-to-day management, storage, analysis, and protection of all research data collected during the study. 
All data will be collected through an anonymous online questionnaire and stored securely on password-protected university-approved systems. Access to the data will be restricted to the researcher 

	3
	Assessment of existing data

	The research will primarily use data collected through an anonymous online questionnaire distributed to warehouse employees and managers. Secondary data will be obtained from publicly available academic journals, industry reports, and organisational publications. No restrictions on access to these data sources are anticipated, and no confidential datasets will be accessed.

	4
	Management and curation of data

	Data will be prepared, organised, and documented using a structured data management process. Survey responses will be collected through an anonymous online questionnaire and exported into a spreadsheet format for analysis. The dataset will be reviewed to identify and remove any incomplete, duplicate, or invalid responses before analysis begins.
Data files will be clearly labelled, organised, and securely stored on password-protected devices and university-approved storage systems. Documentation will be maintained to record data collection procedures, coding decisions, and analytical processes to ensure transparency and consistency throughout the research. All data will be anonymised and managed in accordance with university policies, UK GDPR, and the Data Protection Act 2018.


	5
	Quality assurance of data

	Several quality assurance procedures will be implemented throughout the research process to ensure the accuracy, reliability, and integrity of the data collected. The questionnaire will be reviewed and pilot tested prior to distribution to identify any unclear or ambiguous questions. Data will be collected through a structured online survey to minimise data entry errors and ensure consistency in responses.
Following data collection, responses will be screened for completeness, duplication, and any invalid entries. Incomplete or unreliable responses will be excluded from the final dataset where appropriate. Data cleaning procedures will be documented to maintain transparency and consistency. The researcher will verify the accuracy of data coding, analysis, and interpretation, while any AI-assisted analytical outputs will be reviewed and validated by the researcher before inclusion in the study findings.


	6
	Short-term data storage

	Research data will be stored securely throughout the project using password-protected devices and university-approved cloud storage systems. Access to the data will be restricted to the researcher and academic supervisor where necessary. All survey responses will be collected anonymously, and any downloaded datasets will be stored in encrypted files to prevent unauthorised access.
To ensure the security and integrity of the data, regular backups will be maintained on secure storage systems. Data files will be clearly organised and version controlled to minimise the risk of accidental loss, alteration, or duplication. Appropriate cybersecurity measures, including password protection, secure networks, and restricted access permissions, will be used throughout the project.


	7
	Long-term data storage and preservation 

	The research will generate anonymised quantitative survey data and supporting documentation, including the final cleaned dataset, data analysis outputs, and research records. No personal identifiers or special category data will be collected; therefore, all retained data will be anonymous.
Data will be retained securely for a period of five years following completion of the research in accordance with university data retention requirements. The data will be stored on password-protected and university-approved storage systems with access restricted to the researcher and academic supervisor where necessary. The data will be retained to support academic verification, assessment requirements, and potential future research use. No identifiable personal data will be shared with external organisations or deposited in public repositories.


	8
	Documentation and metadata

	Appropriate documentation and metadata will be maintained throughout the research process to ensure that the data are understandable, transparent, and suitable for future reference. This will include the questionnaire used for data collection, a description of the research methodology, details of the sampling approach, variable definitions, coding frameworks, data cleaning procedures, and records of the analytical techniques applied.
A data dictionary will be created to explain variable names, response categories, and coding decisions. Documentation of any data transformations, statistical analyses, and AI-assisted analytical procedures will also be retained. These records will ensure that the dataset can be accurately interpreted, verified, and, where appropriate, reused for academic purposes while maintaining compliance with ethical and data protection requirements.


	9
	Data sharing

	There are currently no plans to share the research data publicly. The data will be collected solely for the purposes of completing the Master's dissertation and will be retained securely in accordance with university data management and retention policies. As the research involves responses from individuals working within the warehousing industry, restricting access to the dataset further protects participant confidentiality and organisational privacy.
The findings of the research will be presented in aggregated and anonymised form within the dissertation. No information that could identify individual participants or organisations will be disclosed. Should future academic use of the anonymised dataset be considered, appropriate ethical approval and data protection requirements would be reviewed before any data sharing takes place.


	10
	Copyright and intellectual property ownership

	The copyright and intellectual property rights (IPR) associated with the research data generated during this study will be owned in accordance with university regulations governing student research. The researcher will retain authorship of the dissertation and the original research outputs produced as part of the project, while the university may retain certain rights relating to the storage, assessment, and academic use of the work as specified in institutional policies.
The data collected through the research will be used solely for academic purposes and will be managed in accordance with university regulations, ethical requirements, and applicable data protection legislation. No third-party ownership claims are anticipated in relation to the data generated during the study.


	11
	Resources

	The resources required to deliver the data management plan are minimal and can be supported through existing university and personal resources. Data will be collected using an online survey platform and stored on password-protected devices and university-approved cloud storage systems. These arrangements provide secure storage, backup facilities, and controlled access without requiring additional specialist infrastructure.
The use of existing digital storage solutions is appropriate due to the relatively small size of the dataset and the low-risk nature of the research. No significant costs are anticipated, as the storage and management of research data will be supported through resources already available to the researcher and the university. Any routine storage and backup costs will be covered through existing institutional provisions and therefore will not require dedicated project funding.




SECTION Q: Risk Assessment 

	
Outline any anticipated risks that may adversely affect any of the participants, the researchers and/or the University, and the steps that will be taken to address them. 

If you have completed a full risk assessment (for example as required by a laboratory, or external research collaborator) you may append that to this form.  

	1
	Full risk assessment completed and appended? 
	YES
	NO

	[bookmark: _Hlk152919011]
	
	☐
	☒

	Risks to participants, researchers, and the University 

	2
	Social risks: disclosures that could affect participants standing in the community, in their family and their job.
	YES
	NO

	
	
	☒
	☐

	Risk:
Potential social risks are low but may include discomfort when expressing opinions about AI adoption, workplace decision-making, or concerns regarding job security.

(this box should expand as you type)
	How will you address any risks?
These risks will be minimised through anonymous data collection, confidentiality measures, and the reporting of findings in aggregate form only, ensuring that neither individuals nor organisations can be identified.

	3
	Legal risks: activities that could result in the participant, researchers and / or University committing an offence; activities that might lead to a participant disclosing criminal activity to a researcher which would necessitate reporting to enforcement authorities; activities that could result in a civil claim for compensation
	YES
	NO

	
	
	☒
	☐

	Risk:
There is a low risk that participants may inadvertently disclose confidential organisational information.

	How will you address any risks?
To minimise this risk, participants will be instructed not to provide commercially sensitive, confidential, or personally identifiable information.

	4
	Economic harm: financial harm to participant, researcher and / or University through disclosure or other event.
	YES
	NO

	
	
	☒
	☐

	Risk:

Potential economic harm is minimal. There is a theoretical risk that disclosure of identifiable workplace opinions or commercially sensitive information could affect an individual's employment or an organisation's competitive position.

(this box should expand as you type)
	How will you address any risks?

The survey is anonymous, participants will be instructed not to disclose confidential information, and findings will be reported in aggregate form only.

	5
	Reputational risk: damage to public perception of University or the University / researchers’ reputation in the eyes of funders, the research community and / or the general public.
	YES
	NO

	
	
	☒
	☐

	Risk:

There is a potential risk that breaches of confidentiality, inaccurate reporting of findings, or failure to adhere to ethical standards could negatively affect the reputation of the researcher or the University.

(this box should expand as you type)
	How will you address any risks?

This risk will be mitigated through anonymous data collection, secure data storage, adherence to University ethical guidelines, and accurate reporting of results.


	6
	Safeguarding risks:  Risk to young people, vulnerable adults and / or researcher from improper behaviour, abuse or exploitation. Risk to researcher of being in a comprising situation, in which there might be accusations of improper behaviour.
	YES
	NO

	
	
	☐
	☒

	Risk:



(this box should expand as you type)
	How will you address any risks?




	7
	Sensitive, embarrassing or upsetting topics. If research activity may include sensitive, embarrassing or upsetting topics or issues likely to disclose information requiring further action (e.g. criminal activity), give details of the procedures to deal with these issues, including any support/advice (e.g. helpline numbers) to be offered to participants. Note that where applicable, consent procedures should make it clear that if something potentially or actually illegal is discovered in the course of a project, it may need to be disclosed to the proper authorities.  
	YES
	NO

	
	
	☐
	☒

	



(this box should expand as you type)

	
	Health and safety risks

	8
	Location hazards: for example: fire; visiting or working in participant’s homes; working in remote locations and in high crime areas; overseas travel; hot, cold or extreme weather conditions; working on or by water. Also hazardous work locations, such as construction sites, confined spaces, roofs or laboratories. For overseas travel, researchers will need to check country / city specific information, travel health requirements and consider emergency arrangements as part of their research planning. In all cases the University’s International Travel Policy must be followed.
	YES
	NO

	
	
	☐
	☒

	Risk:


(this box should expand as you type)
	How will you address any risks?




	9
	Activity hazards: for example: potentially mentally harmful activities; distressing and stressful work and content; driving; tripping, or slipping; falling from height; physically demanding work; lifting, carrying, pushing and pulling loads; night time and weekend working.
	YES
	NO

	
	
	☐
	☒

	Risk:



(this box should expand as you type)
	How will you address any risks?



	10
	Machinery and equipment: for example: ergonomic hazards, including computer workstations and equipment; contact with electricity; contact with moving, rotating, ejecting or cutting parts in machinery and instruments; accidental release of energy from machines and instruments.
	YES
	NO

	
	
	☐
	☒

	Risk:



(this box should expand as you type)
	How will you address any risks?


	11
	Chemicals and other hazardous substances: the use, production, storage, waste, transportation and accidental release of chemicals and hazardous substances; flammable, dangerous and explosive substances; asphyxiating gases; allergens; biological agents, blood and blood products. 
	YES
	NO

	
	
	☐
	☒

	Risk:


(this box should expand as you type)
	How will you address any risks?




	12
	Physical agents: for example: excessive noise exposure, hand-arm vibration and whole body vibration; ionising radiation; lasers; artificial optical radiation and electromagnetic fields
	YES
	NO

	
	
	☐
	☒

	Risk:


(this box should expand as you type)
	How will you address any risks?



	13
	Environmental risks: for example: accidental spillage of pollutants, damage to local ecosystems
	YES
	NO

	
	
	☐
	☒

	Risk:


(this box should expand as you type)
	How will you address any risks?






SECTION R: Disclosure and Barring Service

	Disclosure and Barring Service

	1
	If the research activity involves children or vulnerable adults, a Disclosure and Barring Service (DBS) certificate must be obtained before any contact with such participants.
	YES

	NO

	N/A


	
	Does your research require you to hold a current DBS Certificate?
	☐
	☐
	☒

	2
	If YES, please give the certificate number. If the certificate number is not available please write “Pending”; in this case any ethical approval will be subject to providing the appropriate certificate number.
	




[bookmark: SEX_S]SECTION S: Declaration
	The information which I have provided is correct and complete to the best of my knowledge. I have attempted to identify any risks and issues related to the research activity and acknowledge my obligations and the rights of the participants.

In submitting this application I hereby confirm that I undertake to ensure that the above named research activity will meet the University’s Research Ethics and Integrity Policy which is published on the website: https://www.uwtsd.ac.uk/research/research-ethics/ 


	1
	Name of applicant
	Bartosz Malinowski

	2
	Electronic or written signature of applicant:
	[image: ]

	3
	Date
	07.06.2026

	4
	Name of Director of Studies
	Marie Pitson, Supervisor: Daniela Hellyer

	5
	Electronic or written signature of Director of Studies:
	[image: ]

	6
	Date
	8th June 2026



Checklist: Please complete the checklist below to ensure that you have completed the form according to the guidelines and attached any required documentation:
	1
	☒
	I have read the guidance notes supplied before completing the form.

	2
	☒
	I have completed all relevant sections of the form in full.

	3
	☒
	I have attached a copy of the Participant Information Sheet (PIS) or Consent Form

	4
	☐
	I have attached a completed copy of the Trusted Research and Innovation Checklist (where applicable)

	5
	☐
	I have attached a full risk assessment (where appropriate) 

	6
	☒
	I understand that it is my responsibility to ensure that the above named research activity will meet the University’s Research Ethics and Integrity Code of Practice

	7
	☒
	I understand that it is my responsibility to ensure that the above named research activity will meet the University’s Research Data Management Policy

	8
	☒
	I understand that it is my responsibility to ensure that the above named research activity will meet the University’s Research Export Control Policy

	9
	☒
	I understand that it is my responsibility to ensure that the above named research activity will meet the University’s Open Access Research Policy

	10
	I have completed the following appendices:
	1
	☐
	2
	☐
	3
	☐
	4
	☐

	
	
	5
	☐
	6
	☐
	7
	☐
	8
	☐



	
All communications relating to this application during its processing must be in writing and emailed to pgresearch@uwtsd.ac.uk , with the title ‘Ethical Approval’ followed by your name.







[bookmark: APP_1]APPENDIX 1 – Grant or Contract Funding

	A1.1
	Has your research been awarded external funding?
	YES
	☐
	NO
	☐

	A1.2
	Have you applied for funding / awaiting decision?
	YES
	☐
	NO
	☐

	A1.3
	Are you intending to apply for funding?
	YES
	☐
	NO
	☐

	A1.4
	[bookmark: _Hlk152243903]Funding Body
	

	A1.5
	Lead institution (grant holder)
	

	A1.6
	If awarded, grant reference
	

	A1.7
	If awarded, grant value
	

	A1.8
	If awarded, start date and duration
	



	
	
	
	
	


	Return to the main form






[bookmark: APP_2]APPENDIX 2: External Collaborative Research Activity

	INSTITUTION 1                        

	[bookmark: _Hlk152247185]A2.1
	Name
	


	A2.2
	Researcher name and position 
	


	A2.3
	Role in project (e.g. co-investigator)
	


	A2.4
	Contact e-mail address
	


	A2.5
	External Ethical Approval
Please detail the ethical approval required and arrangements for this partner. See Section 14 of the UWTSD Research Ethics and Integrity Policy. If approved, please supply confirmation. 
	Obtained?
	YES
	NO
	PENDING

	
	
	
	☐
	☐
	☐

	[bookmark: _Hlk152841402]
	
	




	INSTITUTION 2                      

	A2.6
	Name
	


	A2.7
	Researcher name and position 
	


	A2.8
	Role in project (e.g. co-investigator)
	


	A2.9
	Contact e-mail address
	


	A2.10
	External Ethical Approval
Please detail the ethical approval required and arrangements for this partner. See Section 14 of the UWTSD Research Ethics and Integrity Policy. If approved, please supply confirmation. 
	Obtained?
	YES
	NO
	PENDING

	
	
	
	☐
	☐
	☐

	
	
	




	INSTITUTION 3                       

	A2.11
	Name
	


	A2.12
	Researcher name and position 
	


	A2.13
	Role in project (e.g. co-investigator)
	


	A2.14
	Contact e-mail address
	


	A2.15
	External Ethical Approval
Please detail the ethical approval required and arrangements for this partner. See Section 14 of the UWTSD Research Ethics and Integrity Policy. If approved, please supply confirmation. 
	Obtained?
	YES
	NO
	PENDING

	
	
	
	☐
	☐
	☐

	
	
	




Add additional collaborators as needed

	
	
	
	
	


	Return to the main form


[bookmark: APP_3]


APPENDIX 3: Research Undertaken Outside of the UK

	A3.1
	Research activity outside of the UK
If research activity will take place overseas, you are responsible for ensuring that local ethical considerations are complied with and that the relevant permissions are sought. Specify any local guidelines (e.g. from local professional associations/learned societies/universities) that exist and whether these involve any ethical stipulations beyond those usual in the UK (provide details of any licenses or permissions required). Also specify whether there are any specific ethical issues raised by the local context in which the research activity is taking place, for example, particular cultural and/or legal sensitivities or vulnerabilities of participants. Describe the measures you have taken to comply with these and provide evidence of approvals etc. If you live in the country where you will do the research then please state this. If you have a local research supervisor or research advisor then please give their contact details here.

	



(this box should expand as you type)

	A3.2
	Responsible Research and Innovation
If research is taking place overseas please refer to the UWTSD Trusted Research and Innovation Policy and complete the Trusted Research and Innovation Checklist and submit it with this form.

	A3.3
	Confirm that you have read the Trusted Research and Innovation Policy
	☐



	If you are a postgraduate research student working with a research supervisor or research advisor at your local university then you do not need to fill in any more sections of this appendix.
If you are working in a research collaboration with an overseas partner please complete the remaining sections of this appendix.
	Return to the main form


[bookmark: _Hlk160779412]
	Organisational Details

	A3.4
	Name of Organisation 

	

	A3.5
	Country where organisation is based:

	

	A3.6
	Registration number and name of registration body (examples of relevant registration bodies are government, tax, corporation, charity, educational authority):

	

(this box should expand as you type)

	A3.7
	What is the legal status of the organisation? (for example: public university, private university, charity, private company, non-profit making company, government research organisation, independent research organisation) Please include the date of foundation. Note: We may be required to ask for evidence of this at a later stage.

	

(this box should expand as you type)

	A3.8
	Is your organisation affiliated to any other organisation? (i.e. is the organisation legally part of a larger organisation or a group of larger organisations).

	

(this box should expand as you type)

	A3.9
	Name(s) of investigators in the organisation who will be responsible for the collaborative research and innovation 

	

(this box should expand as you type)




	About New Partners

	A3.10
	Why does a partner want to work with you?

	

(this box should expand as you type)

	A3.11
	What are they expecting in return for their financial support or involvement?

	

(this box should expand as you type)


	A3.12
	Is the organisation associated with a country which may be viewed as hostile to the UK or one which has different democratic and ethical values from our own? If you have ticked YES, please briefly describe below how you will maintain the UK’s democratic and ethical values within the research.
	YES
	NO

	
	
	☐
	☐

	


(this box should expand as you type)

	A3.13
	Has due diligence into the partner identified any involvement in research on behalf of the military or police with links to a hostile state? If you have ticked YES, please summarise below how you will prevent information from this research from being released to these organisations.
	YES
	NO

	
	
	☐
	☐

	


(this box should expand as you type)

	A3.14
	Set within the context of any information gained from due diligence, could your research be misused or have unintended applications which would be negative? If you have ticked YES, please summarise below how this might occur.
	YES
	NO

	
	
	☐
	☐

	


(this box should expand as you type)

	A3.15
	Are there any legal, regulatory or university policy constraints on undertaking your research with this partner? If you have ticked YES, please summarise these below.
	YES
	NO

	
	
	☐
	☐

	


(this box should expand as you type)

	A3.16
	Having considered the answers to questions A3.10-A3.15, are there potential reputational or ethical risks to you or the university? If you have ticked YES, please summarise these risks below.
	YES
	NO

	
	
	☐
	☐

	


(this box should expand as you type)




	About Research Relationships
	YES
	NO

	A3.17
	Are the terms of any proposed Memorandum of Understanding (MoU) in keeping with the expectations of your department and university?
	☐
	☐

	A3.18
	Are you providing existing intellectual property (IP), research data, confidential or personally identifiable data to the project? If so, how is this going to be protected?
	☐
	☐


	


(this box should expand as you type)

	A3.19
	Who will own any IP that is generated?

	

(this box should expand as you type)

	A3.20
	What plans do you have in place for protecting the resulting IP?

	

(this box should expand as you type)

	A3.21
	What contractual requirements are you able to put in place to protect the interests of your academic institutions?

	

(this box should expand as you type)

	A3.22
	What access will the research partner have to your IT network? If they do have access, what broader visibility might this provide?

	

(this box should expand as you type)

	A3.23
	Is there any physical separation or protection required between research in similar fields?

	

(this box should expand as you type)




	About Existing Partners

	A3.24
	Would proceeding with the research raise potential conflicts of interest with existing research partners? If you have ticked YES, please explain these conflicts below.
	YES
	NO

	
	
	☐
	☐

	


(this box should expand as you type)

	A3.25
	Have you spoken with your existing partners about any potential conflict of interest? If you have ticked YES, please briefly summarise their response(s) below.
	YES
	NO

	
	
	☐
	☐

	


(this box should expand as you type)

	A3.26
	Does any non-disclosure agreement for this project include an expectation that you will need to provide visibility to existing partners? If you have ticked YES, please explain below how this will be managed.
	YES
	NO

	
	
	☐
	☐

	


(this box should expand as you type)

	A3.27
	Will this research breach any existing contractual agreements that you, your department or university already have? If you have ticked YES, please explain below how this will be managed.
	YES
	NO

	
	
	☐
	☐


	


(this box should expand as you type)



	
	
	
	
	


	Return to the main form





[bookmark: APP_4]APPENDIX 4: Research with Vulnerable People

	Will the research involve data processing involving the following data subjects:
	YES
	NO

	A4.1
	Children under 16
	☐
	☐

	A4.2
	Adults with learning disabilities
	☐
	☐

	A4.3
	Adults with other forms of mental incapacity or mental illness
	☐
	☐

	A4.4
	Adults in emergency situations
	☐
	☐

	A4.5
	Prisoners or young offenders
	☐
	☐

	A4.6
	Those who could be considered to have a particularly dependent relationship with the investigator, e.g. members of staff, students
	☐
	☐

	A4.7
	People who have not given their explicit consent to participate in the project
	☐
	☐

	A4.8
	People engaged in illegal activities
	☐
	☐

	A4.9
	Any other people who can be considered vulnerable in the context of this project
	☐
	☐

	Please justify the inclusion of the above people (if applicable), explaining why the research cannot be conducted on non-vulnerable people.

	A4.10
	



(this box should expand as you type)

	Please give details of extra steps taken to assure the protection of vulnerable people participating in the research.  You should describe any arrangements to be made for obtaining consent from a legal representative.

	A4.11
	



(this box should expand as you type)

	It is the researcher’s responsibility to check whether a DBS check (or equivalent) is required and to obtain one if it is needed. Please confirm:

	A4.12
	DBS Check required? 
	YES
	NO

	
	
	☐
	☐

	A4.13
	DBS certificate obtained? 
	YES
	NO
	N/A

	
	
	☐
	☐
	☐



	
	
	
	
	


	Return to the main form





[bookmark: APP_5]APPENDIX 5: Research Involving Animals
	The use of animals in research is tightly governed and monitored by law and by the Home Office, specifically under the Animals (Scientific Procedures) Act 1986 and its accompanying codes of practice and processes. The Act regulates procedures that are carried out on protected animals for scientific or educational purposes that may cause pain, suffering, distress or lasting harm. Under the Act, a protected animal is ‘any living vertebrate, other than man, and any living cephalopod’. The University does not hold a Home Office issued Establishment Licence and therefore researchers must ensure that any proposed work involving animals is either exempt from the Act or falls outside of its scope. Exempted research, for example involving routine veterinary practice or clinical veterinary research, may still require external ethical approval from the Royal Society of Veterinary Surgeons. When undertaking collaborative research involving animals, the UWTSD Research Ethics Committee must be assured that the partner institution(s) conform to the appropriate regulatory framework or legislation, and have approval from their local Research Ethics Committee. Any such work must follow the guidance of the National Centre for the Replacement, Reduction and Refinement of Animals in Research, known as the 3Rs.  In all cases, advise must be sought from INSPIRE for any proposed research involving animals, either at UWTSD, or by research collaborators in partnership with UWTSD. This should be at the very early stages of research design, so that an appropriate due diligence exercise can be undertaken.

	Will the research involve any work with any of the following animals (including observation in their natural habitat)
	YES
	NO

	[bookmark: _Hlk156319509]A5.1
	Any living vertebrates, other than humans?
	☐
	☐

	A5.2
	Any living cephalopods?
	☐
	☐

	A5.3
	[bookmark: _Hlk156462984]Has INSPIRE undertaken an initial due diligence exercise?
	☐
	☐

	A5.4
	[bookmark: _Hlk156464303]Due diligence assessment appended to this application?
	☐
	☐

	Please provide a summary of the due diligence exercise, noting arrangements for compliance with the necessary regulatory frameworks and legislation. Please append the full due diligence assessment from INSPIRE. 

	[bookmark: _Hlk156464347]A5.5
	

(this box should expand as you type)



	
	
	
	
	


	Return to the main form





[bookmark: APP_6]APPENDIX 6: Research with Staff or Offenders in Prison Establishments and Probation Services 

	Research with staff and/or offenders in prison establishments, the Probation Service or within His Majesty’s Prison and Probation Services requires additional approvals.

	Will the research involve any of the following?
	YES
	NO

	A6.1
	Staff in prison establishments
	☐
	☐

	A6.2
	Offenders in prison establishments
	☐
	☐

	A6.3
	The Probation Service
	☐
	☐

	A6.4
	His Majesty’s Prison and Probation Services
	☐
	☐

	All researchers wanting to conduct research with staff and/or offenders in prison establishments, the Probation Service regions or within HM Prison and Probation Service (HMPPS) Headquarters are required to formally apply for research approval to the HMPPS National Research Committee (NRC). Before doing so, INSPIRE must undertake an initial due diligence exercise. If you have not contacted INSPIRE, please do so immediately. If YES to any of the above, please confirm:

	A6.5
	[bookmark: _Hlk156464314]Has INSPIRE undertaken an initial due diligence exercise?
	☐
	☐

	A6.6
	Have you applied to the HMPPS National Research Committee (NRC)?
	☐
	☐

	A6.7
	Has HMPPS National Research Committee approval been granted? If yes, please append to this application. 
	☐
	☐

	A6.8
	Due diligence assessment appended to this application?
	☐
	☐

	Please provide a summary of the due diligence exercise, noting arrangements for compliance with the necessary regulatory frameworks and legislation. Please append the full due diligence assessment from INSPIRE. 

	A6.9
	




(this box should expand as you type)



	
	
	
	
	


	Return to the main form





[bookmark: APP_7]APPENDIX 7:  Health and Social Care Research 
	All health and social care research must have a sponsor as defined by the Health Research Authority UK Policy Framework for Health & Social Care.  The University will under no circumstances act as the sponsor of health and social care research (i.e. that which requires approval by a NHS Research Ethics Committee). In all cases, therefore, an appropriate collaborating partner must lead the research.  Any health and social care research therefore requires an initial due diligence exercise, which will be undertaken by INSPIRE. The purpose of the due diligence exercise is to ensure that the University has the capability to undertake the research, either independently or in collaboration with research partners. This will include advice on suitable collaborative arrangements and the appropriate involvement of UWTSD researchers in the proposed research study.  This is likely to apply to the following areas:

	Will the data processing involve:
	YES
	NO

	A7.1
	Participants who have been recruited on the basis of medical and health conditions, life stage or other physical or mental attribute.
	☐
	☐

	A7.2
	Participants who will engage in physical exercise, activity or exertion of any kind, or who use exercise equipment, assistive devices or other apparatus for the purposes of the research study. This includes interventions that are minimally invasive.
	☐
	☐

	A7.3
	Patients and users of the NHS (including NHS patients treated in the private sector).
	☐
	☐

	A7.4
	Individuals identified as potential participants because of their status as relatives or carers of patients and users of the NHS.
	☐
	☐

	A7.5
	Patients who are cared for in private and voluntary sector nursing homes.
	☐
	☐

	A7.6
	Confidential patient information.
	☐
	☐

	A7.7
	Clinical trial of a medicinal product or medical device.
	☐
	☐

	A7.8
	Access to organs or other bodily material of past and present NHS patients, or any material consisting of or containing human cells.
	☐
	☐

	A7.9
	Use of human tissue (including non-NHS sources) where the collection is not covered by a Human Tissue Authority licence.
	☐
	☐

	A7.10
	Foetal material and IVF involving NHS patients.
	☐
	☐

	A7.11
	The recently deceased under NHS care.
	☐
	☐

	A7.12
	NHS staff or premises.
	☐
	☐

	A7.13
	Practising midwives conducting a clinical trial.
	☐
	☐

	A7.14
	Investigational medicinal product.
	☐
	☐

	A7.15
	Medical devices that are not CE-marked or CE-marked medical devices that have been modified or are being used for a new purpose.
	☐
	☐

	A7.16
	Exposure to ionising radiation.
	☐
	☐

	A7.17
	Other health and social care related research.
	☐

	☐


	Please specify 



(this box should expand as you type)
	
	

	Researchers proposing to work on projects involving health and social care research must check whether their study meets the HRA definition of research and whether it should undergo ethics review by a NHS Research Ethics Committee. If you have answered YES to any of questions A7.1-A7.17 then this is likely to be the case and sponsorship by a third party will be required. This can be checked via the Health Research Authority’s Decision Tool : https://www.hra-decisiontools.org.uk/research/  

	A7.18
	Does the research meet the HRA definition of research?
	YES 
	NO
	N/A

	
	
	☐
	☐
	☐

	A7.19
	Is the Research being sponsored by a collaborating partner?
	YES 
	NO
	N/A

	
	
	☐
	☐
	☐

	A7.20
	Has NHS ethics approval been granted?
	YES 
	NO
	N/A

	
	
	☐
	☐
	☐

	A7.21
	Has INSPIRE undertaken an initial due diligence exercise?
	YES 
	NO

	
	
	☐
	☐

	Please provide a summary of the due diligence exercise, noting arrangements for compliance with the necessary regulatory frameworks and legislation. Please append the full due diligence assessment from INSPIRE. If you have not contacted INSPIRE, please do immediately. 

	A7.22
	




(this box should expand as you type)



	A7.23
	Have you been granted NHS ethical approval?
	YES
	Click to continue to Section R
	NO
	Return to the main form






[bookmark: APP_8]APPENDIX 8: Export Control for Research with Potential Military End Uses
	Export controls apply to the physical, electronic or oral transmission outside the UK of applied research, sensitive technology, software and equipment that could potentially be misused, either directly or indirectly, for military purposes. These legal controls are a serious obligation and UWTSD researchers must actively manage the risks of these being misused to fuel conflict, threaten national security, support terrorism and crime, violate human rights or proliferate Weapons of Mass Destruction.  UWTSD’s Export Control Policy provides a clear six step process to determine if your research is covered by export controls. Please complete the following screening to judge if you need to compete a full export control assessment. If you are in any doubt, then please contact INSPIRE. Any research in UWTSD involving the following high-risk areas must be screened.
Will the research involve:

	Defence
	YES
	NO

	A8.1
	Military equipment and munitions
	☐
	☐

	A8.2
	Defence equipment, including satellites
	☐
	☐

	A8.3
	Technical data, including some border and port information
	☐
	☐

	A8.4
	Dual use research
	☐
	☐

	Materials and Technologies
	YES
	NO

	A8.5
	Nuclear materials, facilities and equipment
	☐
	☐

	A8.6
	Chemicals, microorganisms and toxins
	☐
	☐

	A8.7
	Electronics design, development and production
	☐
	☐

	 A8.8
	Computers
	☐
	☐

	A8.9
	Telecommunications
	☐
	☐

	A8.10
	Sensors and lasers
	☐
	☐

	A8.11
	Navigation and avionics
	☐
	☐

	A8.12
	Marine technology
	☐
	☐

	A8.13
	Composite materials
	☐
	☐

	A8.14
	Aerospace and propulsion
	☐
	☐

	Sensitive Information
	YES
	NO

	A8.15
	Cryptology
	☐
	☐

	A8.16
	Counterterrorism
	☐
	☐

	A8.17
	Counternarcotics
	☐
	☐

	A8.18
	Cyber-related
	☐
	☐

	A8.19
	Non-proliferation
	☐
	☐

	A8.20
	Transnational criminal organisations
	☐
	☐





	Genetic Resources
	YES
	NO

	A8.21
	Genetic material of actual or potential value
	☐
	☐

	A8.22
	Organisms, or parts thereof
	☐
	☐

	A8.23
	Populations (or organisms)
	☐
	☐

	A8.24
	Other biotic components of ecosystems
	☐
	☐

	A8.25
	Domesticated or cultivated species in which the evolutionary process has been influenced by humans
	☐
	☐



	Will you be exporting military or dual-use technology, now or possibly in the future? This information may take many forms, including:
	YES
	NO

	A8.26
	Physical transfer of goods, technologies, material or equipment
	☐
	☐

	A8.27
	Blueprints
	☐
	☐

	A8.28
	Plans
	☐
	☐

	A8.29
	Diagrams
	☐
	☐

	A8.30
	Models
	☐
	☐

	A8.31
	Formulae
	☐
	☐

	A8.32
	Tables
	☐
	☐

	A8.33
	Engineering designs and specifications
	☐
	☐

	A8.34
	Manuals and instructions
	☐
	☐

	A8.35
	Software
	☐
	☐

	A8.36
	Know-how
	☐
	☐



	Will your project transfer technology using any of the following physical methods?
	YES
	NO

	A8.37
	USB flash drives
	☐
	☐

	A8.38
	Portable hard drives
	☐
	☐

	A8.39
	Laptops
	☐
	☐

	A8.40
	Tablets
	☐
	☐

	A8.41
	Intangible forms by using electronic media, such as email, phone storage and cloud file sharing
	☐
	☐

	A8.42
	Physical exports
	☐
	☐



	Will your project involve any of the following?
	YES
	NO

	A8.43
	Oral transfer by phone or videoconferencing or presentations
	☐
	☐

	A8.44
	Travelling overseas for any purpose, while unintendingly carrying any of the above.
	☐
	☐

	A8.45
	Will you be hosting foreign visitors?
	☐
	☐





	If you answer YES to any of questions A8,1-A8.45 then you should complete a full export control assessment and append that to this application. Before doing this please contact INSPIRE who will advise further.
	YES
	NO

	A8.46
	Full export control assessment required?
	☐

	☐


	A8.47
	Full export control assessment completed?
	☐

	☐


	A8.48
	Full export control assessment appended?
	☐

	☐




	
	
	
	
	


	Return to the main form
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[bookmark: _Toc240979071]RESEARCH CONSENT FORM
[bookmark: _Toc240979072]Study Title
How Does AI Adoption Influence Decision-Making and Competitive Advantage in the Warehousing Industry?
[bookmark: _Toc240979073]Researcher
Bartosz Malinowski
University of Wales Trinity St. David

[bookmark: _Toc240979074]Invitation to Participate
You are invited to participate in this research study because you are currently employed within the warehousing, logistics, or supply chain sector and may have experience with artificial intelligence (AI) technologies used in warehouse operations.
You must be aged 18 years or older to participate. Before deciding whether to take part, please read the information below carefully.

[bookmark: _Toc240979075]1. Purpose of the Research
The purpose of this study is to investigate how the adoption of artificial intelligence influences organisational decision-making processes and competitive advantage within the warehousing industry. The findings will contribute to academic research and provide insights into the role of AI in improving warehouse performance and operational efficiency.

[bookmark: _Toc240979076]2. Procedure
If you agree to participate, you will be asked to complete an online questionnaire.
The survey includes questions about:
· AI technologies used within warehousing operations 
· Decision-making processes 
· Operational efficiency 
· Competitive advantage 
· Employee perceptions of AI adoption 
The survey should take approximately 5–10 minutes to complete.

[bookmark: _Toc240979077]3. Risks and Benefits
There are no anticipated risks associated with participation beyond those encountered in everyday life. Participation is entirely voluntary.
Although there are no direct benefits to participants, the findings may contribute to a better understanding of AI adoption in the warehousing industry and support future organisational improvements.

[bookmark: _Toc240979078]4. Compensation
No financial compensation or incentives will be provided for participation in this study.

[bookmark: _Toc240979079]5. Confidentiality
All responses will be treated confidentially and anonymously. No personally identifiable information will be collected unless participants voluntarily provide contact details for further research participation.
Data will be stored securely in accordance with university research ethics requirements and the UK General Data Protection Regulation (UK GDPR). Research findings may be published in academic reports, dissertations, or presentations; however, individual participants will not be identifiable.

[bookmark: _Toc240979080]6. Voluntary Participation
Participation is entirely voluntary. You may choose not to participate or withdraw from the survey at any time before submitting your responses without penalty or disadvantage.






[bookmark: _Toc240979081]7. Questions
If you have any questions regarding this research, please contact:
Researcher: Bartosz Malinowski
Email: 2005342@student.uwtsd.ac.uk

8. CONSENT
I have read and understood the information provided in this consent form. I understand the purpose of the study and what my participation involves. I understand that my participation is voluntary and that I may withdraw at any time before submitting my responses. I confirm that I am 18 years of age or older and agree to participate in this research study.
Participant Name: ______________________________________
Signature: _____________________________________________
Date: _________________________________________________
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