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1. Abstract

This study investigates the impact of artificial intelligence (AI) on forecasting accuracy and replenishment performance in retail supply chains, with a particular focus on the role of human–AI decision integration. In increasingly dynamic and data-driven environments, traditional forecasting approaches based on historical data and manual decision-making are often insufficient to respond to real-time demand fluctuations. AI technologies, particularly those based on machine learning and predictive analytics, have emerged as critical tools for enhancing forecasting precision, improving operational efficiency, and enabling more responsive supply chain systems .
Adopting a pragmatist research philosophy, this study employs a pilot mixed-method approach using a structured survey of 18 participants, including managers, employees, and students. Quantitative data were analysed using descriptive statistical techniques, while qualitative insights were derived from open-ended responses to capture perceived challenges in AI implementation.
The findings indicate strong agreement that AI improves forecasting accuracy and enhances replenishment performance by reducing stock-outs and excess inventory. In addition, the results highlight the importance of real-time data integration in improving demand prediction and operational responsiveness. A key contribution of the study is the identification of human–AI collaboration as a critical success factor, with respondents emphasising that combining AI-driven insights with human judgement leads to superior decision-making outcomes. However, the findings also reveal organisational challenges, including resistance to change and the need for structural and cultural transformation to support AI adoption.
From a theoretical perspective, the study contributes to the integration of supply chain management theories with emerging Industry 5.0 principles, emphasising a shift towards human-centric, intelligent systems. Practically, the research highlights how AI-enabled stock management can enhance profitability, improve customer satisfaction by ensuring the right products are available at the right time, and support more efficient managerial decision-making.
Although limited by its pilot nature and sample size, the study provides valuable preliminary insights and establishes a foundation for future research involving large-scale implementation and longitudinal analysis. Overall, the research underscores the strategic importance of AI as an enabler of integrated, responsive, and competitive supply chains in the evolving Industry 5.0 landscape.
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2. Introduction
[bookmark: _Toc228273196]2.1 Background 
Modern retail supply chains operate in increasingly complex and dynamic environments, where demand is influenced by multiple factors including marketing campaigns, seasonal trends, local events, and evolving consumer behaviour. Traditional supply chain models, which rely heavily on historical data and manual decision-making, are often unable to respond effectively to these rapid fluctuations. As a result, organisations frequently face operational inefficiencies such as stock-outs, excess inventory, delayed decision-making, and poor coordination between departments.
In response to these challenges, the adoption of artificial intelligence (AI) has emerged as a key driver of transformation in supply chain management. AI technologies enable organisations to process large volumes of real-time data, generate predictive insights, and automate decision-making processes, thereby improving forecasting accuracy and operational performance (Samuels, 2025). Furthermore, AI-driven predictive analytics has been shown to enhance supply chain responsiveness and reduce inefficiencies associated with traditional forecasting approaches (Batool et al., 2025) .
At the same time, the evolution from Industry 4.0 to Industry 5.0 has shifted the focus from pure automation to a more human-centric approach, where AI systems are designed to enhance rather than replace human decision-making. Industry 5.0 emphasises the integration of human intelligence with advanced technologies to create more resilient, adaptive, and sustainable systems (Nazarian et al., 2024) .
Unlike earlier industrial paradigms, which prioritised efficiency and automation, Industry 5.0 seeks to balance technological advancement with human expertise, creativity, and ethical considerations. This shift is particularly relevant in supply chain contexts, where decision-making often requires both analytical precision and contextual understanding. Recent studies highlight that effective AI systems must support collaborative intelligence, where human and artificial intelligence work together to achieve superior outcomes (Yan et al., 2025)
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2.2 Problem Statement
Despite the growing availability of artificial intelligence (AI) technologies, many retail supply chains continue to rely on fragmented systems, manual processes, and disconnected data sources. In practice, forecasting, inventory management, and operational decision-making are often handled independently across departments such as marketing, operations, and supply chain, leading to inefficiencies and misalignment. Existing research highlights that traditional supply chain systems struggle to process complex and dynamic demand patterns, particularly in environments characterised by volatility and real-time variability .
This lack of integration results in several critical challenges:
· Inaccurate demand forecasting 
· Excess stock or stock-outs 
· High dependency on human intervention 
· Delayed or inconsistent decision-making 
· Poor coordination between stakeholders 
Although AI has the potential to address these issues, organisations often struggle to implement it effectively within a unified and strategically aligned framework. Studies indicate that while AI significantly improves forecasting accuracy and operational efficiency, its successful adoption is often constrained by organisational barriers such as data quality issues, system fragmentation, and lack of integration across functions .
Furthermore, existing systems frequently fail to incorporate real-time data inputs, limiting their ability to respond to changing market conditions. AI-driven predictive analytics has been shown to enhance demand forecasting and inventory optimisation by integrating real-time and multi-source data, enabling more adaptive and responsive supply chain systems .
A key gap lies in the lack of practical integration between AI systems and human decision-making processes. While AI can provide predictive insights, its effectiveness depends on how these insights are interpreted and applied by human decision-makers. Without this integration, the full potential of AI in improving supply chain performance cannot be realised. Recent literature emphasises that the transition towards intelligent supply chains requires not only technological adoption but also organisational and behavioural alignment to support human–AI collaboration

[bookmark: _Toc228273198]2.3 Research Aim
The aim of this study is to examine the impact of artificial intelligence (AI) on forecasting accuracy and replenishment performance in retail supply chains, with a particular focus on the role of human–AI decision integration. AI-driven forecasting systems have been shown to significantly improve prediction accuracy and operational efficiency by leveraging real-time and multi-source data inputs .
More specifically, the research seeks to explore how AI-enabled systems can enhance operational efficiency, improve responsiveness to real-time demand, and support better coordination across organisational functions. This aligns with existing research highlighting that AI enhances supply chain responsiveness, reduces forecasting errors, and improves decision-making effectiveness in dynamic environments .

[bookmark: _Toc228273199]2.4 Research Questions
This study is guided by the following research questions:
· How does AI integration improve forecasting accuracy in retail supply chains? 
· To what extent does improved forecasting accuracy enhance replenishment performance? 
· What role does human–AI decision integration play in operational decision-making? 
· What organisational changes are required to support AI adoption in supply chains? 
· How can AI-enabled stock management contribute to strategic competitiveness in the context of Industry 5.0?

[bookmark: _Toc228273200]2.5 Significance of the Study 
This research is significant both academically and practically, as it addresses a critical gap between technological capability and real-world implementation in supply chain management. While artificial intelligence (AI) adoption is rapidly increasing across industries, organisations continue to face challenges in translating technological potential into operational value, particularly in complex and dynamic supply chain environments .
From a business perspective, the study highlights how AI can contribute to improved profitability by optimising inventory levels, reducing waste, and enhancing operational efficiency. AI-driven supply chain systems enable organisations to move from reactive decision-making towards predictive and prescriptive approaches, significantly improving performance outcomes . Efficient stock management directly impacts financial performance by minimising holding costs and preventing revenue loss due to stock-outs.
From a customer perspective, the research emphasises the importance of delivering the right product at the right time. Accurate forecasting and efficient replenishment ensure product availability, thereby improving customer satisfaction and service quality. In modern retail environments, where customer expectations are increasingly high, this capability represents a key competitive advantage.
From an operational perspective, the study demonstrates how AI can support managers in making faster, more informed decisions. By reducing reliance on manual processes and integrating real-time data across departments, organisations can improve coordination and responsiveness, leading to more agile and efficient supply chains. However, research also shows that despite strong interest in AI adoption, many organisations struggle to realise its full benefits due to organisational and capability-related constraints .
At a broader level, the study contributes to the evolving discourse on Industry 5.0 by highlighting the importance of human–AI collaboration. Rather than viewing AI as a replacement for human decision-making, the research positions it as a complementary tool that enhances human capabilities and supports more effective organisational outcomes. This aligns with the principles of human-centred AI, which emphasise augmenting human intelligence rather than replacing it . Recent research further supports this perspective, showing that effective human–AI collaboration improves decision quality, responsiveness, and resilience in complex supply chain environments 
[bookmark: _Toc228273201]
2.6 Research Contribution 
This study contributes to both theory and practice in several ways.
First, it provides empirical insights into the relationship between artificial intelligence (AI), forecasting accuracy, and replenishment performance. Existing research demonstrates that AI-driven forecasting models significantly enhance prediction accuracy and supply chain efficiency by processing complex and dynamic datasets .
Second, the study highlights the importance of human–AI integration in supply chain decision-making. Recent literature emphasises that human–AI collaboration plays a critical role in optimising supply chain outcomes, combining analytical capabilities with contextual human judgement to improve decision quality .
Third, it develops a practical understanding of organisational challenges associated with AI adoption. Despite the recognised benefits of AI, many organisations face significant barriers related to system integration, organisational readiness, and capability development, which limit the effective implementation of AI-driven solutions .
Fourth, the study positions AI-enabled supply chain systems within the broader context of Industry 5.0, where the focus shifts towards human-centric, intelligent, and adaptive systems. This aligns with emerging research highlighting the transition from purely automated systems to collaborative, human–AI integrated environments in modern supply chains .
Finally, by combining quantitative and qualitative insights from a pilot study, the research offers a foundation for future large-scale investigations and real-world implementation in the second phase of the DBA. This approach supports the development of applied, practice-oriented knowledge, which is essential in bridging the gap between academic research and organisational application.
[bookmark: _Toc228273202]
3. Literature Review and Theoretical Framework
[bookmark: _Toc228273203]
3.1 Artificial Intelligence in Supply Chain Management 
The integration of artificial intelligence (AI) into supply chain management (SCM) has attracted significant academic and industry attention over the past decade. AI technologies, including machine learning, predictive analytics, and optimisation algorithms, are increasingly being utilised to enhance decision-making, operational efficiency, and supply chain responsiveness. As supply chains become more complex and data-intensive, organisations are turning to AI to handle the scale and speed of modern operations in ways that traditional systems cannot.
A systematic review by Reza Toorajipour and colleagues highlights that AI applications in SCM have expanded across multiple domains, including logistics, inventory management, demand forecasting, and production planning. These technologies enable organisations to process large volumes of data and identify patterns that are not easily detectable through traditional analytical methods, thereby improving forecasting accuracy and operational decision-making (Toorajipour et al., 2021) .
More recent studies further emphasise that AI is a key driver of transformation in modern supply chains, particularly in the transition from Industry 4.0 to Industry 5.0 and beyond. AI integration has been shown to improve agility, reduce operational costs, and enhance decision-making capabilities, making supply chains more resilient and adaptive in uncertain environments (Culot et al., 2024; Daios, 2025) . In practical terms, this means organisations are no longer just reacting to demand but are increasingly able to anticipate and respond proactively.
However, despite these advancements, the literature also points to a critical limitation: many organisations struggle to translate AI capabilities into practical, integrated decision-making systems. While AI tools exist and continue to evolve rapidly, their implementation often remains fragmented, particularly in retail supply chains where legacy systems and manual processes are still dominant. This gap between technological potential and real-world application is widely recognised as one of the key challenges in supply chain digital transformation.
In simple terms, the issue is not that AI is unavailable  but that it is not fully embedded into everyday decision-making processes.
This limitation directly aligns with the focus of this research, which seeks to explore how AI can be more effectively integrated into supply chain operations, particularly through the interaction between human judgement and AI-driven insights.
[bookmark: _Toc228273204]3.2 AI in Demand Forecasting and Replenishment Performance 
Demand forecasting represents one of the most significant application areas of artificial intelligence (AI) within supply chain management. Traditional forecasting methods, which often rely on historical data and linear models, are increasingly inadequate in environments characterised by high volatility and complex demand patterns. These conventional approaches often struggle to account for external variables and rapid market changes, leading to inefficiencies and reduced forecasting accuracy (Kagalwala, 2025) .
AI-based forecasting models, particularly those using machine learning and predictive analytics, offer substantial improvements in accuracy by incorporating multiple data sources, including real-time sales data, promotions, weather patterns, and consumer behaviour. Unlike traditional systems, AI continuously learns and adapts to new data, enabling more dynamic and responsive forecasting processes (IBM, 2025) . In practical terms, this means organisations are no longer relying solely on past trends but are actively responding to what is happening in real time.
Research consistently shows that AI-driven forecasting enhances several critical supply chain capabilities, including:
· Accuracy – reducing forecasting errors and improving prediction precision 
· Responsiveness – enabling faster reaction to demand fluctuations 
· Supply chain resilience – improving the ability to manage uncertainty and disruption 
Empirical evidence supports these improvements. For example, AI-driven forecasting models have been shown to reduce forecasting errors by 10–20% and significantly improve reaction times to supply chain disruptions . In addition, some studies report reductions of up to 20–50% in forecasting errors, leading to improved inventory efficiency and reduced operational costs .
Beyond forecasting, AI plays a critical role in improving replenishment performance by aligning inventory levels more closely with actual demand. Accurate demand forecasts enable automated replenishment systems that adjust stock levels in real time, reducing the risk of both overstocking and stock-outs. Research shows that AI-driven forecasting can lead to measurable improvements, including reductions in excess inventory and stock shortages, as well as improved customer satisfaction .
These findings align closely with the empirical results of this study, where respondents strongly agreed that:
· AI improves forecasting accuracy 
· Poor forecasting leads to stock-related issues 
· AI enhances replenishment performance 
However, despite these advantages, the literature also identifies several key challenges associated with AI adoption:
· Data quality and availability issues 
· High implementation and integration costs 
· Lack of skilled personnel and technical expertise 
These challenges highlight that the benefits of AI are not automatic. Instead, they depend heavily on how well organisations are prepared to implement and integrate these technologies into existing systems. In many cases, the limitation is not the technology itself, but the organisational capability to use it effectively.
This becomes particularly important for this study, as these challenges will later be linked to findings on organisational change and readiness, reinforcing the need for a more integrated and human-centred approach to AI adoption.

3.3 Human–AI Integration in Supply Chain Decision-Making 
While early research on artificial intelligence (AI) in supply chains focused primarily on automation, recent studies have increasingly shifted attention towards human–AI collaboration. This reflects a broader recognition that fully autonomous systems are neither practical nor desirable in complex organisational environments, where decisions often involve uncertainty, judgement, and contextual understanding. In reality, supply chain decisions are rarely purely data-driven; they require interpretation, experience, and coordination across multiple stakeholders.
Recent literature highlights that decision-making in supply chains is increasingly supported by hybrid models, where AI systems provide recommendations while humans retain control over final decisions (Yaroson et al., 2025) . These models are designed not to replace human expertise, but to enhance it by combining computational capabilities with human insight.
These human–AI collaboration models typically include:
· Advisory systems – where AI provides recommendations, but humans make final decisions 
· Human-in-the-loop systems – where humans actively guide, validate, or override AI outputs 
· Hybrid decision frameworks – where decision-making responsibility is shared between humans and AI 
Such approaches recognise that effective supply chain management depends on complementarity rather than substitution. For example, human-in-the-loop systems integrate human expertise into AI processes to improve accuracy, adaptability, and reliability . In practice, this means AI can process large volumes of data and identify patterns, while humans apply judgement, contextual knowledge, and strategic thinking.
Importantly, the literature emphasises that the effectiveness of AI systems depends heavily on several key factors:
· Trust in AI outputs – users must believe in the reliability of AI recommendations 
· Explainability of algorithms – decisions must be understandable and transparent 
· User acceptance – employees must be willing to adopt and engage with AI systems 
Without these factors, even the most advanced AI systems may fail to deliver value. Research shows that organisational trust, transparency, and clear role definition are critical in determining how effectively humans and AI can work together (Yaroson et al., 2025; Sridhar, 2025) .
Further studies suggest that human–AI collaboration enhances decision quality by combining computational efficiency with human intuition and contextual understanding. In supply chain environments, this collaboration allows organisations to process complex data while still maintaining flexibility and adaptability in decision-making. For instance, AI can identify demand patterns and recommend actions, while human decision-makers evaluate these recommendations within broader strategic and operational contexts .
In simple terms:
AI is very good at processing data,
but humans are better at understanding meaning and making final decisions.
However, despite growing recognition of its importance, significant gaps remain in understanding how human–AI collaboration operates in practice, particularly within retail supply chains. Existing studies tend to focus more on technological capabilities rather than on organisational behaviour, decision dynamics, and real-world implementation challenges .
This is where the research becomes important.
The study moves beyond simply asking “what AI can do” and instead focuses on:
· How humans and AI actually interact in decision-making 
· How this interaction affects forecasting and replenishment performance 
· How organisations can effectively integrate AI into real operations 
[bookmark: _Toc228273205]3.4 Theoretical Framework 
This research is grounded in a combination of complementary theoretical perspectives that collectively explain the role of artificial intelligence (AI) in supply chain transformation. Rather than relying on a single theory, this study integrates multiple frameworks to capture both the technical and human dimensions of AI-enabled supply chains.

[bookmark: _Toc228273206]3.4.1 Lean Supply Chain Theory
Lean theory focuses on eliminating waste, improving efficiency, and optimising processes to deliver value to the customer with minimal resources (Womack and Jones, 1997). At its core, lean thinking aims to create value while reducing inefficiencies across operations. 
AI contributes directly to lean objectives by:
· Reducing forecasting errors 
· Minimising excess inventory 
· Improving operational efficiency 
In simple terms:
AI helps organisations do more with less, which is exactly what lean is about.

[bookmark: _Toc228273207]3.4.2 Demand-Driven Supply Chain (DDSC) Theory
Demand-driven supply chain theory emphasises responsiveness to real-time demand signals rather than reliance on static forecasts. Traditional supply chains often operate based on forecasts, whereas demand-driven systems respond directly to actual customer demand (Christopher, 2019). 
AI enables this by:
· Processing real-time data 
· Adapting forecasts dynamically 
In practice, this means:
Instead of guessing demand, organisations can respond to it as it happens.
This directly aligns with findings:
Real-time data → better prediction

[bookmark: _Toc228273208]3.4.3 Supply Chain Integration Theory
Supply chain integration theory highlights the importance of coordination across organisational functions. Effective supply chains depend on the seamless flow of information, resources, and decisions across departments.
AI systems act as integrators by:
· Connecting data across departments 
· Improving communication 
· Aligning decision-making 
In reality:
AI breaks down silos between marketing, operations, and supply chain teams.
The findings confirm this:
AI improves coordination across functions

[bookmark: _Toc228273209]3.4.4 Socio-Technical Systems Theory
This is the most important theory for the research.
Socio-technical systems theory argues that organisational performance depends on the interaction between:
· Technology (AI systems) 
· Social systems (people, culture, behaviour) 
This means that technology alone is not enough — it must work alongside human capabilities.
In simple terms:
Even the best AI system fails if people don’t trust or use it properly.
Human + AI = best outcomes

[bookmark: _Toc228273210]3.4.5 Resource-Based View (RBV)
The Resource-Based View suggests that organisations achieve competitive advantage through unique, valuable, and hard-to-replicate resources.
AI-enabled decision systems represent:
· Strategic organisational capabilities 
· Data-driven competitive advantages 
· Difficult-to-imitate systems 
In business terms:
Companies that use AI effectively gain an edge competitors cannot easily copy.

[bookmark: _Toc228273211]3.4.6 Dynamic Capabilities Theory
Dynamic capabilities theory explains how organisations adapt to changing environments by developing new skills and reconfiguring resources.
AI adoption requires:
· New skills 
· New processes 
· Continuous learning 
This is not just a technology upgrade 
it is a transformation of how the organisation works.
The findings support this clearly:
Organisational change is required for AI success



[bookmark: _Toc228273212]3.5 Research Gap
Despite extensive research on artificial intelligence (AI) in supply chain management, several critical gaps remain.
First, much of the existing literature focuses primarily on the technical capabilities of AI, with comparatively limited attention given to its practical implementation within organisational contexts. While studies demonstrate that AI can significantly improve forecasting accuracy and operational performance, there is still insufficient empirical evidence explaining how these improvements are realised in real-world supply chain environments (Culot et al., 2024; Samuels, 2025). 
In practice, organisations often struggle to move from experimentation to full-scale integration, particularly in complex retail supply chains.
Second, the role of human–AI integration remains underexplored. Although recent studies acknowledge the importance of collaboration between humans and AI systems, there is still a lack of clear frameworks explaining how this interaction influences decision-making and performance outcomes. Existing research highlights that while human–AI collaboration improves decision quality and resilience, the interaction between humans and AI is not yet fully understood across different decision levels (Yaroson et al., 2025; Elgeddawy, 2026). 
Third, there is limited research linking AI adoption to broader strategic outcomes, particularly within the context of Industry 5.0. Much of the current literature focuses on operational efficiency improvements, such as cost reduction and forecasting accuracy, without fully addressing how AI contributes to organisational competitiveness, strategic alignment, and long-term value creation. This reflects a gap between operational-level studies and strategic-level implications of AI adoption (Cannas et al., 2024). 
Finally, there is a clear gap in pilot-based empirical research that combines both quantitative and qualitative insights to explore early-stage AI adoption. This is particularly relevant in retail supply chains, where operational complexity, demand variability, and stakeholder coordination require both technological and human-driven solutions. Evidence suggests that many organisations struggle to scale AI beyond pilot stages due to fragmented implementation and lack of integration across processes. 
In simple terms, the issue is not that AI is ineffective, but that organisations have not yet fully developed the capability to integrate it effectively into real-world decision-making processes.

[bookmark: _Toc228273213]3.6 Summary of Literature Review 
In summary, the literature establishes that artificial intelligence (AI) has significant potential to transform supply chain management by improving forecasting accuracy, operational efficiency, and decision-making. AI technologies enable organisations to process complex data, respond to real-time demand, and enhance supply chain resilience in increasingly dynamic environments (Teixeira et al., 2025; Kagalwala, 2025). 
However, the successful implementation of AI depends not only on technological capabilities but also on human–AI collaboration and organisational readiness. Existing research highlights that without proper integration, governance, and alignment between human decision-makers and AI systems, the benefits of AI may not be fully realised (Yaroson et al., 2025). 
This study builds on existing research by addressing key gaps related to:
· Human–AI decision integration 
· Practical implementation in retail supply chains 
· Strategic implications in the context of Industry 5.0 
[bookmark: _Toc228273214]
4. Methodology
[bookmark: _Toc228273215]
4.1 Research Philosophy, Ontology, Epistemology, and Axiology
The study adopts a pragmatist research philosophy, which is widely recognised as appropriate for research that seeks to address real-world business problems through practical solutions. Pragmatism focuses on “what works” in practice and allows the integration of both quantitative and qualitative approaches to generate actionable insights.
In the context of this research, pragmatism is particularly relevant as the study aims to evaluate the impact of artificial intelligence on forecasting accuracy and replenishment performance within retail supply chains. Given that AI implementation involves both measurable performance outcomes and human decision-making dynamics, a single philosophical approach would be insufficient. Pragmatism therefore enables the combination of objective data analysis with subjective perceptions of participants.
This approach is supported by existing research, which highlights that AI adoption in supply chains requires both technical evaluation and human-centred understanding of decision-making processes .

4.1.1 Ontology
This study adopts a pragmatic ontological position, recognising that reality in supply chain environments is both objective and socially constructed. While operational outcomes such as forecasting accuracy can be measured quantitatively, decision-making processes are influenced by human perceptions and organisational contexts.
[bookmark: _Toc228273216]4.1.2 Epistemology
From an epistemological perspective, this research follows a pragmatist approach, combining both positivist and interpretivist elements. Quantitative data provides objective insights into performance outcomes, while qualitative responses offer an understanding of participant perspectives and experiences.
[bookmark: _Toc228273217]4.1.3 Axiology
The study acknowledges the role of researcher values in shaping the research process, particularly in the interpretation of qualitative data. Ethical considerations, transparency, and practical relevance are prioritised to ensure that the research contributes meaningfully to both academic knowledge and real-world application.

[bookmark: _Toc228273218]4.2 Research Design
The study employs a pilot study design using a mixed-methods approach, with a primary emphasis on quantitative survey data supported by limited qualitative insights.
A pilot study is appropriate at this stage of research as it allows for:
· Testing research instruments
· Identifying preliminary trends
· Exploring feasibility before large-scale implementation
Pilot studies are commonly used in early-stage research to refine methodologies and validate research constructs before conducting more extensive empirical investigations.
In this case, the pilot study is particularly relevant as the broader research aims to develop and test an AI-enabled stock management framework in a real organisational context in the second phase of the DBA.

[bookmark: _Toc228273219]4.3 Data Collection Method 
Data were collected using a structured survey questionnaire, designed to capture participants’ perceptions of artificial intelligence (AI) in supply chain decision-making.
The survey consisted of:
· 11 Likert-scale questions (measured on a 1–5 scale) 
· 1 open-ended question 
The Likert-scale questions focused on key variables aligned with the research objectives, including:
· AI impact on forecasting accuracy 
· Replenishment performance 
· Human–AI integration 
· Organisational readiness 
Likert-scale instruments are widely used in survey research to measure attitudes, perceptions, and behavioural intentions in a standardised and quantifiable manner, enabling comparison across respondents (Likert, 1932; ).
The inclusion of an open-ended question allowed for the collection of qualitative insights regarding challenges in AI implementation, providing additional context to the quantitative findings. This combination of closed and open-ended questions enhances the depth of analysis by capturing both measurable patterns and participant perspectives.
Survey-based data collection is widely used in supply chain and operations management research, particularly in studies examining technology adoption and organisational behaviour. It enables the efficient collection of standardised data across multiple participants while maintaining consistency in measurement (Melnyk et al., 2012; ).
Furthermore, structured questionnaires support the generation of reliable and comparable data, provided that questions are clearly designed and aligned with the constructs being measured. Ensuring clarity, validity, and consistency in questionnaire design is essential to minimise measurement error and improve the quality of the data collected (Ranganathan, 2024;
[bookmark: _Toc228273220]
4.4 Sampling Strategy
The study employed a non-probability convenience sampling method, which is appropriate for pilot studies where the primary aim is exploratory rather than generalisable. Convenience sampling involves selecting participants based on their accessibility and willingness to participate, rather than through random selection (Nikolopoulou, 2022). 
A total of 18 participants were included in the study, exceeding the initial target of 10. The sample consisted of:
· Managers 
· Employees 
· Students 
Some participants had direct experience with inventory or stock management systems, while others provided broader perceptions of AI in supply chain contexts. This diversity allowed the study to capture both practical and general perspectives on AI adoption.
Convenience sampling is widely used in exploratory and pilot research due to its practicality, speed, and cost-effectiveness, particularly when access to specialised respondents is limited (Golzar et al., 2022). It is especially suitable in early-stage studies where the objective is to identify patterns, test research instruments, and generate initial insights rather than to produce statistically generalisable results (Entropik, 2025). 
However, this sampling approach has recognised limitations. Because participants are not randomly selected, the sample may not be fully representative of the broader population, which restricts the generalisability of the findings (Bhardwaj, 2019). Additionally, convenience sampling may introduce bias, as certain groups may be overrepresented or underrepresented within the sample (Stratton, 2021). 
Despite these limitations, the use of convenience sampling is justified in this study due to its exploratory nature and its role as a pilot investigation. The findings are therefore intended to provide indicative insights rather than definitive conclusions, forming a foundation for more rigorous sampling approaches in future large-scale research.


4.5 Data Analysis Methods 
The study employed descriptive statistical analysis to evaluate the quantitative survey data. Descriptive statistics are commonly used to summarise and interpret datasets by identifying key characteristics such as central tendencies, patterns, and distributions within the data (Vetter, 2017; Pérez-Vicente, 2009). 
The analysis included:
· Calculation of mean (average) scores for each variable 
· Comparison across key themes 
· Identification of patterns and trends 
Descriptive analysis is particularly appropriate for pilot studies, as it enables researchers to explore relationships and generate meaningful insights without requiring large sample sizes. It provides a clear and structured way to summarise data, allowing for the identification of initial trends that can inform further research (Acosta, 2021). 
The analysis focused on key dependent variables, including:
· Forecasting accuracy 
· Replenishment performance 
· Decision-making effectiveness 
These variables were selected based on prior research indicating that AI significantly improves forecasting accuracy and operational performance in supply chains, particularly through enhanced data processing and predictive capabilities.
In addition to quantitative analysis, qualitative responses from the open-ended question were analysed using a thematic analysis approach. Thematic analysis is a widely used qualitative method that involves identifying, analysing, and interpreting patterns (themes) within textual data (Braun and Clarke, 2006; Ahmed, 2025). 
This process involved:
· Reviewing participant responses 
· Identifying recurring ideas and patterns 
· Grouping these into key themes 
Common themes identified included:
· Resistance to organisational change 
· Data quality and integration challenges 
· Organisational readiness for AI adoption 
The use of thematic analysis provided additional depth to the study by capturing participants’ perspectives and experiences, complementing the quantitative findings. This mixed analytical approach enhances the overall robustness of the research by combining statistical trends with contextual understanding.
[bookmark: _Toc228273221]
4.6 Reliability and Validity 
To ensure the reliability and validity of the study, several measures were implemented in the design and development of the research instrument.
First, the survey questions were developed based on existing literature on artificial intelligence (AI) in supply chains, ensuring that the constructs measured were grounded in established research. This supports content validity, which refers to the extent to which a measurement instrument adequately captures the concept it is intended to assess .
Second, standardised Likert scales were used to maintain consistency in measurement across all respondents. Likert-scale items are widely used in survey research to ensure comparability and reliability when measuring attitudes and perceptions across multiple variables.
Third, all questions were carefully aligned with clearly defined research variables, including forecasting accuracy, replenishment performance, human–AI integration, and organisational readiness. This alignment ensures that the instrument directly reflects the research objectives and theoretical constructs, further strengthening validity.
Reliability, defined as the consistency of measurement, is commonly assessed using internal consistency measures such as Cronbach’s alpha, which evaluates how closely related a set of survey items are . However, given the pilot nature of this study and the relatively small sample size, full statistical reliability testing was not conducted.
This is consistent with methodological guidance, which suggests that pilot studies are primarily intended to test feasibility, refine instruments, and identify potential issues, rather than to establish full statistical reliability or generalisability. Larger sample sizes are typically required to conduct robust reliability testing, including Cronbach’s alpha analysis .
Despite this limitation, the study ensures an acceptable level of reliability and validity through:
· Careful questionnaire design 
· Alignment with theoretical constructs 
· Use of standardised measurement scales 
These measures provide a strong foundation for future research, where more advanced statistical validation techniques will be applied in the second phase of the DBA.


[bookmark: _Toc228273222]4.7 Ethical Considerations
Ethical considerations were carefully addressed throughout the research process to ensure compliance with established principles of research integrity and participant protection.
Participation in the study was voluntary, and all participants were provided with sufficient information regarding the purpose and nature of the research before taking part. This aligns with the principle of informed consent, which requires that participants understand the research and freely agree to participate without coercion .
No personal or sensitive data were collected, and all responses were fully anonymised to protect participant identity. Ensuring anonymity and confidentiality is a fundamental requirement in research ethics, as it minimises potential harm and protects participants’ privacy .
Participants were also informed about how their data would be used, ensuring transparency in the research process. Ethical research practice requires that participants are aware of the purpose of the study, how their data will be handled, and their right to withdraw at any stage .
These measures align with standard ethical guidelines in business and management research, ensuring that the study adheres to principles of confidentiality, transparency, voluntary participation, and informed consent.

[bookmark: _Toc228273223]4.8 Limitations of the Study 
As a pilot study, this research has several limitations that should be acknowledged.
First, the small sample size (n = 18) limits the generalisability of the findings. Pilot studies are typically conducted on a smaller scale to assess feasibility and refine research design, and their results are not intended to be statistically generalisable .
Second, the use of convenience sampling introduces potential bias, as participants are selected based on accessibility rather than representativeness. This limits the ability to generalise findings to the wider population and may result in sampling bias .
Third, the study relies on perception-based data, meaning that the findings reflect participants’ views and experiences rather than objective performance metrics. While perception data provides valuable insights into attitudes and behavioural factors, it may not fully capture actual operational outcomes.
Fourth, the limited qualitative depth represents a constraint. The use of a single open-ended question restricts the ability to explore participant perspectives in detail, which may limit the richness of qualitative insights.
Despite these limitations, the study provides valuable preliminary insights and serves its intended purpose as a pilot investigation. It establishes a strong foundation for future research involving larger samples, more robust data collection methods, and deeper qualitative analysis.

[bookmark: _Toc228273224]4.9 Methodology Summary 
In summary, this study adopts a pragmatist, mixed-method pilot approach to explore the impact of artificial intelligence (AI) on forecasting accuracy and replenishment performance in retail supply chains.
The use of survey-based data collection, supported by descriptive statistical analysis and thematic analysis, enables the identification of key trends and patterns while capturing participant perspectives. This combination of quantitative and qualitative methods provides a more comprehensive understanding of the research problem.
The pilot study design ensures feasibility, supports methodological refinement, and provides initial empirical insights that will inform future research phases. While the findings are not intended to be generalisable, they offer a valuable foundation for the second phase of the DBA, where more rigorous methods and larger-scale implementation will be applied.
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5. Findings 
[bookmark: _Toc228273226]5.1 Respondent Overview
The pilot study collected data from 18 participants, including managers, employees, and students. A majority of respondents reported prior experience with stock or inventory systems, providing a relevant basis for evaluating perceptions of artificial intelligence (AI) in supply chain decision-making.
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[bookmark: _Toc228273227]5.2 AI and Forecasting Accuracy
The findings indicate strong agreement that artificial intelligence enhances forecasting accuracy in supply chains (Mean = 4.17). Similarly, respondents recognised the importance of real-time data in improving demand prediction (Mean = 4.17).
However, perceptions regarding the inefficiency of traditional forecasting methods were comparatively lower (Mean = 3.44), suggesting that while AI is viewed as beneficial, traditional methods are not entirely dismissed.
These findings align with existing research, which demonstrates that AI-driven forecasting improves prediction accuracy by leveraging real-time and multi-source data, outperforming traditional approaches in dynamic environments .
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[bookmark: _Toc228273228]5.3 Replenishment Performance
The results show a strong consensus that poor forecasting contributes to stock-outs and overstock situations (Mean = 4.24). Furthermore, respondents agreed that AI-based systems improve stock replenishment decisions (Mean = 4.18) and reduce reliance on manual processes (Mean = 4.35).
These findings highlight the operational benefits of AI integration in inventory management. Existing studies similarly indicate that AI-enabled forecasting improves inventory alignment with demand, reducing inefficiencies and enhancing supply chain performance .
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[bookmark: _Toc228273229]5.4 Human–AI Integration
The results emphasise the importance of human involvement in AI-driven systems. Respondents strongly agreed that combining human judgement with AI leads to better outcomes (Mean = 4.41), while also acknowledging the continued necessity of human oversight (Mean = 4.12).
Moderate agreement regarding employee resistance (Mean = 3.94) suggests potential organisational challenges in adopting AI technologies.
These findings are consistent with research on human–AI collaboration, which highlights that hybrid decision-making models improve performance but may also introduce organisational and behavioural challenges .
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[bookmark: _Toc228273230]5.5 Organisational Impact
Participants agreed that AI can improve coordination across departments (Mean = 4.24) and requires significant organisational change for successful implementation (Mean = 4.35).
This suggests that while AI adoption offers clear operational benefits, its effectiveness depends on organisational readiness, including structural alignment, cultural adaptation, and capability development. Prior research supports this view, indicating that successful AI integration requires both technological and organisational transformation .

[image: ]
[bookmark: _Toc228272505]Figure 15


[image: ]
[bookmark: _Toc228272506]Figure 16

[bookmark: _Toc228273231]
6. Discussion

[bookmark: _Toc228273232]6.1 Interpreting the Impact of AI on Forecasting Accuracy
The findings of this study provide strong empirical support for the argument that artificial intelligence significantly enhances forecasting accuracy in retail supply chains. With a mean score of 4.17, respondents demonstrated a high level of agreement that AI improves forecasting processes, particularly when supported by real-time data inputs such as sales trends, promotional campaigns, and seasonal variations. This aligns closely with existing literature, which suggests that traditional forecasting models often struggle to capture the complexity and volatility of modern demand patterns (Choi et al., 2018; Waller & Fawcett, 2013).
From a theoretical perspective, these findings reinforce the principles of Demand-Driven Supply Chain (DDSC) theory, which emphasises the importance of real-time data in enabling responsive and adaptive supply chain systems. The ability of AI to process large volumes of dynamic data allows organisations to move away from static forecasting approaches toward more agile and predictive models. In this context, AI acts not only as a technological enhancement but as a strategic enabler of responsiveness and accuracy.
Interestingly, the relatively lower agreement regarding the inefficiency of traditional forecasting methods (Mean = 3.44) suggests that respondents do not entirely reject conventional approaches. This indicates a transitional phase within organisations, where traditional methods are still perceived as relevant but insufficient on their own. This finding highlights the importance of integration rather than replacement, supporting the argument that AI should complement existing systems rather than completely displace them.

[bookmark: _Toc228273233]6.2 AI and Replenishment Performance: Operational Implications
The results further demonstrate a strong relationship between forecasting accuracy and replenishment performance. Respondents overwhelmingly agreed that poor forecasting leads to operational inefficiencies such as stock-outs and overstock situations (Mean = 4.24). This finding is critical, as it directly links forecasting accuracy to tangible business outcomes, including cost management, customer satisfaction, and operational efficiency.
Moreover, the high agreement that AI-based systems improve replenishment decisions (Mean = 4.18) and reduce reliance on manual processes (Mean = 4.35) provides evidence of AI’s operational value. These findings align with Lean Supply Chain Theory, which focuses on waste reduction, process optimisation, and efficiency improvement. By minimising forecasting errors, AI enables organisations to reduce excess inventory, avoid stock shortages, and streamline replenishment cycles.
From a practical standpoint, this suggests that AI adoption can significantly enhance key performance indicators such as inventory turnover, service levels, and order fulfilment rates. The reduction in manual intervention also implies a shift towards more automated and data-driven decision-making processes, which are essential characteristics of Industry 5.0 supply chains.

[bookmark: _Toc228273234]6.3 The Role of Human–AI Integration in Decision-Making
One of the most significant contributions of this study lies in its exploration of human–AI integration. The findings clearly indicate that respondents strongly believe that combining human judgement with AI leads to superior outcomes (Mean = 4.41), while also acknowledging the continued importance of human oversight (Mean = 4.12). This supports the central premise of this research, which emphasises the role of human–AI collaboration rather than full automation.
These results can be interpreted through the lens of Socio-Technical Systems Theory, which posits that organisational performance is optimised when social (human) and technical (AI) systems are effectively integrated. AI systems provide analytical capabilities and data processing power, while human decision-makers contribute contextual understanding, experience, and strategic judgement. The interaction between these elements creates a more robust and adaptive decision-making framework.
However, the moderate agreement regarding employee resistance to AI adoption (Mean = 3.94) highlights a critical challenge. Resistance may stem from concerns about job security, lack of trust in AI systems, or insufficient training. This finding underscores the importance of change management strategies, including employee engagement, training, and transparent communication, to facilitate successful AI implementation.

[bookmark: _Toc228273235]6.4 Organisational Readiness and Strategic Alignment
The study also highlights the organisational implications of AI adoption. Respondents agreed that AI can improve coordination between departments (Mean = 4.24) and requires significant organisational change (Mean = 4.35). These findings suggest that the successful implementation of AI is not solely a technological issue but also an organisational and strategic challenge.
From the perspective of Supply Chain Integration Theory, improved coordination across departments such as marketing, operations, and supply chain is essential for achieving alignment and efficiency. AI systems can act as a central platform that integrates data from multiple sources, enabling better communication and collaboration across functional areas.
Furthermore, the requirement for organisational change aligns with Dynamic Capabilities Theory, which emphasises the ability of organisations to adapt and reconfigure resources in response to changing environments. Implementing AI in supply chains requires new capabilities, including data management, analytical skills, and cross-functional collaboration. Organisations that can develop these capabilities are more likely to achieve a sustainable competitive advantage.

[bookmark: _Toc228273236]6.5 Implications for Industry 5.0 and Strategic Competitiveness
The findings of this study are particularly relevant in the context of Industry 5.0, which emphasises the integration of human intelligence and advanced technologies to create more resilient, efficient, and human-centric systems. The strong support for human–AI collaboration observed in this study aligns with the core principles of Industry 5.0, highlighting the importance of balancing automation with human expertise.
From a strategic perspective, the integration of AI into stock management systems can enhance competitiveness by improving responsiveness, reducing costs, and enabling better decision-making. This aligns with the Resource-Based View (RBV), which suggests that unique capabilities, such as advanced data analytics and integrated decision systems, can serve as sources of competitive advantage.
Additionally, the findings suggest that organisations must move beyond isolated technological adoption and develop a comprehensive framework that integrates AI into their broader supply chain strategy. This includes aligning technological investments with organisational goals, developing the necessary capabilities, and fostering a culture that supports innovation and change.

[bookmark: _Toc228273237]6.6 Summary of Key Insights
Overall, the discussion highlights several key insights:
· AI significantly improves forecasting accuracy and operational performance
· Forecasting accuracy directly impacts replenishment efficiency
· Human–AI integration is essential for effective decision-making
· Organisational readiness and change management are critical for success
· AI adoption supports strategic competitiveness in the Industry 5.0 context

[bookmark: _Toc228273238]7. Conclusion
This study set out to explore the impact of artificial intelligence on forecasting accuracy and replenishment performance within retail supply chains, with particular emphasis on the role of human–AI decision integration. In doing so, it addressed a growing concern within modern supply chain environments: the gap between the availability of advanced technologies and their effective, practical use within organisational decision-making.
The findings of the pilot study provide clear and consistent evidence that artificial intelligence is widely perceived as a valuable tool in improving forecasting accuracy and operational efficiency. Respondents demonstrated strong agreement that AI, particularly when combined with real-time data inputs, enhances the ability of organisations to anticipate demand more accurately. This, in turn, directly influences replenishment performance, reducing the likelihood of stock-outs and excess inventory. These outcomes are not only operational improvements but also strategic advantages, as they contribute to cost efficiency, customer satisfaction, and overall supply chain responsiveness.
However, what makes this study particularly significant is its emphasis on the role of human judgement within AI-enabled systems. Rather than supporting the idea of full automation, the findings highlight a more nuanced reality: AI is most effective when it works alongside human decision-makers. Participants consistently indicated that combining AI insights with human experience leads to better outcomes than relying on either in isolation. This reinforces the argument that the future of supply chain management is not purely technological, but rather collaborative, where human and machine capabilities are integrated in a complementary way.
At the same time, the study also reveals important organisational challenges. While there is strong recognition of the benefits of AI, there is also an acknowledgment that its implementation requires significant organisational change. Issues such as employee resistance, the need for new skills, and the integration of systems across departments cannot be overlooked. These challenges suggest that adopting AI is not simply a matter of investing in technology, but of transforming organisational structures, processes, and mindsets. In this sense, the success of AI in supply chains depends as much on people and culture as it does on data and algorithms.
From a theoretical perspective, this research contributes by bridging several important areas within supply chain and management literature. It connects the operational focus of lean supply chain thinking with the responsiveness of demand-driven approaches, while also incorporating socio-technical perspectives that recognise the importance of human–technology interaction. Furthermore, by situating the discussion within the context of Industry 5.0, the study moves beyond traditional automation narratives and highlights the importance of human-centric, intelligent systems.
Practically, the study offers valuable insights for organisations seeking to enhance their supply chain performance. It suggests that businesses should focus not only on adopting AI tools but also on developing integrated frameworks that align technology with human expertise and organisational strategy. This includes investing in data infrastructure, training employees, and fostering collaboration across departments. Organisations that can successfully achieve this integration are more likely to realise the full benefits of AI and strengthen their competitive position.
It is important to acknowledge that, as a pilot study, this research has limitations. The relatively small sample size and the use of perception-based data mean that the findings cannot be generalised without further investigation. However, the purpose of this study was not to provide definitive conclusions, but to explore initial patterns, test research instruments, and establish a foundation for future research. In this regard, the study has achieved its objective by identifying key relationships and highlighting areas that warrant deeper examination.
Looking forward, future research should build on these findings by incorporating larger datasets, real organisational implementations, and longitudinal analysis. The second phase of this research, involving action-based implementation within a real organisational setting, will be particularly important in validating the practical impact of AI-enabled stock management systems. This will allow for a more comprehensive understanding of how theoretical benefits translate into measurable business outcomes.
In conclusion, this study highlights a critical shift in supply chain management: from manual, fragmented decision-making towards intelligent, integrated systems that combine the strengths of both human and artificial intelligence. While the journey towards fully optimised, AI-enabled supply chains is still evolving, the evidence suggests that organisations that embrace this transformation thoughtfully and strategically will be better positioned to navigate the complexities of modern demand environments and compete effectively in the era of Industry 5.0.
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[bookmark: _Toc228273240]9. Reflective Account
[bookmark: _Toc228273241]9.1 What I Did and Why
This research project began with a clear intention: to explore how artificial intelligence could improve forecasting accuracy and replenishment performance in retail supply chains. However, what initially appeared to be a straightforward, technology-focused topic quickly evolved into a much broader and more complex investigation. Rather than simply examining AI as a tool, I found myself exploring how it interacts with human decision-making, organisational structures, and strategic objectives within the context of Industry 5.0.
My decision to focus on this topic was not accidental. It is closely linked to my professional interests and observations of real-world business environments, where stock management is still heavily dependent on manual processes and fragmented systems. I have seen first-hand how inefficiencies such as stock-outs, overstocking, and delayed decision-making affect both operational performance and customer satisfaction. This motivated me to investigate whether AI could provide a practical and scalable solution to these issues.
The research was designed as a pilot study, using a survey-based approach to gather initial insights. I chose this method because it allowed me to collect data quickly while testing the validity of my research questions and framework. The decision to use a pilot study was also strategic, as it aligns with the longer-term goal of implementing an AI-based system in a real organisational setting during the second phase of the DBA.
At this stage, my focus was not on producing generalisable results but on understanding patterns, identifying key variables, and refining my research direction. This approach reflects the idea that early-stage research should prioritise exploration and learning over precision and scale.

[bookmark: _Toc228273242]9.2 The Challenge of Moving from Idea to Structured Research
One of the most challenging aspects of this project was transforming an initial idea into a structured academic study. At the beginning, my thinking was largely conceptual and practice-oriented. I understood the problem manual decision-making and inefficient stock systems but struggled to frame it in a way that met academic expectations.
The difficulty was not in identifying the problem, but in problematising it academically. I had to move from:
· “This is inefficient in business”
 to
· “This is a research gap supported by literature and theory”
This required a significant shift in thinking. I had to engage deeply with academic literature, identify relevant theories, and justify why my research was necessary. Reflective writing helped me in this process, as it encouraged me to question my assumptions and refine my understanding. As noted in academic literature, reflective practice enables researchers to critically analyse their experiences and develop deeper insights into their work .
Another challenge was structuring the research in a way that aligned with academic conventions. Initially, I found it confusing to differentiate between sections such as findings and discussion. I had to learn that:
· Findings present the data
· Discussion interprets the meaning
This distinction seems simple, but in practice, it required careful thinking and multiple revisions.

[bookmark: _Toc228273243]9.3 Data Collection and Practical Constraints
The data collection process was both straightforward and challenging at the same time. On one hand, using a survey allowed me to gather responses quickly and efficiently. On the other hand, working with a small sample size (18 participants) raised concerns about the reliability and generalisability of the results.
However, through this process, I learned an important lesson: research is often constrained by practical limitations, and the role of the researcher is to work within these constraints while maintaining academic integrity. The use of a pilot study was therefore justified, as its purpose is to explore initial patterns rather than produce definitive conclusions.
Another challenge was ensuring that the survey questions were aligned with the research objectives. I had to carefully design each question to reflect key variables such as forecasting accuracy, replenishment performance, and human–AI integration. This process required me to think critically about what I was actually trying to measure and how it could be measured effectively.
The inclusion of an open-ended question proved particularly valuable, as it provided qualitative insights that complemented the quantitative data. This reinforced the importance of combining different types of data to gain a more comprehensive understanding of the research problem.

[bookmark: _Toc228273244]9.4 What the Analysis Process Taught Me
The data analysis phase was one of the most insightful parts of the project. Calculating averages and creating charts may seem like a simple task, but interpreting what those numbers actually mean requires deeper thinking.
The results showed strong agreement that AI improves forecasting accuracy and replenishment performance. However, what stood out most was the importance of human–AI collaboration. Participants consistently indicated that AI alone is not sufficient; it must be combined with human judgement to produce effective outcomes.
This finding changed the direction of my thinking. Initially, I approached the research from a technology-driven perspective, focusing on what AI can do. However, the analysis revealed that the real value lies in how AI is integrated into human decision-making processes.
This aligns with the broader concept of reflective learning, which emphasises the importance of questioning assumptions and adapting one’s understanding based on new evidence . Through this process, I realised that my research is not just about AI, but about how organisations use AI effectively.

[bookmark: _Toc228273245]9.5 Linking Research to Real-World Impact
One of the most valuable aspects of this project was the opportunity to connect academic research with real-world business challenges. This is particularly important in a DBA context, where the focus is on practical application and organisational impact.
The research highlighted several key implications for stakeholders:
· Customers benefit from improved product availability, ensuring the right product is available at the right time
· Managers benefit from more efficient decision-making processes
· Organisations benefit from increased profitability through better inventory management
This reinforced my understanding that research should not only contribute to academic knowledge but also provide practical value. The ability to translate research findings into actionable insights is a critical skill for business professionals and researchers alike.

[bookmark: _Toc228273246]9.6 Challenges in Academic Writing and Publication
Another important aspect of this project was understanding the challenges associated with academic writing and publication. Writing at a doctoral level requires more than just presenting information; it requires critical thinking, clarity, and originality.
One of the biggest challenges I faced was maintaining a balance between:
· Being analytical
· Being clear and readable
There is often a pressure to make academic writing overly complex, but I learned that clarity is equally important. The goal is not to impress with language, but to communicate ideas effectively.
Additionally, the increasing number of academic journals and the pressure to publish create a highly competitive environment. Researchers must not only produce high-quality work but also demonstrate its relevance and impact. This raises important questions about academic integrity and the difficulty of producing truly original contributions.

[bookmark: _Toc228273247]9.7 What I Learned from the Process
This project has significantly improved my understanding of both research and myself as a researcher. Key lessons include:
· The importance of structured thinking in research
· The value of linking theory to practice
· The need for critical reflection at every stage
· The role of adaptability in dealing with challenges
Reflection itself has been a crucial part of this learning process. It allows researchers to evaluate their decisions, understand their mistakes, and improve their approach. As highlighted in academic research, reflective practice enhances learning, critical thinking, and professional development .

[bookmark: _Toc228273248]9.8 What I Would Do Differently
If I were to repeat this study, I would focus on:
· Increasing the sample size
· Including more industry professionals
· Conducting interviews for deeper insights
· Using real organisational data
These improvements would enhance the validity and depth of the research.

[bookmark: _Toc228273249]9.9 Final Reflection
Looking back, this project has been more than just an academic exercise. It has been a process of learning, adaptation, and personal development. It has changed the way I think about research, from simply answering questions to critically examining problems and developing meaningful solutions.
Most importantly, it has reinforced the idea that effective research is not just about data or theory, but about understanding the connection between the two. In the context of this study, this means recognising that the future of supply chains lies not in AI alone, but in the integration of human intelligence and advanced technology.
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10. Appendix - Data analysis output 

[bookmark: _Toc228273251]10.1 Data Cleaning & Overview
Total responses: 18
· Mixed participants:
· Managers
· Employees
· Students

[bookmark: _Toc228273252]10.2 Average Scores 

	Question Area
	Avg Score

	AI improves forecasting (Q1)
	4.17

	Traditional methods inefficient (Q2)
	3.44

	Real-time data improves prediction (Q3)
	4.17

	Poor forecasting causes stock issues (Q4)
	4.24

	AI improves replenishment (Q5)
	4.18

	Automation reduces manual work (Q6)
	4.35

	Human judgement needed (Q7)
	4.12

	Human + AI improves outcomes (Q8)
	4.41

	Resistance to AI (Q9)
	3.94

	AI improves coordination (Q10)
	4.24

	AI requires organisational change (Q11)
	4.35


[bookmark: _Toc228272454]Table 1
 Interpretation
· All key variables are above 4.0 → strong agreement
· Highest:
· Human + AI improves outcomes (4.41)
· Automation reduces manual work (4.35)
· Organisational change required (4.35)


[bookmark: _Toc228273253]10.3 Data Extraction – Excel Sheet
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What is your role? Do you have experience with stock/inventory syste m s ?AI improves forecasting accuracy in supply chains?Traditional/manual forecasting methods are less ef f i c i e n t ?Real-time data (sales, promotions, events) improve s   d e m a n d   p r e d i c t i o nPoor forecasting leads to stock-outs or overstock.AI-based systems can improve stock replenishmen t   d e c i s i o n s .Automated systems reduce the need for manual d e c i s i o n - m a k i n g .

�

Human judgement is still necessary alongside AI

 

s y s t e m s .Combining AI with human decisions improves ou

t

c o m e s .Employees may resist AI adoption in decision-mak i n g .AI can improve coordination between departments .AI adoption requires organisational change. What do you think is the biggest challenge in imple m e n t i n g   A I   i n   s u p p l y   c h a i n s ?

Employee Yes 4 1 4 5 4 4 5 5 5 5 5 5

Manager Yes 5 5 5 5 5 5 5 5 5 5 5 5

4 4 4 4 4 4 4 4 4 4 4 4

3 4 5 3 5 4 3 5 4 4 3 4

5 4 5 4 5 4 5 4 5 4 5 4

Employee Yes 5 1 5 4 5 5 5 4 4 5 5 5

Manager Yes 5 5 5 5 5 5 5 5 5 5 5 5

Manager Yes 5 1 3 3 2 3 4 3 3 4 5

Manager 3 3 4 4 5 5 4 4 3 3 4 5

Manager 5 4 3 5 4 5 4 4 5 5 4 5

Student No 2 3 2 4 3 4 2 5 2 3 3 3

Employee Yes 4 1 4 4 3 3 2 3 3 3

Manager 3 5 4 5 4 5 4 5 4 5 4 5

Manager 3 4 5 3 4 5 3 4 5 3 4 5

5 5 5 5 5 5 5 5 5 5 5 5

Employee Yes 4 5 4 5 4 5 5 4 5 5 5

Employee No 3 4 3 4 3 4 3 4 3 4 3 4

Student No 4 3 3 4 3 4 2 3 2 4 5 5


Microsoft_Excel_Worksheet.xlsx
Form Responses 1

		What is your role?		Do you have experience with stock/inventory systems?		AI improves forecasting accuracy in supply chains?		Traditional/manual forecasting methods are less efficient?		Real-time data (sales, promotions, events) improves demand prediction		Poor forecasting leads to stock-outs or overstock.		AI-based systems can improve stock replenishment decisions.		Automated systems reduce the need for manual decision-making.
📊		Human judgement is still necessary alongside AI systems.		Combining AI with human decisions improves outcomes.		Employees may resist AI adoption in decision-making.		AI can improve coordination between departments.		AI adoption requires organisational change.		What do you think is the biggest challenge in implementing AI in supply chains?

		Employee		Yes		4		1		4		5		4		4		5		5		5		5		5		5

		Manager		Yes		5		5		5		5		5		5		5		5		5		5		5		5

						4		4		4		4		4		4		4		4		4		4		4		4

						3		4		5		3		5		4		3		5		4		4		3		4

						5		4		5		4		5		4		5		4		5		4		5		4

		Employee		Yes		5		1		5		4		5		5		5		4		4		5		5		5

		Manager		Yes		5		5		5		5		5		5		5		5		5		5		5		5

		Manager		Yes		5		1		3		3		2				3		4		3		3		4		5

		Manager				3		3		4		4		5		5		4		4		3		3		4		5

		Manager				5		4		3		5		4		5		4		4		5		5		4		5

		Student		No		2		3		2		4		3		4		2		5		2		3		3		3

		Employee		Yes		4		1		4						4		3		3		2		3		3		3

		Manager				3		5		4		5		4		5		4		5		4		5		4		5

		Manager				3		4		5		3		4		5		3		4		5		3		4		5

						5		5		5		5		5		5		5		5		5		5		5		5

		Employee		Yes		4		5		4		5		4		5				5		4		5		5		5

		Employee		No		3		4		3		4		3		4		3		4		3		4		3		4

		Student		No		4		3		3		4		3		4		2		3		2		4		5		5
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