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[bookmark: _Toc238564711][bookmark: _Toc238779890]INTRODUCTION
[bookmark: _Toc238564712][bookmark: _Toc238779891]Background and Problem Statement
Over the last few years, Artificial Intelligence (AI) has moved from a niche analytical tool to a key component of a company's operational strategy, impacting everything from product development and service offerings to decision-making processes and improving operations and digital infrastructure. It's especially potent for multinational companies, where they have to manage customers, employees, platforms, and supply chains across various markets, and coordinate a wealth of information across the different parts of the company. AI is crucial to international business strategy for forecasting, automation, personalisation and market intelligence and the provision of digital services on a scale (Menzies et al., 2024; Meyer et al., 2023).
While the business value literature in general suggests that AI has the potential to enhance the outcomes of organisations, this does not happen automatically. The acquisition of an AI algorithm or cloud haste takes more than AI capability. Complementary data resources, managerial support, technical skills, and organisational routines and governance mechanisms are needed to translate AI investments into tangible outcomes. Studies have established a relationship between the use of AI and process transformation; decision quality; creativity and firm performance; or emphasis has been given to the importance of organizational readiness and strategic agility (Wamba-Taguimdje et al., 2020; Mikalef and Gupta, 2021; Enholm et al., 2022).
This subject matter is significant in foreign enterprise as the advantages and dangers of AI do not stick to any specific boundaries. While AI can help in the market selection, customer analysis, supply-chain coordination and cross-border responsiveness and market selection, multinational companies also face distinct regulatory, privacy, cybersecurity and institutional circumstances. The opportunities and challenges are acknowledged in the growing international-business literature, but there is still a disjointed empirical body of evidence, especially at the company level (Menzies et al., 2024).
The other issue relates to measurement. Most of the AI-capability literature consists of perceptual surveys or questionnaires, and there is no one standard indicator of AI-adoption across the large multi-national companies. Annual reports and regulatory submissions are an effective secondary source as they have all the evidence of AI products, infrastructure, investment, workforce capability, and governance. Corporate disclosure, however, does not necessarily mean how they are actually using and can potentially lead to an exaggeration or understatement of technological activity, thus needs careful coding and interpretation (Cao et al., 2024; Donelson et al., 2025). International business performance is also multi-dimensional and companies vary in their geographic reporting of revenues. It is also difficult to compare such measure-based assessments, but it also provides a clear need for a structured and reproducible secondary-data approach.
The research problem of this dissertation is hence the lack of company-level evidence on the relationship between the extent of disclosed AI adoption and international business performance of multinational technology companies. Companies here that have their operations in the UK and publish extensive corporate and financial information have been the focus of the study; namely Microsoft, Alphabet, Amazon, IBM and Accenture. The analysis spans from 2020 through 2024, and is based on a structured score of the level of engagement with AI, as well as on the annual revenue growth from outside of the United States or from international operations. This design will enable the dissertation to evaluate the anticipated relationship and delve into the possibilities as well as challenges related to the adoption of AI.
[bookmark: _Toc238564713][bookmark: _Toc238779892]Research Aim
The aim of this research is to examine the impact of artificial intelligence adoption on international business performance using secondary data from selected technology multinational companies operating in the UK.
[bookmark: _Toc238564714][bookmark: _Toc238779893]Research Objectives
· To review academic literature on AI adoption and international business performance.
· To measure AI adoption through annual report disclosure evidence from selected technology multinational companies operating in the UK.
· To examine the relationship between AI adoption and international business performance using secondary quantitative data.
· To identify the main opportunities and challenges linked with AI adoption in international business activities.
[bookmark: _Toc238564715][bookmark: _Toc238779894]Research Questions
· What is the relationship between AI adoption and international business performance in selected technology multinational companies operating in the UK?
· What opportunities are created by AI adoption for multinational companies in international business?
· What challenges are faced by multinational companies when adopting AI in international business activities?
Consistent with the theoretical and empirical literature, the quantitative analysis tests the following hypothesis: H1: Artificial intelligence adoption has a positive impact on international business performance in selected technology multinational companies operating in the UK.
[bookmark: _Toc238564716][bookmark: _Toc238779895]Significance and Relevance of the Study
This study is academically relevant by linking the study of AI capabilities with international business performance, with tangible evidence from the company-level. There is already a wealth of research indicating that AI can add value to organisations, their creativity and transformation, and international-business research is gradually incorporating AI into topics like market selection, global coordination and trade. There is still some sparse empirical literature on the direct link between the disclosure of AI use and actual performance on the international level at the level of the MNCs, however. The dissertation fills this gap by looking in detail at how change happens in a small, bounded longitudinal comparison.
The study will also have application to management practice. While technology multinationals are willing to invest heavily into AI, managers must gain insight into the breadth of AI usage and its relationship to performance and whether there are organisational conditions that could be an impediment or facilitate value creation. Thus, in addition to the financial results, the principles themes of opportunities and challenges identified by the companies are also analysed. This helps to offer a more balanced foundation for recommendations on innovation, workforce, and internal integration, security, governance, and responsible deployment.
The research is methodologically rich, highlighting the potential of using public secondary data to create a transparent measure of AI adoption, especially where such internal data on investment or deployment is scarce or unavailable. The disclosure-based score is regarded as an imperfect measure of adoption, so much so that it is used as a structured indicator of disclosure. The distinction is significant for several reasons, first of which is that it helps not to overestimate what corporate reporting can show, and it provides for more conservative conclusions to be drawn from the statistical results.
[bookmark: _Toc238779896]Brief Research Methodology
This dissertation takes a positivist philosophy and a deductive approach since it tests a relationship between measurable variables that is previously established, based on documented procedures. The type of the study is quantitative, explanatory, longitudinal and archival type. 25 company-year observations are created for five multinational technology companies seen over the five financial years (2020 -- 2024). Where necessary, financial values are from 2019 only, to calculate the first annual growth rate.
AI adoption is operationalised through a structured disclosure index covering eight dimensions: AI-enabled products and services; internal process automation; analytics and decision support; customer engagement and personalisation; cloud and digital infrastructure; AI investment, partnerships and research; workforce skills and AI capability; and AI governance and risk management. Each dimension is scored from 0 to 2. The raw score ranges from 0 to 16 and is standardised to a 0 to 100 AI Adoption Score. International business performance is measured primarily through annual growth in international or non-US revenue. Total revenue growth is used as a robustness outcome.
The dataset is analysed in Rgui 4.5.1 using descriptive statistics, Pearson and Spearman correlations, ordinary least squares regression with HC3 robust standard errors, model diagnostics and sensitivity analyses. Robustness checks include alternative performance measurement, exclusion of the estimated Accenture geographic observations, a lagged AI score and company and year indicators. Structured content analysis is also used to identify and compare AI-related opportunities and challenges. The design tests association rather than causation, so conclusions are framed accordingly.
[bookmark: _Toc238564718][bookmark: _Toc238779897]Structure of the Rest of the Project
Chapter 2 reviews the literature on AI as a strategic capability, AI adoption and business value, international business activity, performance measurement, disclosure, governance and risk. It develops the conceptual framework linking AI adoption with international business performance and establishes the research gap that guides the empirical study.
Chapter 3 explains and justifies the research philosophy, deductive approach, quantitative longitudinal design, company selection, secondary-data collection, operationalisation of the variables, statistical analysis, reliability and validity procedures, ethical considerations and methodological limitations.
Chapter 4 provides the findings, results and statistical analysis and discusses them in the context of literature and theory. It provides information on the AI adoption patterns, international revenue performance, correlation and regression results, diagnostic and sensitivity tests, and the opportunity and challenge themes before connecting back to the research questions.
The summary of the key findings and conclusions for each research question are provided in Chapter 5. It offers practical and theoretical suggestions, outlines the limitations of the research and suggests priorities for future research.
 


[bookmark: _Toc238779898]Literature Review
[bookmark: _Toc238779899]Introduction
Artificial Intelligence (AI) is now being viewed as a strategic capability and not just a technical tool. It is relevant for multinational companies in the areas of cross-border coordination, decision-making, customer engagement, operations and innovation. This literature review thus focuses on the theoretical underpinning of AI as an organisational capability, the conditions that influence the adoption and business value of AI, the relevance of AI for international business activity, the measurement of international performance and the use and limitations of AI disclosure as secondary evidence.
[bookmark: _Toc238564721][bookmark: _Toc238779900]Theoretical foundations: AI as a strategic capability
This dissertation is best begun from the resource-based view. Barney (1991) believes that resources that are valuable, rare, imperfectly imitable and organisationally embedded are the keys to sustained advantage. This logic is applicable because it's not like AI is a advantage simply for a firm buying algorithms or cloud tools. AI can help improve performance when coupled with proprietary data, skills, and management routines and business processes that can't be easily duplicated by competitors. In the case of multinational companies, these resources are even more significant as AI can aid decision-making in vast and fragmented markets with information that is complex and time-sensitive.
This argument is further developed in the dynamic capability’s theory. Teece, Pisano and Shuen (1997) state that the company has to have the ability to sense, seize and re-configure assets in order to deal with the fast pace of technological change. Eisenhardt and Martin (2000) also conceptualise dynamic capabilities as recognisable organisational processes like product development, strategic decision-making, learning and alliance formation. This makes sense with the adoption of AI in multinational companies, as it can't be incorporated as an additional technology layer but rather into transformed routines. AI can help businesses detect market trends, automate decision-making, and optimize supply chain operations and redefine customer services in various countries.
The AI readiness literature provides an extra operational perspective. AlSheibani, Cheung and Messom (2018) demonstrate, based on the three lenses of technology, organisation and environment, that the adoption of AI is dependent on the technological readiness, organisational readiness and external pressures on the firm-level. Jöhnk, Weißert and Wyrtki (2021) also list readiness factors in the areas of data, technology, strategy, governance, people and culture. The studies are valuable as they demonstrate that the adoption of AI needs to be measured in the context of organisational conditions. A multinational company can mention AI for products, but if it is not clear from the evidence if it is integrated in any way, if it is used for governance or business, then the signal of adoption is lower.
[bookmark: _Toc238779670]Table 1. Theoretical and conceptual foundations used in the dissertation
	Lens
	Key sources
	Core idea
	Use in this dissertation

	Resource-Based View
	Barney (1991); Chen, Esperança and Wang (2022)
	Performance advantage depends on valuable and hard-to-copy firm resources.
	AI is treated as a strategic resource when linked to data, skills and business routines.

	Dynamic capabilities
	Teece, Pisano and Shuen (1997); Eisenhardt and Martin (2000)
	Firms need to sense, seize and reconfigure capabilities in changing environments.
	AI adoption is interpreted as a capability that supports adaptation in international markets.

	AI readiness and adoption
	AlSheibani, Cheung and Messom (2018); Jöhnk, Weißert and Wyrtki (2021)
	AI requires technological, organisational and environmental readiness.
	The AI disclosure score will look for evidence of AI use, integration and governance.

	AI business value
	Enholm et al. (2022); Wamba-Taguimdje et al. (2020); Mikalef and Gupta (2021)
	AI creates value through automation, information, transformation, creativity and decision support.
	The results chapter can interpret performance patterns through business value mechanisms.

	International business and digital strategy
	Menzies et al. (2024); Hasan and Ojala (2024); Meyer et al. (2023); Gestrin and Staudt (2018)
	Digital technologies reshape internationalisation, cross-border coordination and global business models.
	The study is positioned within multinational companies operating across digital and international markets.


[bookmark: _Toc238564722][bookmark: _Toc238779901]AI adoption, AI capability and business value
The literature on the AI capability is the most conceptually connected to the adoption and performance. Mikalef and Gupta (2021) view AI capability as a collection of tangibles, human and intangible resources that would enable firms to leverage AI for business outcomes. Their research is particularly significant as it challenges the notion that investing in technology is the key to better performance in AI research. It demonstrates that AI capability is multi-faceted and that it requires other resources like data quality, technical know-how, coordination and management support. This is in line with the current dissertation's choice to consider the adoption of AI as an organisational capability that is disclosed, and not as a single technology variable.
Firm performance research largely suggests that there is a positive correlation between AI and firm outcomes, but also that this is indirect and contingent. Wamba-Taguimdje et al. (2020) conducted an analysis of AI-based transformation projects and conclude that AI can deliver value to a business through automation, information, decision optimisation and process transformation. In the context of e-commerce companies, Chen, Esperança and Wang (2022) also link the AI capability to the performance of the firm, by means of creativity, AI management and AI-driven decision-making. Li et al. (2022) take the argument further, demonstrating that AI capability can enhance the creativity of organisations with the help of knowledge sharing and organisational cohesion. The overall conclusion of these studies is that the use of AI is likely to improve performance, provided that the firm implements AI into their organisational processes and decisions.
Systematic reviews give a wider perspective of this evidence. Enholm et al. (2022) review the literature on AI and Business value and introduce two types of value: First-order operational benefits and Second-order strategic benefits. Collins et al. (2021) caution that the AI research in information systems can be disjointed if the research does not relate AI concepts to accumulated theory and outcomes. Dwivedi et al. (2021) also demonstrate that AI presents opportunities in business, policy and society, as well as challenges in the areas of skills, ethics, governance and institutional readiness. All of these reviews warrant a literature review with no restriction on positive performance claims. The expected relationship for this dissertation is positive, however, barriers to implementation and limitations to disclosure should be discussed.
Recent studies also reveal that there is a correlation between AI capability and agility and creativity. Ameen et al. (2024) discover that AI capability, coupled with strategic agility, could boost the creativity of products and services. This is applicable to technology multinationals as their performance overseas could not only be based on efficiency but also on how fast AI can be integrated into their products, cloud platforms, consulting services and customer solutions. Hence, the literature suggests a wide and yet measurable perspective of AI adoption, which comprises of AI in products, AI in operations, AI in analytics and AI in governance.
[bookmark: _Toc238564723][bookmark: _Toc238779902]AI and international business activity
AI is a topic that has just started to be explored in international business literature. The study of Menzies et al. (2024) is one of the most relevant studies for this dissertation as it reviews the use of AI in international market selection, entry modes, foreign exchange, international human resource management, supply chains and cross-cultural management. They conclude that while there is a lot of potential in AI in international business, there is limited and fragmented research. This directly contributes to the gap identified in the current study: the empirical study of the relationship between the adoption of AI and international business performance in multinationals is still limited.
Hasan and Ojala (2024) include a sustainability and sociotechnical dimension. They believe that AI-human cooperation in international business can enhance resource reconfiguration, lower transaction costs and contribute to sustainable development in the world, but it can also generate new tensions regarding the ethical use and responsible production. This is crucial since the institutional and social expectations are different across markets for multinational companies. While AI can enhance efficiency, it is also crucial for international companies to have governance frameworks in place to tackle issues of privacy, fairness, accountability, and workforce implications.
This is supported by the general literature in the field of international business in the digital era. Meyer et al. (2023) claim that digital business strategies and internationalisation strategies are becoming more and more interdependent. National institutions affect firm strategy, digital platforms and data systems help firms to reduce costs of cross-border activities and increase responsiveness, and digitally transformed business models help firms to reduce costs and increase responsiveness. Gestrin and Staudt (2018) also refer to the transformation of the way multinational enterprises operate, global value chains as well as investment policy due to digitalisation. Ozturk (2024) takes this discussion to the realm of international trade, exploring the potential of AI to improve demand forecasting, logistics, customs clearance, trade finance and market access, and the challenges of data quality, ethical concerns, technological maturity, and regulatory compliance.
The literature thus presents a number of ways in which AI can impact international business performance. Menzies et al. (2024) highlight various use cases, including market selection, supply chains and international management, and Meyer et al. (2023) demonstrate how digital platforms and data systems can help lower cross-border costs and increase responsiveness. Forecasting, logistics, customs, trade finance and market access are also mentioned by Ozturk (2024). These opportunities come with data quality, ethical, regulatory and technological readiness risks, and performance impacts should be considered in the context of implementation and governance risks.
A further issue in international business is that the value of AI is unlikely to be uniform across markets. Multinational firms operate across jurisdictions with different regulation, customer behaviour, digital infrastructure and institutional expectations. Meyer et al. (2023) show that digital strategies are shaped by national institutions, while Menzies et al. (2024) emphasise that AI applications span market selection, supply chains, human-resource management and cross-cultural management. A centrally developed AI capability may therefore create different outcomes across countries. A forecasting system may improve demand planning in one market, while data restrictions, limited interoperability or different customer preferences may reduce its usefulness elsewhere. International performance depends not only on the existence of AI capability, but also on the firm's ability to adapt that capability to local conditions.
This matters for the relationship tested in the dissertation because revenue growth is the realised outcome of several connected processes. AI may improve information quality, responsiveness or service scalability without producing an immediate and proportionate increase in reported international revenue. Digital platforms can lower coordination costs and support wider market reach, but value still has to be captured through pricing, customer adoption, complementary services and local execution (Gestrin and Staudt, 2018; Meyer et al., 2023). Hasan and Ojala (2024) similarly emphasise that international AI use is sociotechnical and requires attention to human cooperation and responsible deployment. The proposed positive relationship should therefore be treated as plausible but conditional. A firm may possess extensive AI capability and still experience weak international growth in a particular year because demand, currency movements, acquisitions, regulatory constraints or business-model effects dominate the short-term financial outcome. This supports careful company-level interpretation alongside the statistical test.
[bookmark: _Toc238564724][bookmark: _Toc238779903]International business performance measurement
This dissertation's dependent variable is international business performance. This concept is multidimensional and is reflected in the performance literature. Export performance is measured by using the EXPERF scale which was developed by Zou, Taylor and Osland (1998) and scales the performance in financial, strategic and satisfaction aspects. The EXPERF logic is useful for the present dissertation, as it demonstrates that international performance does not only consist of profit, although the data used here are secondary data and not survey measures. May involve sales growth, market position, strategic success and management evaluation of international results.
There are a number of determinants and measures of export performance and Beleska-Spasova (2014) presents a detailed overview of these determinants and measures, including financial measures, strategic indicators and market measures. Oura, Zilber and Lopes (2016) also find a relationship between innovation capacity and international experience and export performance, which is relevant as AI can be considered as part of innovation capacity in internationally active firms. These sources are useful for the proposed secondary data study as measurable indicators like revenue growth, operating performance and international or segment revenue evidence and global business expansion signals.
But it is also noted in the literature that it is difficult to measure. International performance varies by company and industry; and not all companies provide the same data for geographic or segments. This is particularly crucial for technology businesses that operate internationally, as their business models are based on platforms, cloud, advertising, consulting and/or digital infrastructure, and not just on export categories. Hence, where possible the dissertation should employ similar performance indicators and the reporting limitations should be explained. The careful measurement approach will make the subsequent analysis more defendable.
[bookmark: _Toc238564725][bookmark: _Toc238779904]AI disclosure, governance and risk
The disclosure literature of the AI is important in this dissertation as it is based on secondary data. Cao et al. (2024) demonstrate that the voluntary disclosures of AI in annual reports provide insights into firms' involvement in AI and can be related to subsequent growth, investment, operational efficiency and risk. This validates the idea of using annual reports and filing to build an AI adoption disclosure score. Alzeghoul and Alsharari (2025) also present evidence of the use of AI disclosure in financial reporting and performance, which further supports considering AI-related disclosure as a valuable research signal.
However, disclosure-based measurement needs to be used with caution. Donelson et al. (2025) conclude that companies can either AI wash or AI mask depending on the incentives and governance pressures. This is important with respect to the proposed methodology. AI adoption score should not be portrayed as an ideal indicator of AI usage. It should be articulated as a structured indicator of the adoption of AI that is disclosed, based on the evidence that can be seen in the annual reports and other corporate documents. This difference will enhance the credibility of the study and will help to formulate the limitations.
Findings also need to be interpreted in the light of the governance and risk literature. The NIST AI Risk Management Framework (2023) specifies the following as necessary functions for trustworthy AI risk management: Governance, Mapping, Measuring and Managing. Multinational companies will be finding this relevant as the threat of AI can be present at country level, business unit level and even within groups of stakeholders. There are reputational, regulatory, operational and ethical risks that can arise from the use of AI due to weak governance that may support performance. For the recommendations chapter, this implies that the study should not make recommendations for further adoption of AI. It should promote responsible use of AI with data governance, risk assessment, transparency and human oversight.
The disclosure and governance literature also creates an important distinction between visibility, maturity and value. Annual reports provide a public record of products, investments, infrastructure, workforce initiatives and governance, but the level of detail can reflect reporting incentives as well as operational reality. Cao et al. (2024) support the informational value of emerging-technology disclosure, whereas Donelson et al. (2025) show why disclosure can be strategically overstated or understated. A high disclosure score should therefore be interpreted as evidence that AI is visible across several organisational domains, not as direct proof that every disclosed capability is mature, widely deployed or economically productive. This is important in a sample of large technology firms because AI is central to their public strategy even when the depth of internal implementation differs.
Governance can also influence the timing and quality of value realisation. The NIST AI Risk Management Framework (National Institute of Standards and Technology, 2023) treats governance, mapping, measurement and management as interconnected functions rather than activities that occur after deployment. For multinational companies, these controls may require documentation, human oversight, security testing, privacy safeguards and jurisdiction-specific review before AI systems can be scaled. These requirements can raise short-term implementation effort while protecting longer-term value. Jöhnk, Weißert and Wyrtki (2021) show that AI readiness also depends on strategy, people, culture, data and governance. The literature therefore suggests a useful distinction for this study: adoption breadth can be observed through disclosure, while adoption effectiveness depends on organisational readiness and responsible integration. This helps explain why a higher disclosure score need not mechanically produce higher international revenue growth in the same financial year.
[bookmark: _Toc238564726][bookmark: _Toc238779905]Conceptual framework and link between AI adoption and international business performance
[image: ]
[bookmark: _Toc238779697]Figure 1. Conceptual framework linking AI adoption and international business performance
The main line of argument presented in this dissertation is that the use of AI is positively correlated with the international business performance. Theoretically this expectation is based on two concepts: RBV and dynamic capabilities. When AI is integrated into the workflows of an organisation, it can aid in processing information more quickly, enhance prediction, and synchronise international operations and react to market changes in multinational companies. The mechanisms are in line with the focus by Teece, Pisano and Shuen (1997) on reconfiguration, and with Eisenhardt and Martin (2000) that capabilities are specific processes of adaptation by firms.
This expectation is backed by the empirical AI literature, but not a technology-performance claim. The ability of the organisation, management support, creativity, decision-making and agility are all highlighted as factors influencing performance gains from AI as reported by Mikalef and Gupta (2021), Chen, Esperança and Wang (2022), Wamba-Taguimdje et al. (2020) and Ameen et al. (2024). From an international business perspective, this translates to AI use potentially having a positive impact on revenue growth and operating performance in combination with customer analytics, cloud services, product innovation, automation, global service delivery and improved cross-border coordination.
Meanwhile, the literature cautions that readiness, governance, data quality and disclosure practices could be detrimental to the relationship. Jöhnk, Weißert and Wyrtki (2021) demonstrate that factors of readiness are obviously important for adoption, and Donelson et al. (2025) show that there is a possible strategic over- or understatement of the disclosure of AI. So, the results of this dissertation should be interpreted in the opportunity as well as challenge lenses. A positive relationship would indicate a positive association between AI disclosure and better international performance; however, it would be important to consider whether the relationship observed is a reflection of actual capability or reporting strategy or the digital business strength more broadly.
[bookmark: _Toc238564727][bookmark: _Toc238779906]Synthesis of key literature and relevance to the study
[bookmark: _Toc238779671]Table 2. Key literature matrix for the dissertation
	Theme
	Main sources
	Main contribution
	Relevance to variables
	Use in later chapters

	Strategic theory
	Barney (1991); Teece, Pisano and Shuen (1997); Eisenhardt and Martin (2000)
	Explains resources, capabilities and adaptation in changing markets.
	AI adoption is treated as a strategic capability rather than a technology purchase.
	Frames discussion of why AI may influence performance.

	AI readiness and adoption
	AlSheibani, Cheung and Messom (2018); Jöhnk, Weißert and Wyrtki (2021)
	Identifies organisational conditions needed for effective AI adoption.
	Supports scoring categories related to AI integration and governance.
	Explains why some firms may gain more value than others.

	AI capability and value
	Mikalef and Gupta (2021); Wamba-Taguimdje et al. (2020); Enholm et al. (2022); Chen, Esperança and Wang (2022); Li et al. (2022); Ameen et al. (2024)
	Shows how AI can create value through creativity, automation, decision-making, agility and transformation.
	Directly supports the expected positive relationship between AI adoption and performance.
	Guides interpretation of statistical and descriptive findings.

	AI research landscape
	Collins et al. (2021); Dwivedi et al. (2021)
	Shows that AI research is growing but fragmented and must address ethical, organisational and policy issues.
	Supports a focused and theory-linked review rather than a general AI overview.
	Helps justify recommendations beyond financial performance.

	International business and digitalisation
	Menzies et al. (2024); Hasan and Ojala (2024); Meyer et al. (2023); Gestrin and Staudt (2018); Ozturk (2024)
	Connects AI and digital technologies with international strategy, trade, coordination and global market operations.
	Links AI adoption to international business performance rather than only domestic firm performance.
	Supports discussion of opportunities and challenges for multinational companies.

	Performance measurement
	Zou, Taylor and Osland (1998); Beleska-Spasova (2014); Oura, Zilber and Lopes (2016)
	Provides financial, strategic and market-based approaches to international performance.
	Supports revenue growth, operating performance and segment evidence as dependent-variable indicators.
	Provides basis for variable selection and methodological justification.

	Disclosure and governance
	Cao et al. (2024); Donelson et al. (2025); Alzeghoul and Alsharari (2025); NIST (2023)
	Explains the value and limitation of AI disclosure evidence and identifies AI governance principles.
	Justifies AI adoption disclosure scoring while warning against treating disclosure as perfect evidence.
	Shapes limitations, ethics and responsible AI recommendations.


The literature provides a coherent basis for the dissertation model. Barney (1991) and Teece, Pisano and Shuen (1997) indicate that technology creates value when it is combined with complementary resources and embedded in organisational routines. Mikalef and Gupta (2021) and Wamba-Taguimdje et al. (2020) further show that data, skills, management support, decision-making and process transformation shape the conversion of AI investment into business value. These mechanisms are particularly relevant in international business, where firms operate across heterogeneous markets, institutions and value chains. The performance literature supports the use of observable revenue-based indicators, while the disclosure literature supports annual reports as a structured, but imperfect, source of evidence on disclosed AI adoption.
A clear research gap emerges from this synthesis. Mikalef and Gupta (2021), Wamba-Taguimdje et al. (2020), Chen, Esperança and Wang (2022), Enholm et al. (2022) and Ameen et al. (2024) show that AI capability can create organisational value through transformation, decision-making, creativity and agility. By contrast, Menzies et al. (2024) describe research on AI in international business as emerging and fragmented. A specific gap therefore remains in company-level secondary-data research that links disclosed AI adoption with international business performance across multinational technology firms operating in the UK. The dissertation addresses this gap through a focused IV-DV model in which disclosed AI adoption is the independent variable and international business performance is the dependent variable.
[bookmark: _Toc238564728][bookmark: _Toc238779907]Chapter Conclusion
This literature review reveals that the adoption of AI can be viewed as an organisational capability that can be facilitated through strategic resources, dynamic routines, readiness factors and governance systems. There is strong evidence that AI has the potential to enhance firm performance and performance in international markets by boosting innovation, automation, decision making, operation efficiency and responsiveness to customers and markets. But it's not a relationship that's automatic. Adopting AI can also present challenges related to data quality, skills, ethics, regulation, and governance and disclosure reliability.
The review supports a focused secondary-data design in which the AI Adoption Score is constructed from company-report evidence and international business performance is assessed using observable financial indicators. It also provides the theoretical basis for interpreting the empirical findings, the opportunities and challenges associated with AI adoption, and the recommendations for multinational companies operating in the UK.


[bookmark: _Toc238564729][bookmark: _Toc238779908]Research Methodology
[bookmark: _Toc238564730][bookmark: _Toc238779909]Introduction
This chapter describes the methodological design adopted to explore the connection between the adoption of artificial intelligence and international business performance in five technology multinational companies in the United Kingdom. Public secondary data from corporate reports from 2020 to 2024 are used for the study. The AI-related disclosures are coded using a structured content analysis to create a numerical adoption score, and international business performance is calculated as the percentage increase in international / non-domestic revenue per year. Descriptive statistics, correlation and regression are used to analyse the company-year data in Rgui 4.5.1. AI opportunities and challenges reported are also systematically classified to answer the second and third research questions.
[bookmark: _Toc238779910]Research philosophy, assumptions and approach
[bookmark: _Toc238779911]Positivist research philosophy
The study is based on a positivist philosophy as the main research question is related to a measurable relationship between two specified variables. The basic premise is that observable and consistently coded evidence can represent relevant aspects of the adoption of AI and international business performance, and that any operational measure is an approximation of the underlying construct. Positivism is based on the premise that observable evidence can be gathered by consistent procedures and analysed without the involvement of the researcher. This is suitable since the adoption of AI is explicit (via the coding framework) and international business performance is captured by financial data (as reported in official company documents). The goal is not to understand managers' own experiences with AI, but to determine if greater disclosure of AI adoption is correlated with better international performance for similar company-year observations. Therefore, a transparent coding manual, fixed scoring criteria and reproducible statistical procedures are key to the design (Saunders, Lewis and Thornhill, 2019).
[bookmark: _Toc238779912]Deductive research approach
The analysis is conducted using a deductive approach since it starts with a hypothesis based on the resource-based view and dynamic capabilities theory and empirical AI capability research. These views indicate that the performance can be enhanced when technological resources are combined with data, skills, organisational routines and governance. The study proposes a hypothesis that there is a positive relationship between the adoption of AI and international business performance. The hypothesis is tested using secondary evidence and not created based on the data. This theory to operational measures to statistical testing sequence is in line with deductive business research (Barney, 1991; Teece, Pisano and Shuen, 1997; Mikalef and Gupta, 2021).
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[bookmark: _Toc238779698]Figure 2. Research design pathway
Source: Author's construction based on Saunders, Lewis and Thornhill (2019).
[bookmark: _Toc238564734][bookmark: _Toc238779913]Research design and question alignment
The research uses a quantitative, explanatory and longitudinal archival design. It is quantitative because the key analysis is based on a numerical AI adoption score and a numerical performance measure. It is explanatory, as it examines whether there is a relationship between the variation in international business performance and the variation in AI adoption. It is longitudinal as each company is followed over five financial years. The archival evidence base consists of annual reports and regulatory filings, which do not suffer from access and confidentiality issues typical of large multinational firms when collecting internal data.
There are two roles of structured content analysis. First, it transforms textual AI evidence to the independent variable. Second, it categorises the opportunities and challenges that are reported under predefined and emergent categories. Content analysis can be helpful in quantitative research, if the rules used to categorize the texts are explicit and the data produced can be replicated (Krippendorff, 2018). The study is thus still quantitative in nature. The qualitative reading of disclosures will provide evidence for the opportunity and challenge questions and does not substitute the statistical test of the central relationship.
[bookmark: _Toc238779672]Table 3. Alignment of research questions, data and analysis
	Research question
	Evidence required
	Analytical method

	RQ1: What is the relationship between AI adoption and international business performance?
	AI adoption score and annual international revenue growth for each company-year.
	Descriptive statistics, correlation and regression in Rgui 4.5.1.

	RQ2: What opportunities are created by AI adoption?
	Disclosures describing operational, strategic, market and innovation benefits.
	Directed content analysis, frequency summaries and cross-company comparison.

	RQ3: What challenges are faced when adopting AI?
	Disclosures concerning governance, cost, skills, privacy, bias, cybersecurity and regulation.
	Directed content analysis, frequency summaries and cross-company comparison.


Source: Author's construction.
[bookmark: _Toc238564735][bookmark: _Toc238779914]Research population, sample and study period
The research population are large technology oriented multinational companies that have a significant presence in the UK. The study does not need a statistically representative sample of all the multinational enterprises, but only those that meet certain data requirements, hence the use of purposive sampling. A company is included if it has an operating entity in the UK that has been verified, it has ongoing international activities, AI activity is apparent, it has annual reports in English for the full period and it has detailed geographic or international revenue disclosures. Microsoft, Alphabet, Amazon, IBM and Accenture are companies that fit the bill and offer diversity in cloud computing, digital advertising, e-commerce, enterprise technology and professional services. They are registered in the UK via Companies House records (Companies House, 2026a, 2026b, 2026c, 2026d and 2026e).
The analytical period will be 2020-2024 and will include up to 25 company-year observations. This time frame is one of the fastest-growing areas of enterprise AI, cloud-based AI services, and generative AI, and is still reasonable for a dissertation timeframe. Financial data for 2019 are only gathered as a base data for calculating the growth rate for 2020. The relatively small panel reduces the statistical power, and the results of the inferences are interpreted in conjunction with the descriptive trends, company-level evidence and sensitivity checks.
[bookmark: _Toc238779673]Table 4. Selected companies and inclusion rationale
	Company
	UK operating presence
	AI and reporting relevance

	Microsoft
	Microsoft Limited
	Azure AI, Copilot and enterprise software; annual reports include non-US geographic revenue information.

	Alphabet / Google
	Google UK Limited
	AI in search, advertising, cloud and Gemini; Form 10-K reports provide regional revenue information.

	Amazon
	Amazon UK Services Ltd.
	AI in AWS, recommendations, logistics and automation; annual reports provide country-attributed revenue information used to derive non-US revenue.

	IBM
	IBM United Kingdom Limited
	watsonx, hybrid cloud, automation and consulting; reports provide geographic and segment evidence.

	Accenture
	Accenture (UK) Limited
	Generative AI and transformation services; reports contain market-level revenue and AI investment disclosures.


Source: Companies House records and corporate annual reporting archives.
[bookmark: _Toc238564736][bookmark: _Toc238779915]Data collection methods and secondary sources
The study is based on secondary data which is available in public. The main sources are the audited annual reports and the 10-K filings and materials provided to investors. Where annual reports do not give much detail of governance, companies published responsible AI or sustainability statements are referenced to confirm the operating entities in the UK, as detailed in companies' house information. Only where the document can be traced to the company and dated is a corporate website/investor archive used. News site, blog and unverified summaries are not included in the data set as they are potentially not stable or auditable evidence.
A typical extraction sheet is prepared, having one line for each company-year. It includes the report title, reporting year, source location, page number, evidence quotation, eight decisions by AI, total AI adoption score, international revenue measure, previous year value, calculated revenue growth, opportunity themes and challenge themes and verification notes. The terms used to initially search reports are: artificial intelligence, AI, machine learning, generative AI, intelligent automation, predictive analytics, algorithm, responsible AI and AI governance. When researching keywords, it is essential to follow up with contextual reading as a mention of AI does not necessarily mean it is adopted. Evidence of implementation, commercial deployment, material investment or formal capability development or governance is scored only.
Collection is the same for all companies. Reports are downloaded and archived, financial data is pulled in reporting currency and AI evidence is coded with manual, calculations are verified against original page. This is done to avoid the effect of the relative size of companies (or reporting currency) in determining the comparison; hence, year-on-year percentage growth is used. The filled out extraction sheet is exported as a .csv file for analysis in Rgui 4.5.1.
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[bookmark: _Toc238779699]Figure 3. Data collection and analysis process.
Source: Author's construction.
[bookmark: _Toc238564737][bookmark: _Toc238779916]Operationalisation of variables
[bookmark: _Toc238564738][bookmark: _Toc238779917]Artificial intelligence adoption
Artificial intelligence adoption is the independent variable. It is measured by a disclosure index as there are no comparable data on internal expenditure or deployment for all five companies. The index is based on the AI capability, organisational readiness and governance literature and encompasses eight dimensions: AI enabled products and services; internal process automation; analytics and decision support; customer engagement and personalisation; cloud and digital infrastructure; AI investment, partnerships and research; workforce skills and AI capability; and AI governance and risk management (AlSheibani, Cheung and Messom, 2018; Jöhnk, Weißert and Wyrtki, 2021; Mikalef and Gupta, 2021; National Institute of Standards and Technology, 2023). The scores for each dimension are 0 (no qualifying evidence), 1 (general, experimental or limited) and 2 (operational, commercial or formal). Equal weighting is applied to prevent any unsupported judgements that one dimension is more important than another. The eight scores are added together to create a raw company-year score (0-16) which is then standardised to a 0-100 AI Adoption Score with (raw score / 16) x 100.
[bookmark: _Toc238779674]Table 5. AI adoption disclosure index
	Dimension
	0
	1
	2

	AI-enabled products and services
	No relevant disclosure.
	General intention, pilot or limited offering.
	Clear commercial deployment or material product integration.

	Internal process automation
	No relevant disclosure.
	Isolated or exploratory operational use.
	Established AI-enabled use across identifiable internal processes or functions.

	Analytics and decision support
	No relevant disclosure.
	Limited predictive, analytical or decision-support application.
	Clear use of AI or machine learning in forecasting, recommendation, insight or managerial decisions.

	Customer engagement and personalisation
	No relevant disclosure.
	General or limited AI-supported customer interaction.
	Clear AI-enabled personalisation, recommendation, assistant or customer-experience application.

	Cloud and digital infrastructure
	No relevant disclosure.
	General cloud investment with an indirect AI link.
	Named cloud, computing or data infrastructure explicitly supporting AI deployment at scale.

	AI investment, partnerships and research
	No relevant disclosure.
	General technology investment or partnership with limited AI specificity.
	Material AI-related R&D, investment, acquisition, partnership or ecosystem commitment.

	Workforce skills and AI capability
	No relevant disclosure.
	General digital training or technical workforce evidence with limited AI specificity.
	Explicit AI training, reskilling, specialist capability or formal workforce development.

	AI governance and risk management
	No relevant disclosure.
	Broad principles, privacy, security or emerging controls with limited AI specificity.
	Formal responsible-AI governance, risk assessment, oversight, safety or regulatory control.


Total raw score = sum of eight dimensions. Possible range: 0-16. Standardised AI Adoption Score = (raw score / 16) x 100.
[bookmark: _Toc238564739][bookmark: _Toc238779918]3.6.2 International business performance
International business performance is the dependent variable. International performance is considered as multidimensional, but financial and market outcomes are still important measures (Zou, Taylor and Osland, 1998; Beleska-Spasova, 2014). Annual growth in international or non-US revenue is chosen for this study because it is objective, can be found in the selected firms, and is directly related to activity outside of the primary domestic market. Each company has its own geographic reporting basis and a reconciliation rule is kept for each company. Microsoft, Alphabet, Amazon and IBM offer data that allows for an exact non-US measure, and Accenture's non-US revenue is estimated from its rounded reported United States revenue share. The percentage growth is a way to standardise the measure across company size and to not have to compare absolute revenue levels across different reporting scales.
International revenue growth (%) = [(Revenue_t - Revenue_t-1) / Revenue_t-1] x 100
[bookmark: _Toc238779675]Table 6. Operationalisation of study variables
	Variable
	Role
	Measurement
	Primary source

	AI adoption
	Independent variable
	Eight-dimension disclosure index, coded 0-2 per dimension, summed to 0-16 and standardised to a 0-100 AI Adoption Score.
	Annual reports, Form 10-K filings and official responsible AI or investor publications.

	International business performance
	Dependent variable
	Annual percentage growth in international or non-domestic revenue.
	Audited annual reports and regulatory financial statements.

	AI opportunities
	Contextual evidence for RQ2
	Coded categories such as efficiency, innovation, personalisation, scalability and decision quality.
	AI strategy, business review and segment disclosures.

	AI challenges
	Contextual evidence for RQ3
	Coded categories such as privacy, cybersecurity, bias, regulation, skills, cost and transparency.
	Risk, governance, sustainability and responsible AI disclosures.


Source: Author's construction based on the reviewed literature.
[bookmark: _Toc238564740][bookmark: _Toc238779919]Data analysis using Rgui 4.5.1
The data is analysed using Rgui with R version 4.5.1 (R Core Team, 2025). Data preparation involves checking company-year identifiers, converting data to numbers, checking for missing data, recalculating revenue-growth measures, and reviewing for unusual observations. Descriptive statistics are mean, median, standard deviation, minimum and maximum. Line charts are used to show changes in AI adoption, international revenue growth and total revenue growth over time, and company-level summaries are used to determine if there are aggregate patterns concentrated in particular firms.
The relationship between the AI adoption and international business performance is initially explored by scatterplots, Pearson correlation and Spearman's rank correlation. Spearman's rho is kept as a robustness measure as the sample is small and the AI Adoption Score has a limited range. The main hypothesis is tested using ordinary least squares regression with international revenue growth as the dependent variable and the continuous 0 to 100 AI Adoption Score as the independent variable:
IBP_it = beta_0 + beta_1 AI_it + epsilon_it
In the model, IBP_it is international business performance for company i in year t, AI_it is the AI Adoption Score, beta_0 is the intercept, beta_1 estimates the direction and magnitude of the relationship, and epsilon_it is the error term. Statistical significance is assessed at the 5 per cent level with 95 per cent confidence intervals. Because of the small sample, HC3 heteroskedasticity-consistent standard errors are used for inference in the regression models. The reported outputs include the coefficient, robust standard error, p value, confidence interval, R-squared and adjusted R-squared. Residual-versus-fitted plots, a normal Q-Q plot, the Shapiro-Wilk test, the Breusch-Pagan test, the Ramsey RESET test, Cook's distance, leverage and studentised residuals are used to assess model assumptions and influential observations (Hair et al., 2019).
Robustness and sensitivity analyses are used to assess whether the main conclusion depends on a particular measurement decision or specification. These include replacing international revenue growth with total revenue growth, repeating the model using only observations with exact geographic revenue measures, excluding the estimated Accenture observations, using a one-year lagged AI score, and adding company indicators, year indicators, and both sets of indicators. Given the limited number of observations, the indicator models are treated as supporting sensitivity checks rather than preferred causal estimators. Opportunities and challenges are summarised through category frequencies, evidence-strength summaries and cross-company comparisons. No automated sentiment analysis is used because the purpose is to identify substantive business themes rather than the tone of corporate reporting.
[bookmark: _Toc238564741][bookmark: _Toc238779920]Reliability, validity and research quality
The AI index's grounding in existing frameworks of AI capability, readiness and risk enhance the construct validity. Content validity is provided by: AI-enabled products and services, internal process automation, analytics and decision support, customer engagement and personalisation, cloud and digital infrastructures, AI investment and research, workforce capability and AI governance and risk management. Inclusion rules and examples of scoring are set forth in a written coding manual. All coded decisions are accompanied by the source report, source location and an evidence note, which provides an audit trail from the final score to the source report. This is important, because although certain pieces of information provided on the AI may be useful, others may be selective, or even overstated (Cao et al., 2024; Donelson et al., 2025).
A second round of evidence classification after the first round of coding adds to the consistency of coding. Ambiguous cases are reviewed with the written coding manual and the context in the original report prior to finalisation of scores. Financial information and growth projections are independently rechecked against audited statements and URLs of the sources, locations of the reports and reconciliation notes are kept for checking. Regular report types and common extraction areas and retained calculation formulas allow for replicability. It is limited in the sense of external validity because of the purposive sample of companies in the technology sector; any conclusions are therefore limited to the sample (the five multinational firms sampled), and not all companies in general.
[bookmark: _Toc238779921]Ethical considerations and data management
No people or interviews, no surveys or personal, or confidential, corporate information is involved in the study. The ethical risk will consequently be limited, with approval and exemption processes in effect, required by the university, still being applied. Evidence is all from public documents and is cited correctly. Company statements are described in context; adverse evidence is not suppressed or omitted and disclosure scores are interpreted as reports of adoption and not actual observations of adoption within the company. A project folder is created and contains downloaded reports, extraction sheets, R scripts and output files in a password protected folder. File names, version dates and source locations are preserved to facilitate veracity and/or replicability.
[bookmark: _Toc238779922]Methodological limitations
There are four main limitations to the methodology. On the one hand, the disclosure in the annual reports might not necessarily match the deployment of AI as companies have the flexibility to highlight successful initiatives or not provide commercially sensitive information. Second, A firm's geographic category revenue is not necessarily the same across firms, but the annual percentage growth and a reconciliation note help to make it comparable. Third, 25 company-year observations are not enough to have a high statistical power and estimates are sensitive to unusual years such as the impact of the COVID-19 pandemic. Fourth, it is important to note that association does not imply causation of the observed performance change, as the market conditions, acquisitions, exchange rates and other strategies can also impact the revenue. These limitations are considerably reduced by the transparency of the coding, the robustness checks, and careful interpretation, but not eliminated.
[bookmark: _Toc238779923]Conclusion
The study adopts a positivist approach that is deductive and quantitatively-driven with secondary data design in five companies of technology multinationals operating in the UK. AI adoption is measured by the eight-dimension disclosure index (standardised on a 0-100 scale), and international business performance is mainly based on annual international revenue growth. The evidence base for the company reports is 2020-2024; the first growth observation is made using 2019 comparable data. Descriptive statistics, Pearson and Spearman correlations, regression with HC3 robust inference, diagnostic tests and sensitivity analyses are available with Rgui 4.5.1, and structured content analysis provides opportunities and challenges. A documented and reproducible procedure is used to address the issues of reliability, validity, ethical safeguards and study limitations.


[bookmark: _Toc238564745][bookmark: _Toc238779924]FINDINGS / RESULTS, ANALYSIS AND DISCUSSION
[bookmark: _Toc238564746][bookmark: _Toc238779925]Introduction
This chapter presents the findings, statistical analysis and discussion for the 25 company-year observations covering Microsoft, Alphabet, Amazon, IBM and Accenture from 2020 to 2024. It reports descriptive patterns, correlation and regression results, diagnostic and sensitivity tests, thematic findings on AI opportunities and challenges, and interprets the results in relation to the literature reviewed in Chapter 2.
[bookmark: _Toc238564747][bookmark: _Toc238779926]Descriptive Analysis
[bookmark: _Toc238564748][bookmark: _Toc238779927]Dataset Quality and Structure
The final dataset contained all 25 expected observations, comprising five companies observed over five financial years. No company-year duplicates, missing AI adoption scores or missing international revenue growth values were identified. Twenty observations used exact geographical revenue measures. The five Accenture observations used an estimate derived from the rounded proportion of revenue generated in the United States. Those observations were retained in the primary analysis and were removed in a separate sensitivity model.
[bookmark: _Toc238779676]Table 7. Dataset completeness and quality checks
	Quality indicator
	Result
	Interpretation

	Company-year observations
	25
	Complete

	Companies
	5
	Microsoft, Alphabet, Amazon, IBM and Accenture

	Study period
	2020-2024
	Five annual observations per company

	Duplicate observations
	0
	None identified

	Missing AI adoption scores
	0
	None identified

	Missing international growth values
	0
	None identified

	Exact international measures
	20
	Microsoft, Alphabet, Amazon and IBM

	Estimated international measures
	5
	Accenture only


Source: Author's analysis of the study dataset.
The dataset passed the planned computational quality checks. However, the AI index had a restricted range. Scores varied from 75.00 to 100.00, but only four distinct score values were present and 14 of the 25 observations had a score of 81.25. Alphabet and Amazon remained at 81.25 throughout the period, while IBM remained at 87.50. Most year-to-year movement came from Microsoft and Accenture. This restricted variation reduces the statistical power of the analysis and means that the estimated relationship should be interpreted as exploratory rather than causal.
[bookmark: _Toc238564749][bookmark: _Toc238779928]Overall Descriptive Statistics
[bookmark: _Toc238779677]Table 8. Overall descriptive statistics
	Variable
	N
	Mean
	SD
	Minimum
	Maximum

	AI adoption score
	25
	85.50
	7.15
	75.00
	100.00

	International revenue growth
	25
	12.01%
	11.77%
	-4.09%
	43.45%

	Total revenue growth
	25
	12.08%
	10.58%
	-4.39%
	41.15%

	International revenue share
	25
	49.61%
	9.80%
	30.72%
	60.08%

	Opportunity strength total
	25
	11.92
	1.19
	11.00
	14.00

	Challenge strength total
	25
	7.80
	1.66
	5.00
	10.00


Source: Author's analysis. Financial ratios are displayed as percentages.
The mean AI Adoption Score was 85.50 with a standard deviation of 7.15. International revenue growth averaged 12.01%, with values ranging from a contraction of 4.09% to growth of 43.45%. Total revenue growth was similar, averaging 12.08%. International revenue represented an average of 49.61% of total revenue, although the proportion differed substantially across the companies. Both revenue-growth variables were positively skewed because a small number of high-growth observations, particularly in 2020 and 2021, were well above the rest of the sample.
[bookmark: _Toc238564750][bookmark: _Toc238779929]AI Adoption Patterns
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[bookmark: _Toc238779700]Figure 4. AI Adoption Score by company, 2020-2024
Source: Author's analysis of official company disclosures and financial data.
Figure 4.1 shows that AI disclosure was already high across the selected companies at the beginning of the period. Alphabet and Amazon recorded stable scores of 81.25 in every year, while IBM recorded 87.50 throughout. Microsoft increased from 81.25 during 2020-2022 to 100.00 in 2023 and 2024. Accenture moved from 75.00 in 2020 to 87.50 in 2021, declined to 81.25 in 2022, and reached 100.00 in 2023 and 2024. The cross-sectional average therefore rose from 81.25 in 2020 to 90.00 in both 2023 and 2024. The pattern indicates stronger public disclosure of AI adoption in the later years, especially after the rapid expansion of generative AI, but it also confirms that the index contains limited within-company variation for three of the five firms.
[bookmark: _Toc238564751][bookmark: _Toc238779930]International Revenue Growth Patterns
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[bookmark: _Toc238779701]Figure 5. International revenue growth by company
Source: Author's analysis of official company disclosures and financial data.
[bookmark: _Toc238779678]Table 9. Mean performance by company, 2020-2024
	Company
	Mean AI score
	Mean international growth
	Mean total growth
	Minimum international growth
	Maximum international growth

	Amazon
	81.25
	18.92%
	18.31%
	1.32%
	41.04%

	Alphabet
	81.25
	16.43%
	17.25%
	4.60%
	43.45%

	Microsoft
	88.75
	14.41%
	14.34%
	7.26%
	20.44%

	Accenture
	88.75
	8.39%
	8.75%
	0.74%
	21.89%

	IBM
	87.50
	1.89%
	1.75%
	-4.09%
	4.67%


Source: Author's analysis of the study dataset.
Amazon recorded the highest mean international revenue growth at 18.92%, followed by Alphabet at 16.43% and Microsoft at 14.41%. Accenture averaged 8.39%, while IBM averaged only 1.89% and experienced the sample's only negative annual international growth observation. At the year level, average international growth peaked at 21.94% in 2021 and then fell to 9.44% in 2022, 7.62% in 2023 and 8.34% in 2024. Consequently, the strongest revenue growth occurred before the sample's highest average AI disclosure scores. This timing contributes to the negative direction observed in the later correlation and regression results.
[bookmark: _Toc238564752][bookmark: _Toc238779931]AI Adoption Dimension Findings
[bookmark: _Toc238779679]Table 10. Descriptive results for the eight AI adoption dimensions
	AI adoption dimension
	Mean
	SD
	Minimum
	Maximum

	AI-enabled products and services
	2.00
	0.00
	2
	2

	Internal process automation
	1.28
	0.79
	0
	2

	Analytics and decision support
	2.00
	0.00
	2
	2

	Customer engagement and personalisation
	1.56
	0.51
	1
	2

	Cloud and digital infrastructure
	2.00
	0.00
	2
	2

	AI investment, partnerships and research
	1.96
	0.20
	1
	2

	Workforce skills and AI capability
	1.12
	0.44
	0
	2

	AI governance and risk management
	1.76
	0.44
	1
	2


Source: Author's disclosure coding. Each dimension ranges from 0 to 2.
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[bookmark: _Toc238779702]Figure 6. Average AI dimension scores by company
Source: Author's analysis of the disclosure-based AI coding framework.
Three dimensions reached the maximum mean score of 2.00: AI-enabled products and services, analytics and decision support, and cloud and digital infrastructure. AI investment, partnerships and research were also nearly universal, with a mean of 1.96. These findings show that the companies most consistently disclosed AI as a commercial offering, a data and analytics capability, and a cloud-enabled platform supported by continuing investment. Governance and risk management was also strongly represented, with a mean of 1.76.
The weakest dimensions were workforce skills and AI capability, with a mean of 1.12, and internal process automation, with a mean of 1.28. Customer engagement and personalisation occupied an intermediate position at 1.56. The lower workforce result does not prove that the companies lacked AI-skilled employees. It shows that annual reports provided less consistent and less specific disclosure of AI training, specialist capability and reskilling than they provided for products, infrastructure and investment.
[bookmark: _Toc238564753][bookmark: _Toc238779932]Correlation Analysis
[bookmark: _Toc238779680]Table 11. Correlations between AI adoption and performance
	Relationship
	Method
	N
	Coefficient
	p-value

	International revenue growth
	Pearson r
	25
	-0.310
	0.132

	International revenue growth
	Spearman rho
	25
	-0.336
	0.101

	Total revenue growth
	Pearson r
	25
	-0.349
	0.087

	Total revenue growth
	Spearman rho
	25
	-0.466
	0.019

	International revenue growth, lagged AI score
	Pearson r
	20
	-0.250
	0.289

	International revenue growth, lagged AI score
	Spearman rho
	20
	-0.353
	0.127


Source: Author's analysis of the study dataset.
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[bookmark: _Toc238779703]Figure 7. AI adoption and international revenue growth
Source: Author's analysis of official company disclosures and financial data.
The Pearson correlation between the AI Adoption Score and international revenue growth was negative and weak to moderate, r = -0.310, but it was not statistically significant at the 5% level, p = 0.132. The Spearman result was similar, rho = -0.336, p = 0.101. Therefore, both tests failed to identify the positive association predicted by the hypothesis. Figure 4.4 also shows that the highest growth observations occurred around an AI score of 81.25 rather than at the maximum score of 100.
For total revenue growth, the Pearson correlation was -0.349, p = 0.087. The Spearman coefficient was stronger and statistically significant, rho = -0.466, p = 0.019. This secondary result indicates a negative rank-order relationship, but it was not confirmed by the corresponding linear regression at the 5% level. The lagged AI score was also negatively related to international growth, but neither the Pearson nor Spearman lagged correlation was significant. Overall, the correlation results provide no evidence of a positive relationship in this sample.
[bookmark: _Toc238564754][bookmark: _Toc238779933]Regression Results and Hypothesis Test
[bookmark: _Toc238779681]Table 12. Regression estimates across model specifications
	Model
	N
	AI coefficient
	HC3 SE
	p-value
	95% CI
	R²

	Primary model
	25
	-0.510
	0.288
	0.090
	[-1.105, 0.085]
	0.096

	Total revenue outcome
	25
	-0.517
	0.273
	0.071
	[-1.081, 0.047]
	0.122

	Exact international measures
	20
	-0.635
	0.539
	0.253
	[-1.767, 0.496]
	0.092

	Lagged AI adoption score
	20
	-0.419
	0.393
	0.301
	[-1.245, 0.407]
	0.062

	Company indicators
	25
	-0.287
	0.343
	0.413
	[-1.006, 0.431]
	0.306

	Year indicators
	25
	-0.437
	0.305
	0.168
	[-1.075, 0.201]
	0.258

	Company and year indicators
	25
	-0.036
	0.530
	0.946
	[-1.166, 1.094]
	0.492


Note: Coefficients and confidence intervals are percentage-point changes in revenue growth for a one-point increase in the 0-100 AI score. HC3 robust standard errors are reported.
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[bookmark: _Toc238779704]Figure 8. AI coefficient across regression specifications.
Source: Author's analysis of official company disclosures and financial data.
In the primary model, the AI coefficient was -0.00510, which is a decrease of about 0.510 percentage points in international revenue growth for every one-point increase in the AI score. The HC3 robust standard error was 0.288 percentage points and the two sided p-value was 0.090. The 95% confidence interval was between -1.105 and 0.085 percentage points. The model accounted for 9.61% of the variance in the international revenue growth and the adjusted R² was 5.68%. This coefficient was thus negative and not significant at 5%.
There was no substantive change to the conclusions as a result of the robustness models. The coefficient obtained from the total revenue growth was -0.517 percentage points with p = 0.071. When the estimated Accenture observations were removed (which was equivalent to only using exact geographic measures), the coefficient was -0.635 percentage points (p = 0.253). The lagged model was also negative and not significant (p = 0.301). The models with company indicators, year indicators or both had smaller negative coefficients and p-values ranging from 0.168 to 0.946. The indicator models are considered sensitivity checks due to the small sample size.
[bookmark: _Toc238779682]Table 13. Hypothesis decision
	Hypothesis
	Decision
	Basis

	H1: AI adoption has a positive impact on international business performance.
	Not supported
	The primary coefficient was negative and not significant at 5%.


Source: Author's analysis of the study dataset.
Based on this, H1 is rejected. The outcome should not be read as evidence of a negative impact of AI on international performance. It suggests that in this sample of five companies over five years, there was not the expected positive correlation between the disclosure-based AI score and annual international revenue growth. Other factors, such as economic conditions, exchange rates, acquisitions, post-pandemic changes in demand and other factors, can affect revenue growth, which is not captured in the simple model.
[bookmark: _Toc238564755][bookmark: _Toc238779934]Diagnostic and Sensitivity Assessment
[bookmark: _Toc238779683]Table 14. Primary model diagnostic tests
	Diagnostic test
	Statistic
	p-value
	Interpretation

	Shapiro-Wilk normality
	0.911
	0.033
	Residual normality may be violated.

	Breusch-Pagan heteroskedasticity
	1.605
	0.205
	No statistically significant evidence of heteroskedasticity.

	Ramsey RESET
	3.664
	0.043
	The simple linear functional form may be incomplete.


Source: Author's analysis of the study dataset.
The Breusch-Pagan test was not significant p = 0.205, which means that there was no evidence of heteroskedasticity. However, HC3 robust standard errors were kept due to small sample size and to accommodate the non-uniform distribution of the residuals. The Shapiro-Wilk test was significant (p = 0.033), which means that the residuals were not normally distributed. The Ramsey RESET test also proved to be important (p = 0.043) indicating that the simple linear form may not be able to capture all the characteristics of the relationship.
The following seven observations were identified by at least one of the influence-screening rules: Accenture 2020, Accenture 2023, Accenture 2024, Alphabet 2021, Amazon 2020, Microsoft 2023 and Microsoft 2024. The highest positive studentised residuals were for Alphabet 2021 and Amazon 2020, indicating higher than normal revenue growth. A number of observations with AI score of 100 were identified primarily due to high leverage of their predictor values. These findings are not necessarily a coding error, but should be interpreted with caution. This sensitivity assessment is wide ranging, with the use of Spearman correlation, HC3 standard errors, exact-measure and Accenture-exclusion models, a lagged model, and company and year indicator models. No gave evidence of a positive impact.
[bookmark: _Toc238564756][bookmark: _Toc238779935]Opportunities Created by AI Adoption
[bookmark: _Toc238779684]Table 15. AI opportunity themes
	Opportunity theme
	Occurrences
	Average strength
	Companies represented

	Product and service innovation
	25
	2.00
	5

	Operational efficiency and intelligent automation
	20
	1.60
	4

	Data-driven decision-making and forecasting
	25
	2.00
	5

	Customer experience and personalisation
	25
	1.56
	5

	Global scalability through cloud infrastructure
	25
	2.00
	5

	Innovation investment and ecosystem development
	25
	1.96
	5

	Workforce augmentation and AI capability building
	24
	1.17
	5


Note: Evidence strength ranges from 1 for limited evidence to 2 for clear evidence.
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[bookmark: _Toc238779705]Figure 9. Average opportunity and challenge strength by company
Source: Author's analysis of official company disclosures and financial data.
Four opportunities were especially strong and widespread. Product and service innovation, data-driven decision-making and forecasting, and global scalability through cloud infrastructure each appeared in all 25 company-year records with the maximum average strength of 2.00. Innovation investment and ecosystem development also appeared in all observations and had an average strength of 1.96. These themes indicate that the selected multinationals primarily present AI as a platform for creating commercial offerings, improving analytical capability, delivering services across markets and strengthening innovation through research, acquisitions and partnerships.
Customer experience and personalisation appeared in all 25 observations, although its average strength was lower at 1.56. Operational efficiency and intelligent automation appeared in 20 observations with an average strength of 1.60. Workforce augmentation and AI capability building appeared in 24 observations, but its average strength was only 1.17. At company level, Accenture recorded the highest mean opportunity strength at 12.8, followed by IBM at 12.6, Microsoft at 12.2, and Alphabet and Amazon at 11.0. The results therefore suggest that AI opportunities extend beyond direct product innovation, but public disclosure is more developed for commercial and infrastructure applications than for internal workforce transformation.
[bookmark: _Toc238564757][bookmark: _Toc238779936]Challenges Associated with AI Adoption
[bookmark: _Toc238779685]Table 16. AI challenge themes
	Challenge theme
	Occurrences
	Average strength
	Companies represented

	AI skills gap and workforce transition
	21
	1.05
	5

	Privacy and data protection risk
	15
	1.80
	3

	Cybersecurity and system security risk
	25
	1.76
	5

	Ethical bias and responsible AI risk
	20
	1.70
	4

	Legal and regulatory uncertainty
	20
	1.70
	4

	Governance, control and accountability risk
	15
	1.60
	3

	Reputational and stakeholder trust risk
	5
	2.00
	1


Note: Counts represent coded disclosure occurrences, not the number of independently verified incidents.
The most consistently disclosed challenge was cybersecurity and system security risk, which was observed in all 25 observations with an average strength of 1.76. Ethical bias and responsible AI risk were each mentioned in 20 observations, as was legal and regulatory uncertainty. The risk of privacy and data protection was mentioned in 15 observations, with a relatively high average strength of 1.80. The term governance, control and accountability was also mentioned in 15 observations. The findings indicate that the companies see the adoption of AI as a governance and risk-management challenge, as well as a technological opportunity.
The AI skills gap and workforce transition theme was mentioned in 21 observations, with an average strength of 1.05, as many observations spoke about skills in general terms, without clear AI-specific workforce measures. Reputational and stakeholder trust risk was the most prevalent, with an average strength of 2.00, but only occurred five times, with all of these instances being in one company's disclosures. Alphabet and Amazon were the most challenging with an average of 9.0, followed by Accenture with 7.8, and IBM and Microsoft with 6.6 each. The results show that the central implementation issues are related to secure deployment, responsible use, regulatory compliance and organisational capability.
[bookmark: _Toc238564758][bookmark: _Toc238779937]Discussion of Results
0. [bookmark: _Toc238564759][bookmark: _Toc238779938]AI Adoption and International Business Performance
The central quantitative finding is not in line with the positive relationship that was developed in Chapter 2. The Pearson correlation between the AI Adoption Score and international revenue growth was negative and non-significant and the primary HC3 regression was in the same direction. This does not contradict, but rather supports previous studies. Mikalef and Gupta (2021) view AI capability as a mix of tangible, human and intangible resources, and Wamba-Taguimdje et al. (2020) demonstrate that AI based transformation generates value through automation, information processing, decision optimisation and process change. The present finding suggests that in this sample, the adoption of broad disclosure was not enough to account for the short-term international revenue growth.
One reason is the timing of the results. The highest average AI disclosure scores were found in 2020 and 2021, while the strongest international revenue growth was in 2020 and 2021. Enholm et al. (2022) make a distinction between first order operational benefits and second order strategic benefits, indicating that there may be efficiency, analytics or customer benefits before they are seen in annual revenue growth. In the same vein, Menzies et al. (2024) characterize empirical studies on AI in international business as disjointed and the lack of a contemporaneous positive impact is consistent with the possibility of a more indirect, delayed and market-wide effect.
The cross-company pattern adds further context to this interpretation. Amazon and Alphabet recorded the highest average international revenue growth while maintaining an AI Adoption Score of 81.25 throughout the period. Microsoft and Accenture reached scores of 100 in 2023 and 2024, yet those observations did not coincide with the strongest international growth. IBM maintained a relatively high and stable AI score but recorded the lowest mean international revenue growth. These patterns do not establish that lower AI adoption produces stronger performance. Instead, they show that between-company differences in revenue growth are much larger than the limited variation captured by the disclosure index. This is consistent with the Resource-Based View because the economic effect of a technology depends on how it is combined with firm-specific resources rather than on the visible presence of the technology alone (Barney, 1991; Mikalef and Gupta, 2021).
The evidence also highlights a temporal identification problem. The main model relates an annual AI disclosure score to revenue growth in the same year, but large AI investments may affect performance through several stages. Infrastructure and research spending may initially raise costs; workforce training and process redesign may take time; commercial products may require customer adoption; and governance controls may delay scaling while reducing future risk. Enholm et al. (2022) distinguish operational and strategic forms of AI business value, supporting the possibility that some benefits emerge before they are visible in top-line growth. The negative, non-significant coefficient can therefore coexist with AI-related value mechanisms. It indicates only that the study did not identify a positive contemporaneous linear relationship within the available 25 observations.
The sensitivity analyses reinforce this interpretation. The coefficient remained negative when total revenue growth was used, when Accenture's estimated geographic observations were removed, when the AI score was lagged and when company or year indicators were added. This consistency reduces concern that the primary result is driven by one measurement choice, but it does not convert the association into a causal estimate. The restricted AI-score range, influential observations, residual non-normality and significant RESET test indicate that the simple model cannot represent every mechanism affecting multinational revenue performance. Disclosed AI adoption was therefore not a sufficient standalone predictor of short-term international revenue growth in this sample.
[bookmark: _Toc238779939]Resource-Based View, Dynamic Capabilities and Readiness
The Resource-Based View can be used to account for the lack of a direct link between high AI adoption and better performance. Barney (1991) believes that to achieve sustainable advantage, a firm must have resources which are valuable, rare, difficult to imitate and well organised. AI disclosure in this sample was high, on average, at all five firms (85.50) and ranged between 75 and 100. The adoption of AI, in itself, may thus offer little differentiation between big tech multinationals. The competitive value may be more likely to be dependent upon the combination of AI with proprietary data, specialist talent, managerial knowledge, or customer relationships and firm-specific routines.
This is a similar interpretation of dynamic capabilities theory. The concepts of sensing, seizing and reconfiguring resources are highlighted by Teece, Pisano and Shuen (1997), and Eisenhardt and Martin (2000) define dynamic capabilities as processes of product development, learning, strategic decision-making and alliance formation. The high scores for innovation, cloud infrastructure and investment suggest a high level of capability building activity. But, the least capable AI dimensions were workforce capability and internal automation. This aligns with Jöhnk, Weißert and Wyrtki (2021) who find people, culture, governance, strategy, data and technology to be important aspects of AI readiness. Thus, the results suggest that value realisation is not just about the presence of technology but also about the organisational integration.
[bookmark: _Toc238779940]Measurement and Disclosure Interpretation
The results should also be analysed in the light of the measurement strategy. Cao et al. (2024) demonstrate that AI disclosure can be a valuable source of information regarding firms' emerging-technology activity, which can be used as a structured secondary source. Meanwhile, Donelson et al. (2025) warn of over- or underreporting of AI activity by firms. This limited range of the AI Adoption Score is thus significant. While the index reflects the scope of adoption, it does not necessarily differentiate the level of intensity, effectiveness or economic productivity of AI adoption. This restriction decreases the statistical power and may account for the lack of causal interpretation of the analysis.
The dependent variable also only measures one aspect of international performance. Zou, Taylor and Osland (1998) recognize that international performance is a multidimensional concept and Beleska-Spasova (2014) states that there are financial, strategic and market-based measures. International revenue growth was chosen because it was measurable and reasonably comparable across the sample; however, AI could have an impact on operating efficiencies, margins, innovation speed, customer retention or strategic flexibility without necessarily impacting annual international revenue growth. The non-significant result is thus not a rejection of the value of AI in the business but rather a result for this particular performance indicator.
[bookmark: _Toc238779941]AI Opportunities in Relation to the Literature
There is strong support for the opportunity mechanisms identified in Chapter 2 in the thematic findings. Product and service innovation, data-based decision making, cloud-based scalability and innovation investment were the most prominent themes. Ameen et al. (2024) correlate AI capability and strategic agility with product and service creativity, which aligns with the universal disclosure of AI-powered commercial products and services in the sample. Forecasting, logistics and market-access benefits are identified by Ozturk (2024) and how digital platforms and data systems can lower cross-border costs and increase responsiveness is explained by Meyer et al. (2023). The results thus suggest that AI can play a wide strategic part in international service delivery and business-model development, despite the lack of direct financial relationship in the short term.
Less disclosure of operational automation and workforce augmentation compared to products, analytics, infrastructure and investment. It is important to be aware of this distinction as the business-value literature sees organisational transformation as the process by which technology is translated into performance. Enholm et al. (2022) and Wamba-Taguimdje et al. (2020) both highlight the transformation processes and not just the acquisition of technology. The results thus indicate that the chosen companies were very active in commercial and platform-based AI activities, but less so with regard to internal processes and workforce transformation.
[bookmark: _Toc238779942]AI Challenges in Relation to the Literature
The results of the challenge are also very similar to Chapter 2. Cybersecurity and system security risk were observed in all 25 observations, and responsible AI, legal and regulatory uncertainty, privacy and governance/workforce transition were recurring themes. Skills, ethics, governance and institutional readiness are also identified as major challenges of AI by Dwivedi et al. (2021). Hasan and Ojala (2024) highlight the sociotechnical aspect of AI in international business, pointing out that managing the responsible application of AI and the synergy between AI and humans should be handled in various institutional contexts.
The governance evidence is also aligned with the National Institute of Standards and Technology (2023) which states that there are 3 fundamental functions of trustworthy AI risk management: governance, mapping, measurement and management. For multinational companies, these requirements can result in extra security, compliance, oversight and workforce expenses prior to the commercial benefits being realised. Overall, the quantitative and thematic evidence suggests that while there is significant strategic potential for AI, its impact on international business performance is dependent on complementary resources, organisational change, governance and time, and is not a direct result of increased adoption.
A further implication of the challenge findings is that the costs and benefits of AI adoption may occur simultaneously. Cybersecurity, privacy, governance and regulatory compliance are not separate from commercial deployment. They shape whether AI systems can be trusted, scaled and maintained across markets. The NIST framework treats risk management as an ongoing organisational function, while Dwivedi et al. (2021) identify ethical, governance, skills and policy issues as central to AI adoption. For multinational firms, these requirements become more complex because a system acceptable in one jurisdiction may require different data handling, oversight or explanation in another. Resources devoted to compliance and control can therefore moderate short-term financial returns even when they support sustainable deployment over a longer horizon.
The workforce findings also matter. Workforce capability had the lowest mean score among the eight AI dimensions, and the skills gap or workforce transition theme appeared repeatedly in the disclosure analysis. This does not prove an absolute skills shortage because the index measures public evidence rather than internal headcount. It does, however, show that the public record of AI-specific reskilling and workforce integration was less developed than the evidence for products, cloud infrastructure and investment. Jöhnk, Weißert and Wyrtki (2021) identify people and culture as core elements of organisational AI readiness, while Mikalef and Gupta (2021) treat human skills as part of the broader bundle of resources needed for AI capability. Workforce integration is therefore a plausible bottleneck between technological investment and realised business value.
Taken together, the challenge themes help explain why the quantitative and qualitative findings are not contradictory. The statistical models do not show that higher AI disclosure generated stronger international revenue growth, while the thematic evidence shows extensive activity in innovation, analytics, infrastructure and investment. At the same time, the reports disclose persistent requirements for security, responsible use, regulation, governance and skills. This describes a capability-building process in which opportunities and implementation constraints coexist. For international businesses, the strategic question is not simply how much AI is adopted, but whether the organisation can integrate AI into processes, govern it across jurisdictions, develop human capability and convert technical potential into customer and market outcomes. This interpretation is consistent with dynamic capabilities theory because advantage depends on sustained organisational reconfiguration rather than possession of a technology at a single point in time (Teece, Pisano and Shuen, 1997).
[bookmark: _Toc238779943]Findings in Relation to the Research Questions
0. [bookmark: _Toc238779944]Research Question 1
How is the connection between the use of AI and the performance of the selected technology multinational companies? In the sample observed the relationship was negative. Pearson correlation resulted in r = -0.310, p = 0.132 and the main HC3 regression coefficient was negative with p = 0.090. This was also the case when excluding Accenture, using a lagged AI score and adding company or year indicators. So, the evidence does not suggest that there is a positive relationship between the disclosure-based AI Adoption Score and the annual international revenue growth in 2020-2024.
[bookmark: _Toc238779945]Research Question 2
How does the use of AI present opportunities to the multinational companies in international business? Product and service innovation, decisions based on data, cloud-based international scalability and innovation via investment and partnership provided the best opportunities. Personalisation for customers and automation of operations were also commonly revealed, but less consistently. Workforce augmentation was there, but was the least disclosed opportunity. The results reveal that AI is primarily seen as a commercial, analytical and infrastructure capability that can be leveraged in the development of international services and business models.
[bookmark: _Toc238779946]Research Question 3
What are the difficulties of the multinational companies in the implementation of AI in international business activities? Constant challenges included cybersecurity, responsible and ethical use, legal and regulatory uncertainty, privacy and data protection, governance, and workforce capability with AI. Multinational companies are particularly affected by these issues, as AI systems function in various legal, cultural and data-governance contexts. The reports also reveal that, in addition to investing in AI technology, there is a need for increased controls, skills and accountability in the expansion of AI.
[bookmark: _Toc238779947]Chapter Summary
Twenty-five company-year observations were analysed in this chapter, from five technology multinationals in the UK. The data set was complete and internally consistent, with the exception of Accenture's international revenue, which was estimated, and the AI index, which had a limited range. There was a high level of disclosure of AI adoption in all years, and a high level of average international revenue growth in the later years, with a decrease in growth in 2022. The Pearson and Spearman correlation between AI adoption and international revenue growth were negative and not significant. The primary HC3 regression also yielded a negative coefficient, and was not in support of H1. The robustness models showed that there was no positive effect that could be determined from the sample. The thematic analysis revealed significant opportunities in product innovation, analytics, cloud scalability and investments, as well as challenges related to cybersecurity, responsible AI, regulation, privacy, governance and workforce capability. The discussion revealed that these outcomes are aligned with a conditional understanding of the value of AI, where the value is influenced by complementary resources, organisational transformation, governance and time. The findings of these are presented in the conclusions and recommendations of Chapter 5.



[bookmark: _Toc238564769][bookmark: _Toc238779948]CONCLUSIONS AND RECOMMENDATIONS
[bookmark: _Toc238564770][bookmark: _Toc238779949]Introduction
The findings and discussion in Chapter 4 led to conclusions and recommendations presented in this chapter. It concisely presents the findings regarding each of the research questions, states the overall contribution of the study, offers recommendations for multinational technology companies and outlines the main limitations and future directions for research.
[bookmark: _Toc238779950]Summary of Main Findings and Conclusions
[bookmark: _Toc238779951]Research Question 1: AI Adoption and International Business Performance
The first research question looked at the relationship between AI adoption and international business performance of the selected technology multinational companies. The positive relationship was not observed in the study during the period 2020–2024. The Pearson Correlations between the AI Adoption Score and international revenue growth were negative and not significant, and the main HC3 regression created negative coefficient negative with the p value of 0.090. The results were not altered when the analysis was done with total revenue growth instead of the AI score, with or without Accenture, with the AI score lagged, or using company or year indicators.
The right question cannot then be whether the use of AI decreases the international performance, but instead whether greater AI exposure was correlated with higher international performance in terms of revenue growth for these focused firms. The selected companies already had high rates of AI disclosure and there was little variation in the independent variable, and a number of company-specific and market factors impacted revenue growth. There is thus some evidence that a conditional interpretation of AI value rather than a direct, short-term technology–performance effect holds.
[bookmark: _Toc238779952]Research Question 2: Opportunities Created by AI Adoption
The second research question explored the opportunities that are realized with the implementation of Artificial Intelligence in International Business. Product and service innovation, decision making and predicting based on data, global scalability with cloud infrastructure and innovation by investing and partnering were the best opportunities identified. There was also a significant amount of personalisation with customers and automation of operations. These results demonstrate that the chosen multinationals employ AI as a business, analytical and infrastructure tool that can help them deliver their services internationally, as well as be innovative and responsive to market demands.
The opportunity findings also highlight a key difference between being visible in the market and internal transformation. Product disclosure was more emphasized than workforce capability and internal process automation, as well as analytics and cloud infrastructure and investment. AI thus seems to present significant strategic opportunities: What they turn into in terms of monetary returns is contingent on how they are embedded in their internal processes, people and ways of working.
[bookmark: _Toc238779953]Research Question 3: Challenges Associated with AI Adoption
The third research question was – What are the problems faced by multinationals that implement AI? The top consistent challenge stated was system security risks, which includes cybersecurity. Other lingering concerns included responsible and “ethical” AI, legal and regulatory uncertainty, privacy and data protection, governance and accountability and workforce transition. The results indicate that using AI technologies is a technology gap problem, but also a governance, organisational and institutional gap problem in multinational companies.
The potential challenges are especially pertinent for international business where AI solutions are deployed across various legal landscapes, data-governance norms, cultural sensitivities, and customer expectations. Therefore, the study shows that Responsible Deployment, Security, Regulatory compliance, Workforce capability and accountability are required to keep up the adoption of AI.
[bookmark: _Toc238779954]Overall Conclusion
The overall conclusions drawn from the dissertation are that there is significant strategic potential for using AI in multinational technology companies—but that this is non-uniform: the higher the adoption, the stronger the short-term international revenue growth is not guaranteed. The empirical evidence demonstrates that there is a widespread use of AI in products, analytics, infrastructure and investments, and that of material governance and capability challenges. So, the study has separated adopt AI from realise the value of AI. Value realisation is contingent on other organizational resources, the quality of implementation, people's skills, governance and the time it will take for investments to impact commercial outcomes.
This conclusion has directly related to the research gap that was specified in Chapter Two. The study presents company-level secondary evidence that AI adoption can be systematically assessed and related to international company performance, and highlighted the potential pitfalls of assuming a linear and positive relationship. This study results provide a vision of AI in international businesses that is more cautious and capability-based.
[bookmark: _Toc238779955]Practical and Theoretical Recommendations
0. [bookmark: _Toc238779956]Link AI Investment to Defined International Performance Outcomes
The chosen companies should consider investing in AI based on well-defined international business goals, not with the goal of achieving a higher level of AI adoption. The results presented in Chapter 4 indicate that there is no relationship and therefore the adoption should not replace evidences of business value. Firms need to link key AI initiatives to tangible impacts like market agility, customer value, productivity gains, and innovation turnaround, operating efficiency, global service scalability, and revenue purity. The study suggests that capability development and financial returns may be at different times and for multi-year performance tracking this should be carried out.
[bookmark: _Toc238779957]Strengthen Workforce Capability and Internal Process Integration
The least advanced AI adoption dimensions were workforce capability and automating internal processes. This clearly identifies a management priority. Multinational companies need to broaden AI training for specific roles, as well as reskilling and cross-functional learning, and refine processes to weave in AI, making it part of everyday decision making and operations. Slowly and steady, investment in the technology should thus be followed by investment in people, process ownership and organisational changes. The success of the progress should be assessed at the ground level of things – trained employees, adoption in core workflows, productivity improvement and quality of human-AI working together.
[bookmark: _Toc238779958]Embed Security, Governance and Responsible AI in Deployment
Among the findings were prominent challenges with cybersecurity, responsible AI, the regulatory uncertainty, and privacy and governance. Compliance should not, therefore, be the only part of the design and scaling of AI systems, but instead a built-in part of the risk management process. This should include well-defined accountability, data control, model-risk assessment, human oversight, security testing, and documentation and escalation protocols for material AI applications. These controls can help to mitigate regulatory and reputational risk and build confidence of customers and stakeholders in international markets.
[bookmark: _Toc238779959]Adapt AI Deployment to International Market Conditions
Market variations should also be taken into consideration with regards to AI strategies applied. Before scaling up the use of AI across countries, multinational companies should consider country-specific data laws, regulations, language and cultural norms, as well as customer expectations. It is important to determine consistency via central governance standards and implementation should be adaptive at the local level. It's particularly crucial for customer-facing systems, automated decision making and data-intensive applications, in which specific legal and social expectations may differ greatly from one jurisdiction to another.
[bookmark: _Toc238779960]Theoretical Recommendation
Theoretically, the results suggest that capability-based explanations, as opposed to a simple technology-adoption model, should be used. As a future direction, the use of the Resource Based View (RBV) and dynamic capabilities perspective (DCP) in the study of AI should differentiate between commitment to AI technology use, represented in terms of the number of countries where AI is adopted, and the organisational ability to turn AI use into international business value. Models should thus explicitly consider complementary sources of information, worker capacity, the extent to which internal processes can be combined to support deceptive capital inflows, governance and time-lags between making investment and financial decisions. This finding aligns with the study's results, which show that high AI adoption levels were common, and the short-term revenue impact of AI to the firms was very different from one company to the other and from one year to the next.
[bookmark: _Toc238779961]Research Limitations
There are a number of limitations to the conclusions. Five technology multinational companies and 25 company-year observations mean that there is limited statistical power and generalisation. The AI Adoption Score also exhibited a limited range, with a few companies exhibiting little variation in scores year-to-year. The index falls short of capturing the depth, quality or impact of adoption as this is only self-reported.
Although, to evaluate the international business performance it is more appropriate than the revenue growth as the main indicator of performance because it was observable and sufficiently comparable. The revenue share reported for the United States was also used to get an estimate of the Accenture observations. While there was no substantive change from the sensitivity analysis without Accenture, this measurement difference is important. The study is therefore to be interpreted more as a "point-like" comparative analysis and not as a causal estimation for all multinationals.
[bookmark: _Toc238779962]Recommendations for Future Research
Future research might benefit from expanding the number of countries and companies and the duration of the time period, which will enhance statistical power and be able to account for delayed impacts of AI investment. One way to differentiate the temporary costs of implementing the panel from the future commercial benefits would be to have a longer panel, testing one-year, two-year and longer lags. Future research might extend to other industries as well, to see how it varies in industries that are not so technology advanced or have not adopted AI in the same manner.
Where reliable data are available, alternative measures of AI intensity also should be included. These can range from AI investments, patents, or other measures of specialist workforce with AI, acquisition investments, or product-level revenue or structured survey measures. For international performance additional results could be considered like margins, productivity or market share, innovation output or segment profitability. A mixture of secondary financial evidence and interviews/surveys would also be beneficial in explaining how AI capability can be transformed into international business value as organisations.
[bookmark: _Toc238779963]Chapter Summary
Overall, the dissertation finds that although there is a significant opportunity for innovation, analytics, scalable digital delivery and strategic investment in the adoption of AI, there is no statistical support that confirms that, in the selected sample, AI adoption will have an impact on the international revenue growth of the companies in the short term. The results also include key issues around workforce capability, process integration, cybersecurity, responsible AI and privacy and governance. The findings and recommendations focus on investment based on performance, organisational capacity and responsible application and market-specific implementation. These findings strike a balance between an AI strategy capability that enabled increased business value when integrated and governed effectively.
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