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[bookmark: _Toc225583447]1. Introduction
[bookmark: _Toc225583448]1.1 Background of the Study
Artificial Intelligence (AI) has emerged as one of the most transformative technological developments in modern organisational contexts, reshaping industries and business models globally (Brynjolfsson and McAfee, 2017; McKinsey Global Institute, 2023). Organisations across industries are increasingly adopting AI technologies such as machine learning, predictive analytics, and automation to enhance operational efficiency and decision-making processes. AI enables organisations to analyse large volumes of data, identify patterns, and generate insights that support strategic and operational decisions (Brynjolfsson and McAfee, 2017).
In contemporary business environments characterised by uncertainty and rapid change, decision-making plays a critical role in organisational success. Traditional decision-making models are often constrained by bounded rationality, where individuals are limited by cognitive capacity and incomplete information (Simon, 1977). AI technologies have the potential to overcome these limitations by providing data-driven insights and automating complex decision processes (Shrestha, Ben-Menahem and von Krogh, 2019).
However, the integration of AI into organisational decision-making raises important challenges, including issues of trust, transparency, and ethical considerations. Additionally, while AI adoption is often associated with improved efficiency and innovation, its impact on competitive advantage remains contested. Not all organisations achieve the same level of benefit from AI, suggesting that organisational context and capabilities play a significant role (Teece, 2018).

[bookmark: _Toc225583449]1.2 Problem Statement
Despite the growing body of literature on Artificial Intelligence (AI), existing research remains fragmented and lacks an integrated perspective linking AI adoption, organisational decision-making, and competitive advantage. Recent systematic reviews also highlight the lack of integrative frameworks linking AI capabilities to organisational performance and strategic outcomes (Mikalef et al., 2021). While prior studies have examined AI’s technical capabilities and its impact on specific business functions, there is limited empirical evidence exploring how AI-driven decision-making translates into sustained competitive outcomes (Brynjolfsson, Rock and Syverson, 2021; Mikalef et al., 2020).

Furthermore, much of the existing literature adopts a technologically deterministic perspective, often overlooking the role of organisational and contextual factors such as leadership, culture, and human capabilities in shaping AI effectiveness (Davenport et al., 2020; Mikalef and Gupta, 2021). These limits understanding of why some organisations derive greater value from AI than others.

Additionally, existing empirical studies tend to focus on performance outcomes in isolation, with limited integration between decision-making processes and competitive advantage (Shrestha, Ben-Menahem and von Krogh, 2019). There is also a lack of mixed-methods research capturing both measurable impacts and organisational experiences of AI adoption (Creswell and Plano Clark, 2018).

Addressing these gaps is essential to develop a more comprehensive and integrated understanding of how AI contributes to organisational decision-making and long-term competitive advantage. Therefore, this study seeks to examine the relationship between AI adoption, decision-making effectiveness, and competitive advantage, while considering the organisational factors that shape these outcomes.
[bookmark: _Toc225583450]1.3 Significance of the Study
This study is significant for several reasons. First, it contributes to academic literature by providing an integrated analysis of AI adoption, decision-making, and competitive advantage. Second, it offers practical insights for organisations seeking to leverage AI effectively. Third, it addresses critical issues related to ethics, trust, and organisational readiness.
The findings will be valuable for managers, policymakers, and researchers interested in understanding the strategic implications of AI adoption.
From an industry perspective, organisations investing in AI are projected to significantly enhance productivity and decision-making efficiency, yet many struggle to realise value due to organisational and strategic barriers (PwC, 2023; McKinsey Global Institute, 2023).
[bookmark: _Toc225583451]1.4 Research Scope
1.4.1 Aim of the Study
To investigate the impact of AI adoption on organisational decision-making and evaluate its implications for achieving competitive advantage.

1.4.2 Objectives of the Study

· To examine the extent of AI adoption in organisations 
· To analyse the impact of AI on organisational decision-making 
· To evaluate the relationship between AI adoption and competitive advantage 
· To identify key organisational factors influencing AI effectiveness 
· To develop strategic recommendations for organisations

1.4.3 Research Questions
· How does AI reshape organisational decision-making? 
· What are the benefits and challenges of AI-driven decision-making? 
· How does AI adoption contribute to competitive advantage? 
· What organisational factors influence AI effectiveness?

[bookmark: _Toc225583452]2. Literature Review
[bookmark: _Toc225583453]2.1 Theoretical Frameworks
This section critically examines the key theoretical frameworks underpinning Artificial Intelligence (AI), organisational decision-making, and competitive advantage. These frameworks provide a conceptual foundation for understanding how AI reshapes organisational processes and strategic outcomes.

[bookmark: _Toc225583454]2.1.1 Resource-Based View (RBV)
The Resource-Based View (RBV) posits that organisations achieve sustained competitive advantage through resources that are valuable, rare, inimitable, and non-substitutable (Barney, 1991). In the context of AI, such resources include proprietary data, advanced algorithms, and specialised human expertise (Mikalef et al., 2020).
However, the literature suggests that AI alone does not constitute a strategic resource. Instead, its value depends on how it is embedded within organisational routines and capabilities (Davenport, Guha, Grewal and Bressgott, 2020). For instance, firms with superior data governance and analytics capabilities are more likely to derive value from AI investments (Wamba et al., 2017).
Critically, RBV has been criticised for its static nature, as it does not fully account for dynamic technological environments (Priem and Butler, 2001). Given the rapid evolution of AI technologies, organisations must continuously adapt to maintain competitive advantage, necessitating a more dynamic theoretical lens.

[bookmark: _Toc225583455]2.1.2 Dynamic Capabilities Theory
Dynamic Capabilities Theory extends RBV by emphasising the organisation’s ability to integrate, build, and reconfigure resources in response to environmental changes (Teece, 2018). AI plays a critical role in enhancing these capabilities by enabling organisations to sense opportunities through data analytics, seize them through informed decision-making, and transform operations through automation.
Research by Warner and Wäger (2019) suggests that AI-driven digital transformation enhances organisational agility and innovation. Similarly, Mikalef and Gupta (2021) found that firms leveraging AI capabilities are better positioned to respond to market changes and sustain competitive advantage.
However, critics argue that dynamic capabilities are difficult to measure empirically and often lack operational clarity (Arend and Bromiley, 2009). Despite this limitation, the framework remains highly relevant in understanding AI’s strategic impact.

[bookmark: _Toc225583456]2.1.3 Bounded Rationality Theory
Bounded Rationality Theory highlights the limitations of human decision-making due to cognitive constraints and incomplete information (Simon, 1977). AI technologies address these limitations by processing large datasets and generating predictive insights, thereby enhancing decision-making quality (Shrestha, Ben-Menahem and von Krogh, 2019).
AI enables organisations to move from intuitive to data-driven decision-making, reducing uncertainty and improving accuracy (Power, 2002). However, this shift introduces new challenges, including over-reliance on algorithmic outputs and reduced human oversight (Jarrahi, 2018).
Furthermore, while AI can augment decision-making, it does not eliminate bias entirely. Algorithmic systems may replicate or amplify biases present in training data (O’Neil, 2016). This highlights the need for critical evaluation of AI-driven decisions.

[bookmark: _Toc225583457]2.1.4 Socio-Technical Systems Theory
Socio-Technical Systems Theory emphasises the interaction between technological systems and social structures within organisations (Orlikowski, 1992). AI adoption must therefore be understood as a socio-technical process, where technological capabilities are intertwined with organisational culture, human skills, and institutional structures.
Research by Bostrom and Heinen (1977) suggests that successful technology implementation requires alignment between technical and social systems. In the context of AI, this means integrating technology into organisational workflows while addressing human factors such as trust and resistance.
This perspective challenges technological determinism by recognising that organisational outcomes are shaped not only by technology but also by human and institutional factors.

[bookmark: _Toc225583458]2.2 AI and Organisational Decision-Making
AI has significantly transformed organisational decision-making by enabling data-driven and predictive approaches. Traditional decision-making models relied heavily on human intuition, which is subject to biases and limitations (Simon, 1977). AI systems, however, can process vast amounts of structured and unstructured data, identify patterns, and generate insights that support decision-making (Davenport and Ronanki, 2018).
AI-driven decision-making can be categorised into:
· Augmented decision-making, where AI supports human judgment 
· Automated decision-making, where AI independently makes decisions 
(Shrestha et al., 2019)
While augmented decision-making enhances human capabilities, automated decision-making raises concerns regarding accountability and transparency. Pasquale (2015) argues that many AI systems operate as “black boxes” making it difficult to understand how decisions are made.
Empirical studies suggest that AI improves decision speed and accuracy (Brynjolfsson and McAfee, 2017). However, Jarrahi (2018) argues that human judgment remains essential, particularly in complex and uncertain environments.
Additionally, trust in AI is a critical factor influencing adoption. Research by Glikson and Woolley (2020) indicates that individuals are more likely to trust AI systems when they perceive them as transparent and reliable.

[bookmark: _Toc225583459]2.3 AI and Competitive Advantage
AI is increasingly recognised as a source of competitive advantage. According to Porter (1985), organisations achieve competitive advantage through cost leadership or differentiation. AI contributes to both by enabling process automation, reducing costs, and facilitating personalised services.
From an RBV perspective, AI capabilities can provide competitive advantage when combined with organisational resources (Barney, 1991). However, the sustainability of this advantage is debated. As AI technologies become more accessible, they may lose their rarity and become commoditised (Brynjolfsson et al., 2021).
Research by Mikalef et al. (2020) suggests that data-driven capabilities are a key determinant of competitive advantage. Similarly, Wamba et al. (2017) found that big data analytics capabilities positively influence firm performance.
The dynamic capabilities perspective emphasises that organisations must continuously adapt and innovate to maintain competitive advantage (Teece, 2018). AI enhances this adaptability by enabling organisations to respond quickly to changing market conditions.


[bookmark: _Toc225583460]2.4 Factors Influencing AI Adoption and Effectiveness
The adoption and effective utilisation of Artificial Intelligence (AI) within organisational contexts is a multifaceted phenomenon shaped by an intricate interplay of technological, organisational, and environmental determinants. Contrary to technologically deterministic perspectives, contemporary scholarship emphasises that AI implementation constitutes a socio-technical transformation, requiring alignment between technological capabilities and organisational structures, cultures, and human agency (Orlikowski, 1992; Bostrom and Heinen, 1977). This section critically interrogates the key factors influencing AI adoption and effectiveness, highlighting both enabling conditions and structural constraints.

[bookmark: _Toc225583461]2.4.1 Leadership and Strategic Alignment
Leadership emerges as a central determinant in shaping the trajectory and outcomes of AI adoption. Strategic leadership is instrumental in articulating a coherent vision for AI integration, aligning technological initiatives with organisational objectives, and mobilising resources to support implementation (Davenport, Guha, Grewal and Bressgott, 2020). In this regard, leadership functions not merely as a facilitator but as a strategic orchestrator of digital transformation.
Empirical evidence suggests that organisations characterised by strong executive commitment to AI are more likely to achieve superior performance outcomes and derive measurable value from AI investments (Ransbotham et al., 2020; Mikalef et al., 2020). However, the literature also highlights a persistent gap between strategic intent and operational execution. Many organisations adopt AI in an ad hoc or fragmented manner, lacking a clearly defined strategic framework, which ultimately undermines its effectiveness (Bughin et al., 2018).
Critically, traditional leadership paradigms rooted in hierarchical control may prove inadequate in AI-driven environments, which require agility, experimentation, and data-driven decision-making. This necessitates a shift towards adaptive and digitally literate leadership, capable of navigating uncertainty and fostering organisational learning.

[bookmark: _Toc225583462]2.4.2 Organisational Culture and Change Management
Organisational culture constitutes a foundational element in determining the success or failure of AI initiatives. A culture that prioritises innovation, experimentation, and knowledge sharing creates an enabling environment for AI adoption (Warner and Wäger, 2019). Conversely, cultures characterised by rigidity, risk aversion, and resistance to change can significantly impede implementation efforts.
Resistance to AI adoption often stems from employee concerns regarding job displacement, loss of autonomy, and the perceived opacity of algorithmic systems (Jarrahi, 2018). Such resistance is not merely a behavioural issue but reflects deeper organisational tensions between technological advancement and human agency.
Studies indicate that organisations with a strong learning orientation and openness to change are better positioned to integrate AI into their decision-making processes (Mikalef and Gupta, 2021). However, achieving cultural transformation is inherently complex and requires sustained managerial effort, effective communication, and inclusive change management strategies.
From a critical perspective, much of the existing literature underestimates the institutional inertia embedded within organisations, which may constrain the pace and scope of AI adoption. This underscores the importance of viewing culture not as a static variable but as a dynamic and contested organisational construct.

[bookmark: _Toc225583463]2.4.3 Data Quality, Availability and Technological Infrastructure
Data constitutes the foundational resource underpinning AI systems, and its quality directly influences the reliability and validity of AI-driven outputs. High-quality, structured, and accessible data enables accurate predictive modelling and informed decision-making, whereas poor data quality can lead to erroneous conclusions and strategic misalignment (Wamba et al., 2017).
The development of robust technological infrastructure, including data storage systems, computational capacity, and integration platforms, is therefore essential for effective AI implementation (Brynjolfsson et al., 2021). Organisations that invest in advanced data architectures are better positioned to leverage AI capabilities and generate competitive advantage.
Nevertheless, significant challenges persist in relation to data management. Issues such as data silos, fragmentation, and lack of governance mechanisms continue to undermine the effectiveness of AI systems (Bughin et al., 2018). Furthermore, regulatory frameworks, particularly those related to data privacy and protection (e.g., GDPR), impose additional constraints on data utilisation.
Critically, the literature often assumes the availability of high-quality data, overlooking the practical difficulties organisations face in data acquisition, cleaning, and integration. This highlights a key gap between theoretical potential and operational reality.
[bookmark: _Toc225583464]2.4.4 Human Capital and Organisational Capabilities
The availability and development of human capital represent a critical determinant of AI adoption. AI implementation requires a diverse set of competencies, including technical expertise in data science and machine learning, as well as managerial and analytical capabilities (Mikalef and Gupta, 2021).
A significant body of research identifies the shortage of skilled professionals as a major barrier to AI adoption (Bughin et al., 2018). This skills gap constrains organisations ability to design, implement, and interpret AI systems effectively.
Beyond technical expertise, there is an increasing emphasis on AI literacy, defined as the ability of employees to understand, interpret, and critically evaluate AI outputs. This is particularly important in decision-making contexts, where human oversight remains essential.
However, reliance on specialised expertise may create organisational dependencies and exacerbate inequalities within the workforce. This raises important questions regarding workforce transformation, reskilling, and the future of work in AI-enabled environments.

[bookmark: _Toc225583465]2.4.5 Trust, Transparency and Ethical Governance
Trust constitutes a fundamental prerequisite for the successful adoption of AI systems. Without trust, decision-makers are unlikely to rely on AI-generated insights, regardless of their technical accuracy (Glikson and Woolley, 2020). Trust is closely linked to the transparency and interpretability of AI systems.
The “black box” nature of many AI models presents a significant challenge, as it limits the ability of users to understand how decisions are generated (Pasquale, 2015). This lack of transparency undermines accountability and raises ethical concerns.
Algorithmic bias represents another critical issue, as AI systems may replicate and amplify existing social inequalities (O’Neil, 2016). This has significant implications for organisational decision-making, particularly in areas such as recruitment, performance evaluation, and resource allocation.
To address these challenges, organisations must establish robust governance frameworks that promote ethical AI use, including mechanisms for bias detection, transparency, and accountability. However, the implementation of such frameworks remains uneven across organisations.
From a critical standpoint, the ethical dimension of AI is often treated as an afterthought, rather than an integral component of organisational strategy. This represents a significant limitation in both practice and research.

[bookmark: _Toc225583466]2.4.6 Environmental and Institutional Pressures
AI adoption is also shaped by external environmental factors, including competitive dynamics, regulatory frameworks, and technological advancements. Organisations operating in highly competitive environments are more likely to adopt AI as a means of maintaining or enhancing their market position (Porter, 1985).
Technological advancements have reduced the cost and complexity of AI implementation, increasing accessibility across industries. However, this has also contributed to the commoditisation of AI technologies, potentially limiting their ability to generate sustained competitive advantage (Brynjolfsson et al., 2021).
Regulatory pressures, particularly those related to data protection and ethical AI, further influence adoption decisions. While such regulations promote responsible AI use, they may also constrain innovation and limit data availability.
Critically, the interaction between organisational and environmental factors remains underexplored in the literature, highlighting the need for more integrative research approaches.


[bookmark: _Toc225583467]2.4.7 Critical Synthesis
The preceding analysis demonstrates that AI adoption is a complex and context-dependent process, influenced by a constellation of interrelated factors. While technological capability is a necessary condition, it is not sufficient to ensure successful implementation.
A key insight emerging from the literature is that AI adoption should be conceptualised as an organisational transformation, rather than a purely technological innovation. This transformation requires alignment between leadership, culture, data, and human capabilities.
However, much of the existing research adopts a fragmented approach, examining individual factors in isolation. There is a clear need for a more holistic framework that captures the dynamic interactions between these factors.

[bookmark: _Toc225583468]2.5 Empirical Review
The empirical literature on Artificial Intelligence (AI) adoption provides valuable insights into its impact on organisational decision-making and competitive advantage. However, the findings remain fragmented, with studies often focusing on isolated aspects such as performance outcomes, decision efficiency, or implementation challenges. This section critically evaluates key empirical contributions, highlighting areas of convergence, divergence, and limitation.

[bookmark: _Toc225583469]2.5.1 AI and Decision-Making Effectiveness
A growing body of empirical research suggests that AI significantly enhances organisational decision-making processes. Davenport and Ronanki (2018), in their study of organisations adopting AI technologies, found that AI applications improve decision speed, accuracy, and consistency, particularly in operational contexts. Similarly, Brynjolfsson and McAfee (2017) argue that data-driven decision-making enabled by AI reduces reliance on intuition and improves analytical precision.
Shrestha, Ben-Menahem and von Krogh (2019) provide a more nuanced perspective by distinguishing between augmented and automated decision-making structures. Their findings indicate that organisations that combine human judgment with AI insights achieve more effective outcomes compared to those relying solely on automation. This supports the argument that AI should complement rather than replace human decision-makers.
However, empirical evidence also highlights limitations. Jarrahi (2018) demonstrates that in complex and uncertain environments, human intuition remains critical, as AI systems may struggle to interpret contextual nuances. Furthermore, Glikson and Woolley (2020) found that trust in AI significantly influences its adoption in decision-making processes, with users more likely to rely on AI when it is perceived as transparent and reliable.
Critically, much of the existing empirical research is based on case studies of large organisations, limiting generalisability. Additionally, many studies rely on self-reported data, which may introduce bias and overestimate the effectiveness of AI systems.

[bookmark: _Toc225583470]2.5.2 AI and Organisational Performance
Empirical studies examining the relationship between AI adoption and organisational performance generally report positive outcomes. Ransbotham et al. (2020), in a large-scale study conducted by MIT Sloan Management Review, found that organisations with higher levels of AI maturity are more likely to achieve improved financial performance, innovation, and operational efficiency.
Similarly, Mikalef et al. (2020) demonstrate that AI capabilities positively influence firm performance, particularly when combined with strong data-driven cultures and organisational resources. Wamba et al. (2017) also found that big data analytics capabilities, closely related to AI, significantly enhance organisational performance and competitive positioning.
Despite these positive findings, the relationship between AI and performance is not universally consistent. Brynjolfsson, Rock and Syverson (2021) introduce the concept of the “productivity J-curve,” suggesting that organisations may experience a lag between AI investment and realised performance gains. This delay is attributed to the need for complementary investments in organisational processes and capabilities.
Moreover, empirical studies often fail to account for contextual factors such as industry differences, organisational size, and technological maturity. This limits the ability to draw general conclusions about the impact of AI on performance.

[bookmark: _Toc225583471]2.5.3 Barriers to AI Adoption and Implementation
The empirical literature identifies several barriers that hinder effective AI adoption. Bughin et al. (2018), in a comprehensive study by McKinsey Global Institute, highlight key challenges including lack of skilled personnel, data limitations, and organisational resistance.
Mikalef and Gupta (2021) further emphasise the role of organisational readiness, arguing that firms lacking digital capabilities and strategic alignment are less likely to benefit from AI adoption. Similarly, Jarrahi (2018) identifies resistance to change as a significant barrier, particularly among employees who perceive AI as a threat to their roles.
Empirical evidence also points to structural and institutional constraints. For example, regulatory requirements related to data protection may limit the availability of data for AI systems (Brynjolfsson et al., 2021). Additionally, the complexity of AI technologies can create implementation challenges, particularly for small and medium-sized enterprises (SMEs).
While these studies provide valuable insights, they often focus on individual barriers rather than examining how these challenges interact. This represents a limitation in the literature, as AI adoption is influenced by a combination of interrelated factors.

[bookmark: _Toc225583472]2.5.4 Ethical and Governance Challenges
Ethical considerations have become increasingly prominent in empirical research on AI. O’Neil (2016) provides compelling evidence of how algorithmic bias can lead to discriminatory outcomes, particularly in areas such as recruitment and financial services. Similarly, Pasquale (2015) highlights the lack of transparency in AI systems, which undermines accountability and trust.
Empirical studies also emphasise the importance of governance frameworks in addressing these challenges. Glikson and Woolley (2020) found that trust in AI is significantly influenced by perceptions of fairness, transparency, and reliability. Organisations that implement ethical guidelines and governance mechanisms are more likely to achieve successful AI adoption.
However, the literature reveals a gap between theoretical discussions of AI ethics and practical implementation. Many organisations lack the resources and expertise to effectively manage ethical risks, resulting in inconsistent practices.
Furthermore, regulatory frameworks such as the General Data Protection Regulation (GDPR) impose strict requirements on data usage and algorithmic decision-making, influencing how organisations deploy AI systems (European Commission, 2018).

[bookmark: _Toc225583473]2.5.5 AI, Competitive Advantage and Strategic Outcomes
Empirical research examining the link between AI and competitive advantage provides mixed findings. While some studies report positive outcomes, others highlight limitations and challenges.
Mikalef et al. (2020) found that AI capabilities contribute to competitive advantage by enhancing innovation and operational efficiency. Similarly, Wamba et al. (2017) demonstrate that data-driven capabilities improve firm performance and market positioning.
However, Brynjolfsson et al. (2021) argue that AI technologies are becoming increasingly commoditised, reducing their potential as a source of sustained competitive advantage. This suggests that competitive advantage depends not on AI adoption alone but on how it is integrated with organisational capabilities.
Furthermore, Ransbotham et al. (2020) highlight that only a small proportion of organisations achieve significant competitive benefits from AI, indicating that successful implementation requires more than technological investment.
Critically, the literature lacks longitudinal studies examining the long-term impact of AI on competitive advantage. Most empirical studies focus on short-term performance outcomes, limiting understanding of sustainability.

[bookmark: _Toc225583474]2.5.6 Critical Evaluation of Empirical Literature
The empirical literature provides valuable insights into the impact of AI on organisations, but several limitations are evident.
First, there is a tendency to focus on large organisations, particularly in developed economies, limiting the generalisability of findings. Second, many studies rely on cross-sectional data, which does not capture the dynamic nature of AI adoption. Third, there is a lack of integration between studies on decision-making and competitive advantage, resulting in fragmented understanding.
Additionally, the majority of empirical studies adopt a positivist approach, focusing on measurable outcomes while neglecting the social and organisational dimensions of AI adoption. This highlights the need for mixed-methods research that captures both quantitative and qualitative aspects.
[bookmark: _Toc225583475]2.6 Conceptual Framework
This study proposes a conceptual framework linking Artificial Intelligence (AI) adoption, organisational decision-making, and competitive advantage. Drawing on the Resource-Based View and Dynamic Capabilities Theory, AI is conceptualised as a strategic capability that enhances organisational processes and performance (Barney, 1991; Teece, 2018).
AI adoption is expected to improve decision-making effectiveness by enabling data-driven insights, increasing accuracy, and reducing uncertainty (Davenport and Ronanki, 2018; Shrestha, Ben-Menahem and von Krogh, 2019). Improved decision-making is therefore proposed to act as a mediating mechanism through which AI contributes to competitive advantage (Mikalef et al., 2020).
However, this relationship is influenced by organisational factors such as leadership, culture, and data quality, which shape the effectiveness of AI implementation (Davenport et al., 2020). Additionally, trust in AI is a key moderating factor, affecting the extent to which decision-makers rely on AI-generated insights (Glikson and Woolley, 2020).
Overall, the framework positions AI adoption as a driver of decision-making effectiveness, which in turn influences competitive advantage, while organisational and behavioural factors condition these relationships.

[bookmark: _Toc225583476]3. Research Methodology
[bookmark: _Toc225583477]3.1 Introduction
This section outlines the methodological framework underpinning the study, guided by the Research Onion model developed by Saunders et al. (2019). The research onion provides a systematic and hierarchical approach to methodological decision-making, ensuring alignment between research philosophy, approach, strategy, and data collection techniques.
[image: ]
Given the complexity of examining Artificial Intelligence (AI) adoption and its influence on organisational decision-making and competitive advantage, a robust and multi-layered methodological design is required. This study adopts a structured approach that integrates both quantitative and qualitative methods to capture the multifaceted nature of the research problem. Each methodological choice is critically justified to ensure coherence, rigour, and relevance to the research objectives.
[bookmark: _Toc225583478]3.2 Research Philosophy
[bookmark: _Toc225583479]3.2.1 Ontological Stance
Ontology concerns the nature of reality and the assumptions made about what constitutes knowledge (Saunders et al., 2019). This study adopts a pragmatist ontological position, which recognises that organisational reality is both objective and socially constructed.
In the context of AI adoption, reality is not fixed but shaped by technological systems, organisational structures, and human interactions. For instance, while AI may objectively improve decision-making efficiency, its perceived value is influenced by employee trust, organisational culture, and contextual factors.
Rationale:
A pragmatist ontology is appropriate as it accommodates multiple realities, enabling the study to capture both measurable outcomes and subjective experiences associated with AI implementation.
[bookmark: _Toc225583480]3.2.2 Epistemological Stance
Epistemology relates to how knowledge is generated and validated (Bryman, 2016). This study adopts a pragmatic epistemological stance, which allows for the integration of both positivist and interpretivist perspectives.
From a positivist perspective, knowledge is derived from empirical observation and statistical analysis. This is reflected in the quantitative component of the study, which examines relationships between AI adoption and organisational outcomes. From an interpretivist perspective, knowledge is socially constructed through individual experiences, which is captured through qualitative interviews.
Rationale:
The adoption of a pragmatic epistemology enables the researcher to combine objective measurement with subjective interpretation, thereby providing a comprehensive understanding of the research problem.

[bookmark: _Toc225583481]3.3 Research Approach
The research approach defines the relationship between theory and data. This study adopts an abductive approach, which combines elements of deductive and inductive reasoning (Dubois and Gadde, 2002).
The research begins with established theoretical frameworks, such as the Resource-Based View and dynamic capabilities theory, which inform the conceptual foundation of the study. These theoretical insights are then tested and refined through empirical data collected from participants.
Unlike purely deductive approaches, which focus on hypothesis testing, or inductive approaches, which generate theory from data, the abductive approach allows for iterative theory development. This is particularly relevant in the context of AI, where rapid technological advancements may render existing theories insufficient.
Rationale:
An abductive approach is well-suited to this study as it enables the integration of theoretical knowledge with empirical insights, facilitating a more nuanced understanding of AI adoption.

[bookmark: _Toc225583482]3.4 Research Strategy
The research strategy outlines the plan for data collection and analysis. This study employs a mixed-methods strategy, combining quantitative and qualitative techniques to address the research objectives.
The quantitative component involves the use of survey data to identify patterns and relationships between AI adoption, decision-making, and competitive advantage. The qualitative component involves semi-structured interviews to explore participants experiences and perceptions in greater depth.
Justification:
The mixed-methods strategy enhances the robustness of the research by enabling triangulation, whereby findings from different data sources are compared and validated (Creswell and Plano Clark, 2018). This approach is particularly appropriate for complex organisational phenomena, where both measurable outcomes and contextual factors must be considered.

[bookmark: _Toc225583483]3.5 Research Method
This study adopts a mixed-methods research design, integrating both quantitative and qualitative methods within a sequential explanatory framework.
[bookmark: _Toc225583484]Quantitative Method
The quantitative component involves the use of a structured survey to collect data from a large sample of organisational employees and managers. The survey is designed to measure key variables, including:
· The extent of AI adoption 
· The impact of AI on decision-making processes 
· Perceived competitive advantage 
The use of standardised questions ensures consistency and enables statistical analysis of relationships between variables.
[bookmark: _Toc225583485]Qualitative Method
The qualitative component involves semi-structured interviews with a purposive sample of participants. This method allows for in-depth exploration of participants experiences, perceptions, and interpretations of AI adoption.
Semi-structured interviews provide flexibility, enabling the researcher to probe complex issues while maintaining a consistent thematic focus. This is particularly important in understanding the organisational and human dimensions of AI implementation.
Rationale:
The integration of quantitative and qualitative methods provides a comprehensive understanding of the research problem. While quantitative data offers generalisable insights, qualitative data provides depth and contextual richness, thereby enhancing the overall validity of the study (Saunders et al., 2019).

[bookmark: _Toc225583486]3.6 Research Time Horizon
The research adopts a cross-sectional time horizon, whereby data is collected at a single point in time.
Rationale:
A cross-sectional design is appropriate for this study as it enables the researcher to capture a snapshot of AI adoption and its impact on organisational decision-making. While longitudinal research may provide deeper insights into changes over time, it is not feasible within the time constraints of this study.
However, it is acknowledged that the cross-sectional nature of the research may limit the ability to establish causal relationships.

[bookmark: _Toc225583487]3.7 Data Collection
[bookmark: _Toc225583488]3.7.1 Survey Design and Data Collection
The quantitative phase will involve a sample of approximately 50 participants, including managers and employees involved in organisational decision-making across multiple industries. A stratified sampling approach will be used to ensure representation across different organisational roles and sectors.
The survey will be distributed online via professional networks, targeting individuals involved in decision-making processes within organisations. The use of online distribution facilitates efficient data collection and access to a diverse samples.
Justification:
Surveys are effective for collecting data from large samples and enable statistical analysis, making them suitable for identifying patterns and relationships (Bryman, 2016).

[bookmark: _Toc225583489]3.7.2 Semi-Structured Interviews
Semi-structured interviews will be conducted with a purposive sample of participants to complement the survey data. This method allows for deeper exploration of organisational experiences and contextual factors.
Interview questions will focus on:
· Experiences with AI adoption 
· Perceived impact on decision-making 
· Organisational challenges and opportunities 
Justification:
Semi-structured interviews are particularly suitable for exploring complex phenomena, as they allow participants to express their perspectives in detail while enabling the researcher to probe relevant issues (Kvale and Brinkmann, 2009).

[bookmark: _Toc225583490]3.8 Data Analysis Techniques
[bookmark: _Toc225583491]3.8.1 Quantitative Data Analysis
Quantitative data will be analysed using SPSS software. The analysis will include:
· Descriptive statistics to summarise the data 
· Correlation analysis to examine relationships between variables 
· Regression analysis to assess the impact of AI adoption on decision-making and competitive advantage 
These techniques provide a robust framework for analysing quantitative data and testing relationships between variables.

[bookmark: _Toc225583492]3.8.2 Qualitative Data Analysis
Qualitative data will be analysed using thematic analysis, following the framework developed by Braun and Clarke (2006). This involves:
1. Familiarisation with the data 
2. Coding of key themes 
3. Identification of patterns 
4. Interpretation of findings 
Rationale:
Thematic analysis is appropriate for identifying patterns within qualitative data and provides a systematic approach to data interpretation.

[bookmark: _Toc225583493]3.9 Reliability and Validity
Ensuring reliability and validity is essential for maintaining the integrity of the research.
[bookmark: _Toc225583494]Reliability
Reliability will be achieved through:
· Pilot testing of the survey instrument 
· Use of standardised data collection procedures 

[bookmark: _Toc225583495]Validity
Validity will be ensured through:
· Construct validity, achieved by using established theoretical frameworks 
· Internal validity, supported by the use of statistical analysis 
· External validity, enhanced through a diverse sample 
(Saunders et al., 2019)

[bookmark: _Toc225583496]3.10 Ethical Considerations
Ethical considerations are central to the research process. The study will adhere to the following principles:
· Informed consent: Participants will be fully informed about the research 
· Confidentiality: Participant identities will be anonymised 
· Voluntary participation: Participants may withdraw at any time 
· Data protection: Compliance with GDPR regulations 
(Bryman, 2016)
These measures ensure that the research is conducted ethically and responsibly.

[bookmark: _Toc225583497]4. Limitations of the Study
Despite the contributions of this study, several limitations must be acknowledged. Firstly, the research adopts a cross-sectional design, which captures AI adoption at a single point in time and therefore limits the ability to assess longitudinal developments. Given the rapidly evolving nature of AI technologies, this may restrict the studies ability to fully capture dynamic organisational changes (Saunders et al., 2019).
Secondly, the use of purposive sampling may limit the generalisability of the findings. While this approach ensures relevance of participants, it may introduce selection bias and reduce representativeness (Bryman, 2016). In addition, the relatively small qualitative sample may constrain the breadth of insights obtained.
The reliance on self-reported data also presents a limitation, as participants may provide socially desirable responses or subjective interpretations, potentially affecting data accuracy (Podsakoff et al., 2003). Furthermore, the complexity and variability of AI adoption across organisations make it difficult to capture its full impact using standardised measures.
Finally, the study is conducted within a specific organisational context, which may limit external validity. Differences in industry, organisational structure, and regulatory environments may influence the applicability of the findings.
[bookmark: _Toc225583498]5. Gantt Chart
The timeline has been designed to reflect the sequential nature of the research methodology, particularly the mixed-methods approach, where quantitative data collection precedes qualitative investigation. This structured planning enhances time management and ensures that each phase is completed efficiently.
Below is a simplified Gantt chart illustrating the timeline of the research activities:
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