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[bookmark: _Toc225657681]1. Introduction and Research Rationale
As a revolutionary technological movement in the twenty-first century, artificial intelligence (AI) has profoundly reshaped the approaches, arrangements, and competitiveness of large-scale organisations in almost all business industries (Haenlein & Kaplan, 2019). Ranging from machine learning technologies for automating sophisticated decision-making processes to natural language processing technologies for facilitating sophisticated customer interactions, the development and deployment of various AI technologies are expanding at a rate beyond the combined ability of all organisations to assimilate, manage, and harness these technologies for business success (Davenport & Ronanki, 2018).
The present research proposal outlines a plan for an investigation aimed at exploring the strategic adoption of artificial intelligence technologies by large-scale organisations with special reference to the challenges, opportunities, and outcomes associated with the integration of artificial intelligence technologies. Although numerous studies have been conducted on artificial intelligence technologies in business environments, much remains unknown and unsolved. In particular, little knowledge exists regarding the circumstances that facilitate or hinder the successful adoption of artificial intelligence technologies, the processes through which artificial intelligence technologies build or destroy strategic value for organisations, and the outcomes that large-scale organisations can expect from artificial intelligence technologies (Fountaine, McCarthy, & Saleh, 2019).
The rationale for this research is based on several compelling factors. Firstly, it has been observed that investment in AI technologies worldwide is expanding exponentially, and it is estimated that enterprise AI spending will reach more than $200 billion by 2025 (IDC, 2024). Secondly, it has also been found that despite high investment in AI technologies, most AI projects do not deliver results as expected, and it is estimated that 80-85 percent of AI projects do not reach production deployment (Gartner, 2024). Thirdly, it has also been found that existing research on AI is mostly limited to its technological aspects and does not consider its overall strategic, organisational, and human factors, which eventually determine whether AI provides sustainable competitive advantage (Kolbjornsrud, Amico, & Thomas, 2016).
This proposal argues that a rigorous research on AI adoption in large enterprises is both necessary and relevant. It is believed that this research has the potential to contribute original research to the business strategy domain and contribute significantly to existing knowledge on how large enterprises can cope with the huge challenges and opportunities associated with AI from a strategic perspective.
[bookmark: _Toc225657682]2. Research Question, Aims, and Objectives
[bookmark: _Toc225657683]2.1 Research Question
The research question that underpins this research is: What are the main challenges and opportunities related to the strategic adoption of AI technologies by large enterprises, and what is their impact on organizational performance?
[bookmark: _Toc225657684]2.2 Research Aims
The main research aim is to create a rich and informed understanding of large enterprises and their strategies for adopting AI technologies, as well as organizational and managerial factors that affect the success and failure of AI technology adoption strategies. The secondary research aim is to create a conceptual framework that can be used by practitioners and researchers to evaluate and guide AI technology strategies within complex organizational settings.
[bookmark: _Toc225657685]2.3 Research Objectives
In order to achieve the research aims, the following research objectives have been identified:
• Critically evaluate the body of research on AI technology adoption, strategic management, and organizational performance, including significant theoretical frameworks, research findings, and debates.
• Examine organizational challenges, such as cultural, skills, and ethical issues, faced by large enterprises in pursuing a strategy for AI technology adoption.
• Examine the strategic benefits of AI technology for large enterprises, such as decision support, automation, innovation, and differentiation.
• Examine the link between AI technology adoption strategies and organizational performance, including financial, operational, and innovation performance.
• Develop a conceptual framework based on empirical research findings on the conditions under which AI technology is most likely to lead to successful organizational performance.
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[bookmark: _Toc225657687]3.1 Defining Artificial Intelligence in a Business Context
Artificial intelligence, in a broad sense, is the “ability of a machine to imitate intelligent human behaviour. This includes a variety of sub-disciplines such as machine learning, deep learning, natural language processing, computer vision, and robotics” (Russell and Norvig, 2021). In a business context, Haenlein and Kaplan (2019, p. 5) describe AI in the following manner: “Artificial intelligence is a system’s ability to correctly interpret external data, to learn from such data, and to use those learnings to achieve specific goals and tasks through flexible adaptation.” This definition is pertinent to the current study since it is focused on the adaptive and goal-oriented nature of AI in a business context.
The business landscape of artificial intelligence has witnessed a dramatic shift from narrow and rule-based artificial intelligences to powerful and adaptive artificial intelligences that can engage in a variety of cognitive activities (Brynjolfsson and McAfee, 2014). The emergence of generative artificial intelligences such as large language models like GPT-4 and AI tools developed by organizations such as Google DeepMind, IBM, and Salesforce has further accelerated the development and uptake of artificial intelligences in the business world (McKinsey Global Institute, 2023). Thus, it is essential for scholarly research to keep in step with these developments, a factor that has greatly impacted the development of the current proposal.
[bookmark: _Toc225657688]3.2 Theories of AI Adoption and Diffusion
A substantial body of theoretical literature underlies the study of technology adoption from an organizational perspective. Rogers’ (2003) Diffusion of Innovations theory offers a basic framework for the study of technology adoption by identifying five categories of adopters: innovators, early adopters, early majority, late majority, and laggards. In the context of AI technology, the five dimensions of innovation—relative advantage, compatibility, complexity, trialability, and observability—explain the wide variability of technology adoption speed across sectors and types of organizations (Fichman, Dos Santos, and Zheng, 2014).
Another relevant theoretical framework is the Technology-Organization-Environment (TOE) framework (Tornatzky and Fleischer, 1990), which explains the contingencies of technology adoption by emphasizing the importance of three contexts: the technology characteristics of the innovation, the organization characteristics of the adopting organization, and the environmental characteristics of the organization. Recent empirical studies of AI technology adoption using the TOE framework have shown the significance of firm size, top management support, and environmental pressures like competition for large organizations (Chatterjee et al., 2021; Gupta, Motlagh, and Rhymer, 2020).
The Resource-Based View (RBV) of the firm (Barney, 1991; Wernerfelt, 1984) is another relevant theoretical framework for the present study. RBV directs the researcher's attention to the resources that the firm needs to build up to effectively harness the benefits of technology. In the RBV tradition of thought, researchers argue that technology like AI provides sustainable competitive advantage not because of the technology per se—which is becoming commoditized and imitable—but because of the complementary resources like data assets, algorithmic competencies, and human–AI collaboration competencies (Teece, 2007; Mikalef and Gupta, 2021).
[bookmark: _Toc225657689]3.3 Strategic Opportunities of Artificial Intelligence for Large Enterprises
Literature on strategic management points out several distinct types of strategic opportunities associated with artificial intelligence in large enterprises. First and foremost, artificial intelligence significantly enhances the quality of decision-making in large enterprises by allowing them to process and interpret large quantities of structured and unstructured data in real time (Davenport, 2018; Shrestha, Ben-Menahem, and Von Krogh, 2019). This is particularly relevant in business environments that are characterized by high levels of uncertainty and information complexity.
Secondly, artificial intelligence makes it possible for large enterprises to achieve substantial automation of business processes, which in turn results in cost minimization and increased business efficiency in a variety of business domains, including supply chain management, financial reporting, and customer relations (Acemoglu and Restrepo, 2018; Bessen, 2019). Thirdly, artificial intelligence is increasingly viewed as a key driver of business innovation in large enterprises by allowing them to develop personalized products and services and identify new business opportunities (Ransbotham et al., 2017). These artificial intelligence-driven business innovation effects are particularly relevant in industries such as financial services, healthcare, retail, and logistics, where artificial intelligence is allowing large enterprises to develop entirely new business models (Bughin et al., 2018).

[bookmark: _Toc225657690]3.4 Organizational Challenges of AI Adoption
While the aforementioned opportunities are considerable, the literature both from scholars and practitioners consistently highlights the presence of several key challenges to the successful adoption of AI. First off is the skills gap. The literature highlights the absence of human resources with the requisite skills to ensure the successful implementation of AI systems (World Economic Forum, 2023; Accenture, 2022). In the case of large organizations, the existing human resource structure is often outdated and is based on an outdated approach to work. Such an approach is often unsupportive of the flexible work styles necessary to ensure the successful implementation of AI (Bughin et al., 2018).
Cultural resistance is the second challenge. The literature highlights the presence of cultural resistance to the implementation of AI systems. Employees are often fearful of losing their jobs due to the implementation of AI systems (Kaplan & Haenlein, 2020). Culture is defined by the values, assumptions, and behavior of an organization. It is the key determinant of the extent of acceptance of the changes brought about by the implementation of AI systems (Cameron & Quinn, 2011). Firms with a rigid structure are the least likely to succeed in the implementation of AI systems (Edmondson, 2019; Dwivedi et al., 2021).
Data quality is the third challenge. The literature highlights the significance of data quality for the successful implementation of AI systems (Janssen et al., 2017). Large organizations are often characterized by the presence of fragmented data architecture. Such an environment is not supportive of the successful implementation of AI systems (Bharadwaj et al., 2013).
Finally, ethical concerns are the fourth challenge. Such concerns refer to the presence of algorithmic bias, transparency, and privacy (European Commission, 2021; ICO, 2022).
[bookmark: _Toc225657691]3.5 AI and Organisational Performance
The empirical research on the association between AI adoption and organisational performance is complex and, to a certain extent, disputed. On one hand, a growing body of quantitative research supports the positive association between AI adoption and organisational performance in terms of financial performance, innovation output, and operational efficiency (Brynjolfsson, Rock, and Syverson, 2021; Mikalef and Gupta, 2021; Tambe, Hitt, and Brynjolfsson, 2020). On the other hand, Brynjolfsson, Rock, and Syverson (2019) proposed the concept of the “productivity paradox of AI,” arguing that the overall productivity impact of AI investment is realised slowly due to the need for developing complementing capabilities and re-designing organisational processes in association with AI technologies.
This paradox is comparable to the overall “technology productivity paradox” proposed by Brynjolfsson (1993) in the context of information technology, suggesting that the overall performance impact of AI is heavily conditional upon organisational and contextual factors, rather than being a direct outcome of investment. More recent research by Fountaine, McCarthy, and Saleh (2019) and the McKinsey Global Institute (2023) supports the argument that there is a considerable gap between the overall ambitions of large corporations in adopting AI and their ability to derive overall value from AI projects, and that organisational factors are seen to be the primary cause for this gap.
[bookmark: _Toc225657692]3.6 Gaps in the Existing Literature
A critical analysis of the extant literature indicates that there are significant gaps in the subject area that the proposed research aims to fill. Firstly, there exists a plethora of quantitative studies on AI adoption based on cross-sectional surveys, which limit the scope of inferring causal relationships and the dynamic nature of AI adoption. Secondly, there exists a relative scarcity of qualitative studies that provide insights into the lived experiences of managers and employees in the context of AI adoption, which would allow for a deeper understanding of the subject area by overcoming the limitations of quantitative research. Thirdly, there exists a general tendency in the extant literature to treat AI adoption as a homogeneous construct without differentiating between different types of AI adoption, different stages of adoption maturity, and different strategic contexts. The proposed research aims to bridge the three gaps in the extant literature by adopting a mixed research methodology.
[bookmark: _Toc225657693]4. Research Paradigm and Methodology
[bookmark: _Toc225657694]4.1 Philosophical Underpinnings
The philosophical underpinnings of the research are of paramount importance since they inform the epistemological and ontological perspectives of the researcher, which in turn influence the choice of methodology, methods, and approach (Saunders, Lewis & Thornhill, 2019). In the present study, the researcher is adopting a pragmatist research paradigm. The pragmatist school of thought believes that the legitimacy of a research approach is best gauged by its practical applicability to the research question under investigation, without recourse to any particular ontology or epistemology (Creswell & Creswell, 2018). The pragmatist approach is especially relevant to mixed-methods research of the kind proposed here since it provides a strong philosophical basis for the use of both quantitative and qualitative approaches within the same research study (Johnson & Onwuegbuzie, 2004).
Ontologically, the researcher is adopting an approach that is situated midway between objectivism and constructivism since the researcher is of the view that while certain aspects of the research question—such as firm performance metrics and technology investment data—can be treated as objective facts susceptible to quantitative measurement, other aspects of the research question—such as organizational culture, managerial perceptions of the business environment, and employee experiences—require a social constructivist approach (Bryman, 2016; Saunders, Lewis & Thornhill, 2019). Epistemologically, the researcher is adopting a critical realist approach (Bhaskar, 1975) since the researcher is of the view that an objective reality exists independent of human perceptions of it.
[bookmark: _Toc225657695]4.2 Research Design
The current study applies an explanatory sequential mixed-methods design (Creswell & Creswell, 2018), which entails a quantitative phase that is followed by a qualitative phase that builds upon and extends the initial quantitative phase. This design is appropriate to the current study’s research question because it enables the detection of global patterns and associations through a quantitative approach while also ensuring that a qualitative approach can be applied to explain and interpret these patterns and associations in depth.
The quantitative phase of the current study entails a large-scale online survey targeting managers and executives in large enterprises in the United Kingdom, including organizations that have 500 or more employees in various sectors such as financial services, manufacturing, retail, health services, and professional services. The qualitative phase of the current study entails in-depth qualitative interviews and case study research targeting a purposively selected sample of respondents to the online survey, including organizations at various stages of AI adoption maturity.
[bookmark: _Toc225657696]4.3 Research Strategy
The main research strategy employed in this study entails a mixed-methods approach that incorporates both survey research and case study research (Yin, 2018). Survey research is used in the quantitative study to generate representative and generalizable data on AI adoption trends, difficulties, and performance results in a large sample of UK firms. Case study research represents the qualitative study that provides a nuanced understanding of AI adoption processes in a given organizational setting. This approach represents a pragmatist paradigm that is appropriate to a study that seeks to address a research question that requires both depth and width of inquiry (Teddlie & Tashakkori, 2009).
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There are several advantages associated with the mixed-methods research design used for this research. Firstly, it allows for triangulation, where findings from more than one source converge, and this increases the validity and credibility of research findings (Denzin, 1978; Morse et al., 2002). Secondly, it is possible to have a qualitative research phase that is designed to explain findings from a quantitative research phase, and this increases complementarity (Creswell & Creswell, 2018). Thirdly, it is possible to obtain findings from a large sample of UK enterprises using a survey research design, and this increases the validity and credibility of research findings. Fourthly, the case study research design is essential for research on complex phenomena such as AI, as it increases depth and contextual richness, and this is difficult to obtain using quantitative research methods (Flyvbjerg, 2006; Yin, 2018). Lastly, the use of semi-structured interviews increases flexibility and allows for a response to unexpected findings.
[bookmark: _Toc225657699]5.2 Disadvantages and Limitations
Although there are numerous advantages to the proposed research design, there are certain disadvantages and limitations that need to be taken into consideration. Firstly, the use of a survey in the proposed research design is vulnerable to method bias, wherein the information provided by respondents can be systematically affected by their perceptions, attitudes, and concerns related to social desirability (Podsakoff et al., 2003). In order to mitigate such disadvantages, standardized scales can be adopted, and procedural solutions can be implemented by utilizing different formats of measurement scales for predictor and outcome variables. In addition, the use of a case study in the proposed research design can lead to transferability and subjectivity disadvantages (Yin, 2018). These disadvantages can be overcome by utilizing multiple cases in the research design for theoretical replication, member checking, and journaling (Lincoln & Guba, 1985; Creswell & Creswell, 2018). Although the use of a sequential mixed method in the proposed research design would be time-consuming, it would be worth the time and effort in terms of the methodological rigor required to conduct the research.
[bookmark: _Toc225657700]6. Data Collection Methods and Tools
[bookmark: _Toc225657701]6.1 Quantitative Phase: Online Survey
Quantitative data collection tools and instruments will involve an online survey conducted through a web-based survey tool called Qualtrics, which is considered highly reliable and has been validated by numerous researchers and scholars around the world. Moreover, it also offers powerful data management tools and features randomization and branching tools (Qualtrics, 2024). This quantitative data collection instrument will focus on measuring three major constructs: first, AI adoption scope and maturity, which will be measured by using items from Mikalef and Gupta (2021) and also by using items from the MIT Sloan Management Review AI Readiness Index (Fountaine, McCarthy, and Saleh, 2019); second, organisational challenges related to AI adoption, which will be measured by using validated items from Dwivedi et al. (2021) and also by using items from Chatterjee et al. (2021); and finally, organisational performance outcomes, which will be measured by using a balanced scorecard concept (Kaplan and Norton, 1996).
The target population of this quantitative study will include senior managers, directors, and C-suite executives of various organisations in the United Kingdom who are directly responsible for AI strategy and technology adoption in their respective organisations and whose employee strength is 500 or more. The sampling of participants will be conducted through stratified random sampling and also by using purposive sampling through professional networking sites such as LinkedIn. Moreover, a target sample size of 400 participants will be considered for this quantitative study, as power analysis calculations show that a sample size of 400 is sufficient to detect medium effects at 80 percent power and at a 0.05 level of significance (Cohen, 1992).
[bookmark: _Toc225657702]6.2 Qualitative Phase: Semi-Structured Interviews and Case Studies
For the qualitative data collection, two methods are employed. First, a set of semi-structured interviews is conducted with 20 to 25 participants, sampled from the survey data pool. These participants are chosen according to their organizations’ levels of AI maturity, industry type, and survey responses. These interviews are conducted online via Microsoft Teams and audio-recorded after the participants’ permission. A set of questions is prepared for the interviewees, covering topics such as their organizations’ AI adoption strategies and governance, organizational barriers and facilitators for AI, leaders’ styles, managing organizational culture, and leaders’ views on the impact of AI on organizational performance.
Second, a set of in-depth case studies is conducted in 4 to 6 organizations across a variety of industries and levels of AI maturity. Each case study uses a variety of data collection methods. These methods include a review of organizational documents such as annual reports, AI strategies, internal communications, direct observation of organizational meetings and decision-making processes related to AI, and a set of additional interviews with a variety of stakeholders such as IT staff, organizational members, and members of the organizational board. This variety of data collection methods for case studies is in line with Yin’s (2018) guidelines for case study research.
[bookmark: _Toc225657703]7. Resource Implications and Requirements
In order for the research program to be effectively implemented, adequate resources need to be made available in various categories. In relation to financial resources, the major costs involved in undertaking the proposed research are as follows: licence fees for the use of the Qualtrics survey software (£800 - £1,200), incentives for participants in the surveys and interviews (£2,000 - £2,500, in the form of £50 Amazon vouchers), expenses for on-site case study visits (£1,500 - £2,000), licence fees for NVivo qualitative data analysis software (£350), licence fees for statistical analysis software (IBM SPSS or R), which is offered for free through university licence agreements, and transcription costs (£1,000 - £1,500 for 25 interviews of 60 minutes duration each). The total cost of undertaking the proposed research is estimated at £6,000 - £8,000, which is considered sufficient for a mixed-methods doctoral-level study of this nature.
In relation to time resources, it is proposed that the research will take eighteen months, as indicated in the timeline provided in Section 8 of this proposal. The major time costs involved in undertaking the proposed research are in relation to data collection and analysis, which together take approximately twelve months of the overall duration of the study. The greatest time cost of undertaking the proposed study is in relation to the investigator's time, which is estimated at 1,200 - 1,400 full-time equivalent hours over the duration of the study.
In relation to access and relational resources, it should be noted that large enterprises need to be willing to participate in both surveys and case studies as part of the proposed mixed-methods study design. Access will be arranged through professional contacts, university corporate partnerships office, and through professional contacts such as LinkedIn and professional organizations such as Confederation of British Industry (CBI) and Chartered Management Institute (CMI). The investigator has prior experience in undertaking organizational-based research in corporate settings and believes that access will be arranged, depending on assurances of confidentiality and data protection.
[bookmark: _Toc225657704]8. Research Timeline
The following table presents a tentative timeline for the completion of the research project, spanning eighteen months from project inception to thesis submission.
	Phase
	Activity
	Duration

	Phase 1
	Comprehensive literature review, refinement of research questions and hypotheses, development of research instruments (survey questionnaire and interview guide)
	Months 1–3

	Phase 2
	Ethical approval application, pilot testing of survey instrument with a small group (n=10) of target respondents, refinement based on pilot feedback
	Months 3–4

	Phase 3
	Large-scale survey data collection via Qualtrics, ongoing monitoring of response rates and data quality, follow-up with non-respondents
	Months 4–6

	Phase 4
	Quantitative data analysis using IBM SPSS, including descriptive statistics, confirmatory factor analysis, and structural equation modelling
	Months 6–7

	Phase 5
	Purposive selection of qualitative participants, scheduling and conducting semi-structured interviews, verbatim transcription and initial analysis
	Months 7–9

	Phase 6
	Case study site access negotiation, field visits, document analysis, and supplementary interviews
	Months 9–11

	Phase 7
	Qualitative data analysis using NVivo, including thematic analysis and cross-case synthesis
	Months 11–13

	Phase 8
	Integration of quantitative and qualitative findings, development of conceptual framework, identification of theoretical and practical contributions
	Months 13–15

	Phase 9
	Thesis writing, review, revision, and preparation for submission
	Months 15–18



[bookmark: _Toc225657705]9. Ethical Considerations
The ethical aspects of this research are significant and have been carefully considered in the research methodology. This research will be carried out in strict conformity with the Research Ethics Policy of the University of Wales Trinity Saint David, the Ethical Guidelines for Educational Research prepared by the British Educational Research Association (BERA) in 2018, and the ethical guidelines of the United Kingdom Research Integrity Office (UKRIO) in 2023. Ethical approval for this research will be obtained from the Ethics Committee of the University of Wales Trinity Saint David prior to the conduct of the research.
Informed consent will be obtained from all the participants for the survey and interview/case study research. A participant information sheet will be provided to all the participants, and they will be informed about the purpose and nature of the research, their right to withdraw from the research at any stage, and the steps taken to ensure privacy and confidentiality. Survey participants will be ensured anonymity, and the data obtained from the interview and case study research will be anonymized prior to data analysis and reporting. All the data obtained in the course of the research will be stored in encrypted university servers in conformity with the UK General Data Protection Regulation and the Data Protection Act 2018.
Conflicts of interest will be transparently declared through the research outputs. The researcher recognizes the position of relative power with regard to the participants of the interviews, especially junior staff encountered through the process of conducting the case study fieldwork. This will be mitigated through the process of ensuring voluntariness and the use of third-party methods for collecting data, as well as through the process of reflexivity with regard to power throughout the process of collecting the fieldwork (Finlay, 2002).
The ethical implications of undertaking the proposed research will be considered, especially with regard to the implications for the workforce through the process of justifying their reduction or removal altogether, as well as the implications for the case study organizations through the process of utilizing the research process for the purpose of collecting intelligence regarding their competitors. This will be achieved through the process of considering the ethical implications through the application of an ethical review process and through the process of considering the implications for the broader society through the process of justifying the reduction or removal of the workforce (British Psychological Society, 2021).
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