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Abstract 

Artificial intelligence is increasingly central to value creation in multinational service firms. Yet its 

implementation remains uneven across firms with comparable access to AI technology. While existing 

research links AI to productivity gains, most of it is grounded in manufacturing contexts. This leaves a 

gap in understanding how service-based MNEs embed AI into routine work across international 

operations. This thesis examines how Swedish multinational service firms initiate, govern, and 

manage AI implementation. It combines secondary data from Statistics Sweden with semi-structured 

interviews across five firms. The study draws on value configurations, the resource-based view, 

absorptive capacity, and dynamic capabilities. The central finding is that AI implementation is 

fundamentally an organisational challenge rather than a technical one. Access to AI tools was not the 

binding constraint in any of the five cases. What differentiated firms was their internal capacity to 

convert awareness of AI's potential into embedded operational practice. This capacity is governed by 

a chain of organisational conditions: the firm's value configuration, its internal resource base, its 

governance architecture, and its dynamic capabilities. These conditions must function simultaneously 

across multiple national contexts, making AI implementation in multinational service firms a 

distinctly organisational and cross-border challenge. 
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1.​Introduction 

1.1 Background 

Artificial intelligence (AI) is increasingly reshaping the competitive business landscape. Within 

multinational enterprises (MNEs), particularly service firms, AI has progressed from a secondary 

digital initiative to a technology that can be integrated into core operational processes such as 

customer interaction, resource allocation, and workflow automation. This shift is closely tied to the 

expectation that AI can act as a productivity enhancing general-purpose technology, enabling firms to 

automate complex tasks (McKinsey & Company, 2025, p.1). But rather than being seen as a 

productivity enhancing tool per se, AI can be characterised as a technological innovation embedded 

within, and shaped by, the institutions, managerial practices, and organisational routines that govern 

its adoption (Edquist & Johnson, 1997, pp. 42–43). Successful AI implementation depends not only 

on the technology itself, but also on relevant use-case selection, dedicated implementation teams, 

impact monitoring, change management, training, upskilling, and an organisational culture receptive 

to AI (McKinsey & Company, 2025, p.4). 

The relevance of this development is particularly strong for Swedish multinational service firms. Data 

from Statistics Sweden (SCB 2025, p. 3) show that AI adoption among Swedish firms has increased 

rapidly during the last years, both in terms of how many firms adopt AI and how broadly it is used 

within firms. Given that the service sector accounts for approximately 66 % of Swedish GDP , 

understanding how AI shapes productivity within these firms carries significant macroeconomic 

implications (World Bank, 2024, indicator: Services, value added (% of GDP). In 2025, 35.0% of all 

firms with 10 or more employees reported using at least one AI technology, with adoption being much 

higher among large firms (SCB, 2025, p, 7). Among firms with more than 250 employees, 71.9% 

reported using AI, compared to 30.8% among small firms (SCB 2025, p. 4), which indicates that AI 

adoption is closely linked to firm size and access to resources such as financial capital, technical 

expertise, and organizational capacity needed to test and implement new technologies. 
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At the same time, AI is increasingly used for more than one purpose. Data from SCB shows that firms 

are moving beyond single or experimental applications, and instead apply AI across several areas such 

as service processes and administrative functions. In 2025, a growing share of AI-using firms reported 

two or more purposes for their AI use, suggesting a gradual expansion of AI into different parts of the 

organisation rather than isolated use cases (SCB 2025, p. 7). For service firms, this broader integration 

may be particularly significant, as service production and delivery are often tightly interwoven with 

organisational routines and human interaction. 

From a theoretical perspective, we realized a need to explain not simply the matter of adopting AI 

technology but implementing it. Implementation differs between companies and demands changing 

routines, redefining roles, developing of new capabilities and building bridges between technologies 

and organisational infrastructure (Brynjolfsson & Hitt, 2000, pp. 25–26). Since service firms mostly 

depend on intangible resources, knowledge-based capabilities and customer involvement in value 

creation, the implementation of new technology into their processes is likely to require substantial 

organisational change (Vargo & Lusch, 2004, p 1). 

Despite the increasing use of AI, its implementation process remains complex and uneven. The 

literature on technological change emphasizes the economic repercussions and how new technologies 

are dependent on organisational restructuring, capabilities buildup, and time lags (Brynjolfsson et al., 

2017, pp. 9–10). This thesis moves away from productivity impacts as a main issue, which may be 

difficult to measure and slow to materialise, and instead explores how AI implementation differs 

between MNE in the service sector. To do so, the study combines two complementary data sources. 

Secondary quantitative data from SCB (i.e Statistics Sweden), which provides a macro-level picture 

of AI adoption patterns across firms and primary qualitative data collected through semi-structured 

interviews with representatives from Swedish multinational service firms. This mixed-method 

approach allows the study to situate firm-level implementation experiences within a broader national 

context, while capturing the organisational complexity and nuance that statistical data alone cannot 

reveal.  
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1.2 Problem discussion 

This thesis investigates how MNE in the service industry implement Artificial Intelligence (AI) within 

their organisations. As service organizations internationalize their operations across competitive and 

globalized settings, there is an increasing need for integrated collaboration, multi-border knowledge 

flows, and continuously evolving technologies. Today, the service sector accounts for over 67 %  of 

global GDP and more than half of employment worldwide (World Bank, 2024, indicator: Services, 

value added (% of GDP). However, we would argue that AI research and academic articles remain 

largely concentrated in manufacturing industries, where automation and streamlining are easier to 

define and measure. 

Using Buckley’s (2018, pp. 202-203) concept of the Global Factory as an example, which illustrates 

how multinational enterprises increasingly fragment and coordinate value-creating activities across 

borders. However, it is primarily grounded in manufacturing contexts and global production networks. 

This theoretical imbalance between manufacturing and the service sector raises questions about 

whether current explanations of new technology adoption, and more specifically AI adoption, are 

transferable to service-based multinational contexts. 

Existing research often links AI use to increased productivity and efficiency. Although performance 

effects have been examined in manufacturing processes (e.g., Gao & Feng, 2023), there is still limited 

understanding of the extent to which AI is actually adopted within service firms. It also remains 

unclear how organisational structures and international complexity affect its adoption in practice. Less 

research has focused on the organizational processes involved in embedding AI into routine work. 

Adoption does not merely imply added value, it results in organizational change, and the value created 

through AI applications ultimately hinges on how successfully AI is integrated into organizational 

routine (Brynjolfsson & Hitt, 2000, pp. 25–26).  

From an International Business (IB) perspective, questions arise regarding how tasks are coordinated 

and transferred across borders between headquarters (HQ) and foreign subsidiaries. This suggests a 
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shift in focus from outcome-oriented measurements, such as productivity, toward adoption processes. 

Prior research, such as (Kostova, 1999, pp. 315–316), emphasizes the role of institutional distance, 

legitimacy, and local interpretation in shaping subsidiary adoption. However, this perspective provides 

insight into why adoption of AI may differ across national contexts, it remains limited in capturing the 

uniqueness of AI as a data-centered and centrally managed technology. In contrast to traditional 

organizational practices, AI systems often rely on standardized algorithms, shared digital 

infrastructures, and continuous cross-border data integration. Consequently, existing IB explanations 

of practice transfer may be insufficient to fully explain how AI is embedded and coordinated within 

multinational service firms (Luo, 2021, pp 3-4). 

Given the importance of the service industry, we still know relatively little about how AI is organised 

and embedded in multinational service firms that operate across different institutional contexts. This is 

particularly relevant in service firms, where value creation is closely tied to human capital, 

knowledge, and customer interaction. Against this background, there is a need for research that 

examines how AI is developed and implemented within Swedish multinational service firms, 

particularly in relation to organisational processes, knowledge integration, and cross-border 

coordination across international operations. 

1.3 Purpose of study 

The purpose of this study is to examine how Swedish multinational service firms initiate AI  across 

their international operations. The study focuses on the organisational processes, management 

systems, and coordination patterns through which AI is developed and implemented within 

multinational service firms. 
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1.4 Research question 

●​ Why do Swedish multinational service firms differ in how far AI penetrates their operations, 

despite similar access to AI technology? 

●​ What mechanisms determine whether AI knowledge converts from initiation to embedded 

practice across international operations? 

●​ How do value shop firms manage the human-AI boundary across international operations? 

1.5 Delimitations of the Study 

This study is limited to Swedish multinational enterprises (MNEs) operating within the service sector. 

The focus on service firms is motivated by the sector’s high use of AI and process efficiency, but it 

also means that the findings cannot be directly generalised to other industries such as manufacturing, 

retail, or the public sector. 

Furthermore, the study concentrates on AI use at the firm level rather than on specific AI technologies 

or technical system performance. AI is treated as a broad category, in line with the definition used by 

Statistics Sweden (SCB). According to SCB (2025, p.2) firms are using AI if they apply at least one 

of the eight defined AI technologies. As a result, the study does not distinguish in detail between 

different levels of technological sophistication or maturity of AI systems. 

The empirical scope is also limited by data availability. The quantitative analysis is based on 

secondary data from SCB, which limits the possibility to assess direct effects between AI adoption 

and outcomes at the micro level. While qualitative interviews are used to complement this data and 

provide deeper insights, the number of interviews is limited and does not allow for a complete or fully 

representative picture of AI use across the service sector. Instead, the interviews are intended to 

capture the respondents experiences and contextual insights rather than statistically generalisable 

results. However, this does not mean that the findings lack theoretical value. Rather than aiming for 

statistical generalisation, the study seeks to contribute analytically by identifying patterns and 
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mechanisms that help explain how AI implementation unfolds in multinational service firms. In this 

way, the findings can inform and refine existing theoretical perspectives on AI adoption, 

organisational capabilities, and cross-border coordination. 

1.6 Dispositions 

This thesis is structured into six chapters, each serving a distinct function in the overall research 

design. The following overview describes the purpose and content of each chapter. 

Chapter 1 – Introduction 

The opening chapter establishes the background and motivation for the study. It situates the research 

within the broader context of AI adoption among Swedish multinational service firms, identifies the 

research gap that the thesis addresses, and presents the three research questions guiding the 

investigation. The chapter concludes by outlining the scope and limitations of the study. 

Chapter 2 – Theoretical Framework 

This chapter develops the theoretical lens through which the empirical material is analysed. The 

framework draws on four interconnected perspectives, value configurations, resource-based view, 

absorptive capacity, and dynamic capabilities.These concepts are treated as a layered and 

interconnected framework, where each concept builds on and complements the others. Together, they 

provide a coherent basis for understanding how AI is initiated, governed, and managed within service 

organisations operating across international boundaries. 

Chapter 3 – Methodology 

This chapter describes how the thesis was conducted in practice and how the chosen research design 

enabled a systematic investigation of AI implementation in Swedish multinational service firms. The 

study applied a mixed-method approach, combining quantitative secondary data with qualitative 

primary data. This design allowed the thesis to capture both macro-level patterns of AI adoption and 

micro-level insights into practical implementation of service MNEs. 
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The quantitative component was based on secondary statistical data from Statistics Sweden (SCB), 

which provided an overview of AI adoption across Swedish enterprises, with particular focus on 

service firms. The qualitative component consisted of semi-structured interviews with representatives 

from Swedish multinational service firms, enabling an in-depth understanding of how AI is 

implemented in practice. 

Chapter 4 – Empirical Data 

This chapter introduces the empirical material generated from secondary data published by Statistics 

Sweden (SCB) and semi-structured interviews conducted with employees in Swedish service MNEs. 

In essence, this chapter lays a foundation for empirically analysing the practices of AI adoption by 

triangulating macro-level data on AI adoption with micro-level insights from employees in 

organisational settings. The empirical evidence presented here is subsequently used to analyse and 

interpret the results against the theoretical framework developed in Chapter 2, contextualising and 

contrasting them with the existing body of literature. 

Chapter 5 – Analysis 

In this chapter, the empirical findings from Chapter 4 are analysed against the theoretical framework 

developed in Chapter 2. The analysis draws on qualitative interview data from five Swedish 

multinational service firms alongside quantitative data from Statistics Sweden's report 

"AI-användning i företag 2025" (SCB, 2025), with the objective of discussing the material in relation 

to the three research questions guiding this study. 

Chapter 6 – Conclusion 

The concluding chapter synthesises the key findings of the study and reflects on their theoretical and 

practical implications. It revisits the three research questions and discusses how the empirical 

evidence, interpreted through the theoretical framework, contributes to existing knowledge on AI 

implementation in multinational service firms. The chapter also acknowledges the limitations of the 

study and proposes directions for future research. 
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2.​Theoretical Framework 

2.1 Implementation of new technology in firms 

The relationship between technology investment and measurable performance improvements is rarely 

straightforward. Brynjolfsson and Hitt (2000, p. 24) argue that information technology should not be 

understood as a traditional capital investment, but rather as a general-purpose technology whose 

economic value extends well beyond what can be attributed to the technology itself. What makes this 

distinction important is that general purpose technologies generate their most significant returns not 

through direct application, but by enabling complementary innovations, including new business 

processes, organizational structures, and workforce skills. Studying large samples of firms throughout 

the late 1980s and early 1990s, Brynjolfsson and Hitt (2000, p. 25) found that firms investing heavily 

in information technology did not automatically become more productive. Rather, productivity gains 

materialized only when technology investment was paired with broader organizational transformation. 

A central finding in this line of research is that technology and organization must be implemented as a 

system rather than independently. Brynjolfsson and Hitt (2000, pp. 25–26) illustrate this through the 

case of MacroMed, a medical products manufacturer that invested substantially in 

computer-integrated manufacturing yet initially fell well short of its performance targets. The reason 

was that workers continued operating according to old habits and heuristics that were well suited to 

previous equipment but actively undermined the flexibility of the new system. The lesson drawn is 

that complementary organizational changes, including new decision rights, revised workflows, 

changes in skill requirements, and shifts in workplace culture, are not optional additions to technology 

investment but rather necessary conditions for realizing its value. When these elements are changed 

incrementally or incompletely, the result can be worse performance than before the investment, 

because the benefits of the new technology are outweighed by the friction it creates within an 

otherwise unchanged organization (Brynjolfsson & Hitt, 2000, p. 25-26). 
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This dynamic also helps explain why the productivity effects of new technologies tend to be larger 

when measured over time. Brynjolfsson and Hitt (2000, p. 33) show that when comparing one-year 

differences in information technology investment to one-year differences in firm productivity, the 

measured benefit is roughly equal to cost. However, when the same comparison is made over periods 

of five to seven years, the measured benefit rises by a factor of two to eight, depending on 

specification. The authors interpret this as evidence that short-term returns capture only the direct 

effects of the technology, while long-term returns reflect the gradual accumulation of complementary 

organizational capital that the technology makes possible but cannot by itself create. 

Brynjolfsson et al. (2017, p. 6) extend this argument into the contemporary context of artificial 

intelligence and offer a framework for understanding why transformative technologies so often 

disappoint in the short run. They identify four candidate explanations for what they call the modern 

productivity paradox, namely the coexistence of dramatic technological progress and sluggish 

measured productivity growth. These are false hopes, mismeasurement, concentrated distribution of 

gains, and implementation lags. While acknowledging that each explanation carries some weight, 

Brynjolfsson et al. (2017, p. 10) argue that implementation and restructuring lags are the most 

compelling account of the pattern observed in the data. Central to this argument is the concept of 

general purpose technologies, those that ultimately reshape entire economies tend to do so only after a 

lengthy period during which complementary investments, both tangible and intangible, are identified, 

developed, and put in place. 

Brynjolfsson et al. (2017, p. 11) argue that this dynamic is now unfolding with AI. The most capable 

AI systems, particularly those based on machine learning, have not yet diffused widely across firms 

and industries, and even where they have been adopted, the complementary process redesigns, 

workforce retraining, and organizational adjustments required to extract their full value are still in 

progress. Brynjolfsson et al. (2017, p. 30) introduce the concept of a measurement J-curve to describe 

the expected pattern. In the early phase of adopting a new general purpose technology, resources are 

consumed in building intangible capital that does not yet appear in output statistics, causing measured 

productivity to stagnate or decline. Only later, when the accumulated intangible capital begins 
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generating measurable returns, does productivity appear to accelerate, and even then the gains may be 

partly misattributed to total factor productivity rather than correctly credited to the prior investment. 

Taken together, these two studies point to a consistent conclusion. The implementation of 

transformative technologies in firms is not a discrete event but an extended process of co-invention, in 

which the technology and the organization must evolve together before either can realize its potential. 

For the purposes of this thesis, the framework developed by Brynjolfsson and Hitt (2000, 24-26) and 

Brynjolfsson et al. (2017, p. 10) provides a conceptually precise way of understanding what it means 

to implement artificial intelligence in a multinational service firm. If AI functions as a general purpose 

technology, then the relevant question is not simply whether a firm has adopted AI tools. The question 

whether it has undertaken the complementary organizational changes that allow those tools to 

generate value. In the context of Swedish multinational service firms this raises a further layer of 

complexity, since the organizational transformations required may need to be adapted to different 

institutional, cultural, and operational contexts across subsidiaries. The implementation lag argument 

also suggests that firms in an early phase of AI adoption may be investing heavily while seeing little 

measurable return, which has implications both for how managers interpret performance data and for 

how researchers study this process. 

Brynjolfsson and Mitchell (2017, p. 1530) characterise machine learning as a general purpose 

technology in the same tradition as electricity and the steam engine, one that does not automate 

discrete tasks but reshapes the conditions under which entire categories of work are performed. Their 

task-level analysis reveals that the effects of AI on firms and workforces are far from uniform within a 

single role. Some tasks are highly amenable to machine learning while others remain dependent on 

human judgement, contextual knowledge, and tacit understanding. This heterogeneity means that 

firms cannot implement AI by straightforwardly substituting technology for labour. Instead, success 

requires a deliberate redesign of how work is divided between human and machine. This is  a form of 

co-invention that closely mirrors what Brynjolfsson and Hitt (2000, pp. 25-26) identified as the key 

condition for realising the value of information technology more broadly. 
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Iansiti and Lakhani (2020, pp. 4–6) take this argument further by contending that AI fundamentally 

transforms the operating architecture of the firm. In AI-centric organisations, an increasing share of 

execution is delegated to algorithms, enabling firms to scale operations and improve continuously 

through learning, in ways that were previously constrained by the limits of human coordination. 

Critically, Iansiti and Lakhani (2020, p. 10) argue that this transformation cannot be achieved by 

inserting AI tools into existing structures. It requires firms to rethink their operating models, 

governance arrangements, and decision-making processes at a fundamental level. Rather than being 

an optional supplement to the complementary changes described by Brynjolfsson and Hitt (2000, pp. 

25-26), such organisational redesign becomes structurally unavoidable. 

Fountaine et al. (2019, p. 63) provide a grounded account of why AI initiatives so often fall short in 

practice. Drawing on extensive survey and consulting evidence, they find that the most significant 

barriers to scaling AI are not technical but organisational and cultural.Firms that successfully move AI 

beyond pilot projects tend to share three characteristics. First, they embed AI in core business 

processes rather than peripheral ones. Second, they treat data infrastructure as a strategic asset. Third, 

they develop internal capabilities, including data literacy, cross-functional collaboration, and adaptive 

decision-making, that allow the organisation to learn and adjust as AI evolves. Firms that neglect 

these foundations often find themselves investing heavily while seeing little measurable return for 

months or years, a pattern that maps directly onto the implementation lag and measurement J-curve 

described by Brynjolfsson et al. (2017, pp. 11, 30). 

Taken together, these perspectives reinforce the central argument running through this section. 

Whether approached through the economics of general purpose technologies, the transformation of 

operating models, or the practical barriers to organisational change, the conclusion is consistent. AI 

generates value as part of a broader system in which processes, people, and governance structures 

must evolve alongside it. For Swedish multinational service firms, this amplifies the challenge 

considerably, successful AI implementation requires not only the right technical inputs, but the 

organisational conditions across subsidiaries, functions, and institutional contexts that allow those 

inputs to generate lasting and measurable returns. 
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The argument developed in this section connects directly to the preceding theoretical layers. If value 

configurations determine where AI is expected to generate value within the firm, and the 

resource-based view explains what internal conditions shape the capacity to act on that potential, then 

Brynjolfsson and Hitt's (2000, pp, 26–27, 35) framework clarifies why those resources alone are 

insufficient. Realising the value of AI requires complementary organisational investments that go 

beyond what the firm already possesses, including new workflows, revised decision rights, and 

changed skill requirements. This is the kind of knowledge integration challenge that absorptive 

capacity, as conceptualised by Zahra and George (2002), is designed to explain. The question is not 

only whether a firm has the internal resources to adopt AI, but whether it has the organisational 

routines to convert external AI-related knowledge into embedded operational practice. Similarly, the 

implementation lag argument introduced by Brynjolfsson et al. (2017, pp. 22–24) reinforces the 

dynamic capabilities perspective, since the prolonged co-invention process they describe corresponds 

closely to what Teece (2007, pp. 1319-1220 ) calls reconfiguring, which refers to the continuous 

realignment of structures and routines as a new technology and its applications evolve together. 

2.2 Value Configurations as the Foundation for AI Implementation 

Understanding how firms create and deliver value is a cornerstone of strategic management, and it 

becomes particularly important when studying service firms operating across national borders. An 

analytical tool for thinking about value creation is Porter's (1985, pp.59-61) value chain, which 

models the firm as a sequence of activities that transform inputs into outputs. While this framework 

has proven to be very useful in manufacturing contexts, it rests on assumptions about sequential, 

long-linked production that sit uneasily with the realities of service delivery. Stabell and Fjeldstad 

(1998, pp. 413–414) argue that the value chain is only one of three generic value configuration 

models. They further argue that understanding firm-level value creation across a broad range of 

industries requires acknowledging fundamentally different logics of how value is produced and 

delivered. 
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Stabell and Fjeldstad (1998, pp. 413–414) identify three distinct value configurations, the value chain, 

the value shop, and the value network. Each corresponds to a different underlying technology and a 

different logic of value creation. The value chain, as Porter (1985, pp.59-61) conceived it, reflects a 

long-linked technology in which value is created by transforming inputs into standardized products 

through a fixed sequence of activities. The value shop, by contrast, reflects an intensive technology in 

which value is created by mobilizing resources and activities to resolve a particular and often unique 

customer problem. The value network reflects a mediating technology in which value is created by 

facilitating direct or indirect exchange relationships between customers who are or wish to be 

interdependent. 

For service firms the value shop configuration is particularly important. Stabell and Fjeldstad (1998, 

p. 423-424) describe five primary activity categories in the value shop. First,  problem finding and 

acquisition, which involves recording, reviewing, and formulating the client's problem.  Second, 

problem solving, which involves generating and evaluating alternative solutions. Third, choice, which 

involves selecting among those alternatives. Fourth, execution, which involves communicating and 

implementing the chosen solution.  Fifth, control and evaluation, which involves assessing the extent 

to which the implemented solution has resolved the initial problem. These activities are not carried out 

in a strict linear order. Instead, they follow a cyclical and iterative process, where the evaluation of a 

proposed solution can lead back to a renewed phase of problem identification. Resource allocation is 

adjusted flexibly to meet the unique needs of each client engagement, rather than adhering to a fixed 

production template (Stabell & Fjeldstad, 1998, p. 424). 

The value network configuration is equally relevant for many service firms, particularly those in 

financial services, telecommunications, and logistics. In a value network, the firm creates value by 

enabling exchange among a set of customers who are connected through the firm's infrastructure 

(Stabell & Fjeldstad, 1998, p. 430). The economics of value networks differ from those of value 

chains or shops. In a value chain, the value of the product is largely independent of the number of 

other customers. In a value network, by contrast, value for any individual customer depends in part on 

the number and quality of other customers in the network, a dynamic that is sometimes described as a 
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network externality. This makes the strategic logic of value networks distinctly different, with a 

premium placed on market coverage, network density, and the ability to manage the indirect 

relationships that connect customers through the firm's platform. 

What unites all three configurations, and what makes Stabell and Fjeldstad's framework useful as an 

analytical lens, is the insistence that value creation logic must be understood on its own terms rather 

than forced into the template of manufacturing-oriented thinking. Service firms do not primarily 

create value by producing standardized outputs at scale. They create value by solving problems, by 

building and managing relationships, and by enabling exchange. The activities, cost drivers, and 

strategic positioning options that are relevant to them follow from these different logics rather than 

from the sequential transformation of physical inputs (Stabell & Fjeldstad, 1998, pp. 413–414).  

Later research shows that Stabell and Fjeldstad’s framework is still useful for understanding service 

firms. Gottschalk (2006, pp. 1060–1062) argues that value configurations help explain how 

information systems support different types of organizations, and that the role of technology depends 

on whether a firm mainly operates as a value chain, a value shop, or a value network. He also 

describes knowledge intensive service firms as typical value shops because they create value through 

problem solving, expert knowledge, and close interaction with clients.  

This perspective is important for service firms because it shows that technology should be understood 

in relation to the firm’s dominant logic of value creation. Gottschalk (2006, pp. 1066–1068) explains 

that information systems improve efficiency in value chains, add value to knowledge work in value 

shops, and function as infrastructure in value networks. He further suggests that artificial intelligence, 

in the form of expert systems, may be especially relevant in value shops because it can help 

knowledge workers solve knowledge problems.  

Boonstra et al. (2011, pp. 199–201) develop this discussion further by showing that value 

configurations can also be used to analyse how technology should be aligned with strategy and 

organizational structure in service settings. In their study regarding telecare, they argue that Porter’s 

value chain is not sufficient on its own for understanding service organizations and therefore integrate 
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value configuration thinking into a broader strategic alignment framework. Their framework shows 

that different value configurations are associated with different requirements for business strategy, 

information systems strategy, business structure, and information systems structure.  

Another important point is that service organizations may include more than one value configuration 

at the same time. For instance, Boonstra et al. (2011, p. 212) note that a healthcare organization may 

need to develop different telecare applications for different client groups, and that a hospital can be 

understood as a solution shop while also containing service units that resemble a value chain. This 

suggests that value configurations should not always be treated as completely separate categories, but 

can also coexist within the same organization. 

For this thesis, the value configuration framework provides an essential starting point for 

understanding what it means to implement artificial intelligence in a Swedish multinational service 

firm. The question of how AI is implemented cannot be separated from the question of what the firm 

actually does and how it creates value. A firm operating primarily as a value shop depends on the 

iterative, judgment-intensive resolution of client problems. It will face a fundamentally different set of 

implementation challenges than one operating as a value network, where value depends on the scale 

and density of a customer infrastructure. AI has the capability to transform particular activity 

categories within the framework in both scenarios. This can involve automating aspects of problem 

identification, speeding up the process of generating solutions, or enhancing the management of 

network relationships. Consequently, identifying the configuration that most accurately represents the 

firms being analyzed is a critical prerequisite for comprehending how and where AI is being 

integrated into their global operations. 

2.3 A Resource-Based View of AI Implementation in Service Firms 

The value configuration framework explains how firms create value, but it does not explain why some 

firms are better at implementing AI within their configuration than others. To understand this, it is 

necessary to look at the internal resources and capabilities that firms possess. The Resource-Based 
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View provides this perspective by arguing that sustained competitive advantage stems from a 

company's internal resources.  

 

In "Firm Resources and Sustained Competitive Advantage," Barney (1991) laid the theoretical 

foundation for what became known as the resource-based view (RBV) of the firm. At its core, the 

theory proposes that firms perform differently from one another because they control different internal 

resources, and crucially, that these differences tend to persist over time rather than being quickly 

eroded by competition (Barney, 1991, p. 101). Barney's definition of what counts as a resource in this 

framework spreads broad. “Firm resources include all assets, capabilities, organizational processes, 

firm attributes, information, knowledge, etc” (Barney, 1991,p. 101). He proceeds with sorting the firm 

resources into three categories, which are  physical capital, human capital, and organizational capital 

resources (Barney, 1991, p. 101). 

A key conceptual distinction in the theory is between a competitive advantage and one that is truly 

sustained. Having an edge over rivals is one thing, holding onto it when those rivals actively try to 

close the gap is another. According to Barney (1991,p. 102), a sustained competitive advantage exists 

only when duplication efforts by competitors have run their course and the advantage still remains. 

Whether a resource can support this kind of durable advantage depends on four properties it must 

simultaneously satisfy. It needs to be valuable, rare, imperfectly imitable, and non-substitutable 

(Barney, 1991,pp. 105–106). Value comes from a resource's ability to help a firm respond to 

opportunities or deflect threats in its environment (Barney, 1991,p. 106), while rarity matters because 

any resource widely available across competing firms will, by definition, level the playing field rather 

than tilt it in anyone's favor (Barney, 1991,p. 106). Imperfect imitability may stem from three sources, 

unique historical conditions that shaped how a firm acquired its resources, causal ambiguity 

surrounding the link between a resource and the advantage it generates, and social complexity that 

places the resource beyond systematic managerial engineering (Barney, 1991, p. 107–110). Finally, 

even a resource that is valuable, rare, and inimitable cannot sustain an advantage if strategically 

equivalent substitutes exist that are themselves neither rare nor inimitable (Barney, 1991,pp. 111–112). 
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While Barney's (1991) original article provides the core criteria for understanding how firm resources 

can generate sustained competitive advantage, later developments within resource-based theory 

(RBT) have sought to clarify how such advantages are formed and maintained over time. In particular, 

later research shifts the focus from the mere possession of valuable, rare, inimitable, and 

non-substitutable resources toward the processes through which these resources are acquired, 

developed, and deployed within firms (Barney et al., 2011, pp. 1306–1307). A key refinement 

concerns where resource differences between firms come from. Rather than simply assuming that 

firms have different resources, Barney et al. (2011, pp. 1306–1307) argue that these differences 

develop over time through a cumulative process, where firms tend to acquire and build new resources 

that connect to what they already have. Because of this, even small early differences between firms 

can grow larger over time, resulting in increasingly distinct resource profiles across competing firms. 

This logic reinforces Barney's (1991) argument regarding imperfect imitability, as competitors are not 

only challenged in replicating specific resources but also the unique historical conditions and 

accumulation processes through which they were formed (Barney's 1991, p. 107). Another important 

extension lies in the recognition that resources do not generate value independently of their use. 

Instead, value arises from how resources are structured, combined, and leveraged within the firm, 

highlighting the role of managerial action in shaping outcomes (Barney et al., 2011,pp. 1306–1307). 

This focus on processes adds another layer to the concept of causal ambiguity introduced by Barney 

(1991), as it suggests that the connection between resources and competitive advantage is often 

difficult to understand not only because of what the resources are, but also because of the unique and 

complex ways in which each firm puts them to use (Barney 1991,pp. 108–109). 

In addition, RBT has increasingly incorporated a micro-foundational perspective, focusing on how 

individual-level factors such as skills, cognition, and social interaction underpin firm-level resources 

and capabilities. Barney et al. (2011, pp. 1307–1309)highlight that heterogeneous human capital is a 

critical underlying mechanism for capabilities, embedded within organizational processes that are 

inherently difficult for competitors to observe and replicate. This further strengthens Barney's (1991) 

argument regarding inimitability, as it situates competitive advantage within deeply embedded 
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organizational processes rather than in discrete, transferable assets (Barney 1991, p. 110). Together, 

these developments build on the original RBV framework by showing that sustained competitive 

advantage is not just about what resources a firm has, but also about how those resources are built up, 

combined, and put into action over time. In this sense, later RBT research complements Barney's 

(1991) criteria by providing a more detailed account of the mechanisms that sustain resource-based 

advantages in practice (Barney, 1991, pp. 105–107), thereby offering a more dynamic understanding 

of how firms maintain performance differences over time. 

Empirically, RBV has been widely used to explain why firms in similar industries still perform 

differently, with internal resources rather than market position being the key differentiator. In 

technology contexts specifically, firms with stronger prior knowledge bases and more developed 

organizational routines consistently extract more value from new technologies than those without. 

This is because a new technology like AI does not create value on its own, but depends on how well it 

fits with the resources a firm already has, such as employee skills, data infrastructure, and established 

ways of working. The better these existing resources align with what the technology requires, the 

smoother and more effective the adoption process tends to be. 

Despite its influence, RBV has faced criticism. Kraaijenbrink et al. argue that two of the framework's 

core concepts, resource and value, remain too loosely defined to support rigorous empirical testing, 

which limits the theory's practical usefulness (Kraaijenbrink et al., 2010, pp. 349–350). The 

framework has also been criticized for being too static, focusing on what resources a firm has at a 

given point rather than explaining how they are built or renewed over time, a gap that dynamic 

capabilities theory later sought to address (Teece, 2007, p. 1320). 

Having established what RBV entails, we now turn to how we interpret and apply it in the context of 

this study. The framework is particularly relevant for examining AI implementation in Swedish 

multinational service firms, precisely because AI tools are becoming increasingly standardized and 

commercially accessible, for instance through products such as ChatGPT, Microsoft 365 Copilot etc. 

The technology itself is therefore unlikely to qualify as rare or inimitable under Barney's criteria. 
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Instead, what differentiates firms is not which AI tools they adopt, but how they apply them, and this 

capacity for application is embedded in the firm's existing internal resource base. This shifts the 

analytical focus from the technology to the organizational conditions that enable or constrain its 

effective use. 

This logic is particularly salient in service firms, which depend heavily on intangible resources such 

as employee expertise, established work routines, customer relationships, and accumulated 

organizational knowledge (Barney, 1991, p. 101). Because service delivery is inherently tied to these 

human and organizational capital resources, any implementation of AI will necessarily interact with 

them. In this study, RBV therefore serves as the lens through which we examine why firms differ in 

how they implement AI across their international operations. The expectation is that sustained 

advantages, where they arise, will trace back not to the AI itself but to the unique, socially complex, 

and historically conditioned resource configurations within each firm. 

2.4 Absorptive capacity 

The concept of absorptive capacity describes how well a firm is able to recognize the value of new 

external knowledge (e.g a new technology), take it on board, and put it to practical use. The main 

point about the concept is that it is about the role of prior knowledge, since a firm that is already 

familiar or has experience with a particular area will find it much easier to understand and benefit 

from new information within that same area. It is therefore not only about how much information a 

firm is exposed to, but rather about what it already knows. At the individual level, this reflects basic 

cognitive principles, namely that accumulated knowledge creates associative structures that make it 

easier to absorb and process related new information (Cohen & Levinthal, 1990, pp. 129-130). 

However, at the organizational level, the picture is more complex, as a firm's capacity to learn does 

not only depend on what individual employees know, but also on how knowledge is communicated 

and transferred between different parts of the organization (Cohen & Levinthal, 1990, pp. 131-132). 

How a firm is structured internally, including how expertise is distributed and how different functions 

work together, therefore shapes the collective ability to take in and make use of new knowledge. 
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Cohen and Levinthal (1990, p. 128) also point out that absorptive capacity largely develops as a 

byproduct of a firm's research and development activities, as R&D does not only generate new 

knowledge directly but also strengthens the firm's capacity to learn from external sources. This means 

that absorptive capacity tends to grow cumulatively and follow path-dependent patterns, where early 

investments in a knowledge area make it progressively easier to build further, while firms that fail to 

invest early risk being permanently locked out of important technological developments (Cohen & 

Levinthal, 1990, pp. 135-136). 

Zahra and George (2002, pp. 185-186) built on this and reconceptualized absorptive capacity as a 

dynamic organizational capability consisting of four dimensions that are interconnected but serve 

different functions. These four being knowledge acquisition, assimilation, transformation, and 

exploitation. These are in turn grouped into two broader components. Potential absorptive capacity, 

referred to as PACAP, covers acquisition and assimilation, meaning a firm's ability to identify and 

internalize relevant external knowledge. Realized absorptive capacity, referred to as RACAP, covers 

transformation and exploitation, which refers to the ability to combine assimilated knowledge with 

existing resources and convert it into concrete value Zahra and George (2002, pp. 188-190). 

Acquisition concerns the intensity, speed, and direction with which a firm seeks out and gathers 

external knowledge, while assimilation relates to the routines through which that knowledge is 

analyzed, interpreted, and understood. Transformation denotes the ability to combine newly acquired 

knowledge with what the firm already knows, which sometimes calls for entirely new interpretive 

frameworks, while exploitation refers to the routines through which transformed knowledge is 

embedded into operations to produce tangible outcomes. An important point is that a high PACAP 

does not automatically translate into better outcomes for a company. What matters is the degree to 

which potential capacity is actually converted into realized capacity, something Zahra and George 

(2002, p. 189-191) refer to as the efficiency factor. This factor varies across firms and is influenced by 

internal social integration mechanisms, which are the formal and informal processes through which 

knowledge is shared and mobilized within the organization (Zahra & George, 2002, pp. 194-195). 
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Empirically, absorptive capacity has been applied across a range of industries to explain why firms 

with similar access to external knowledge still end up with very different innovation outcomes. 

Kostopoulos et al. show that external knowledge only improves performance indirectly, through 

absorptive capacity, meaning that simply being exposed to new knowledge is not enough 

(Kostopoulos et al., 2011, pp. 1339-1341). In technology-intensive settings, this distinction has proven 

particularly useful for understanding why some firms successfully translate new technologies into 

operational improvements while others struggle to move beyond initial experimentation. 

That said, the concept is not without its weaknesses. Lane et al. argue that much of the research on 

absorptive capacity has become too rigid and repetitive, relying on a set of assumptions that are rarely 

questioned and that have limited the development of the concept over time (Lane et al., 2006, pp. 

833–834). They also point out that the construct is often used in ways that make it difficult to measure 

consistently across studies, which weakens its empirical value. A related concern is that the 

framework puts too much weight on prior knowledge as the starting point for learning, when firms 

can also build absorptive capacity through deliberate organizational choices rather than just 

accumulated experience (Lane et al., 2006, pp. 856–857). 

Our interpretation of this in relation to our research question is as follows. For Swedish multinational 

service firms implementing AI across their international operations, absorptive capacity provides a 

useful framework for understanding why some firms are more successful than others in adopting and 

benefiting from the technology. AI implementation generally requires firms to integrate externally 

sourced technical expertise with internal operational knowledge, and to translate data driven insights 

into practical decisions across geographically dispersed units. The ability to do this effectively, 

moving from initial awareness and acquisition of AI related knowledge through to its transformation 

and exploitation in local operational contexts, can be directly connected to the distinction between 

PACAP and RACAP, and how efficiently this transition takes place is likely to be a deciding factor in 

whether a firm genuinely manages to embed AI into its international operations. 
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2.5 Dynamic capabilities and the role of absorptive capacity in AI 

implementation 

Teece (2007, p. 1320) defines dynamic capabilities as the firm's ability to create, deploy, and protect 

intangible assets that support superior long-run performance. The framework divides these capabilities 

into three interrelated activities which are sensing, seizing, and reconfiguring (Teece, 2007, p. 1319). 

Sensing refers to the capacity to scan, identify, and shape emerging technological and market 

opportunities, drawing on both internal R&D processes and external sources such as suppliers, 

customers, and scientific developments (Teece, 2007, pp. 1322–1324). Seizing involves committing 

resources to a particular opportunity through investment decisions and the design of appropriate 

business models, requiring management to make timely and unbiased decisions under uncertainty 

(Teece, 2007, pp. 1326–1329). Reconfiguring, or managing threats and transformation, concerns the 

continuous realignment and recombination of the firm's tangible and intangible assets as markets and 

technologies evolve (Teece, 2007, pp. 1334–1335). Teece (2007, p. 1321) emphasises that these 

capabilities are difficult to develop and deploy. Importantly, the specific organisational processes, 

structures, and decision rules that underpin them must remain sufficiently tacit and complex to prevent 

easy imitation by competitors. 

The framework further stresses that sensing and seizing alone are insufficient, firms must also engage 

in continuous asset orchestration to maintain evolutionary fitness (Teece, 2007, p. 1335). This 

involves achieving decentralisation and near-decomposability within the organisation, managing 

co-specialisation between assets, and maintaining governance structures that support knowledge 

integration and protect intellectual property (Teece, 2007, pp. 1336–1339). 

Ellström et al. (2021) take Teece's framework a step further by showing what dynamic capabilities 

actually look like when a firm is going through a digital transformation. Instead of keeping the 

concepts at a theoretical level, they identify six routines that firms can recognise and work with in 

practice. Two of these relate to sensing. Beginning with looking beyond the firm's own industry for 

digital inspiration and new ideas, while the second is about honestly assessing the state of the firm's 
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own internal systems before rushing to find new ones (Ellström et al., 2021, pp. 277–278). This 

inside-out perspective is a useful addition to Teece's (2007) thinking, as it reminds firms that 

meaningful sensing has to happen both externally and internally. 

On the seizing side, Ellström et al. (2021, pp. 278–280) point to the need for a digital strategy that is 

regularly revisited rather than set in stone, alongside deliberate choices about which capabilities to 

develop in-house and which to outsource. In other words, capturing the value of a digital opportunity 

is rarely a single decisive moment but rather something that has to be actively managed over time. For 

reconfiguring, they argue that large digital transformation efforts become more manageable when 

broken into focused projects, and that building a shared digital infrastructure is what ultimately allows 

new ways of working to take hold across the organisation (Ellström et al., 2021, pp. 280–281). What 

makes this contribution particularly relevant here is that it moves dynamic capabilities from 

something firms aspire to toward something they can actually organise around, which is precisely the 

kind of grounding needed when examining how firms approach the implementation of AI. In practice, 

this means that instead of asking whether a firm has the right capabilities, it becomes possible to ask 

which specific routines are in place, how well they function, and where gaps exist. When studying AI 

implementation, this level of detail matters because it allows for a more concrete analysis of what 

firms are actually doing, rather than just describing them as more or less capable in abstract terms. 

Moving on to interpreting this framework in the context of AI implementation, the adoption of 

artificial intelligence in service firms is not merely a question of technological availability but one of 

organisational capability. A firm must first possess the sensing capacity to identify where and how AI 

can be meaningfully applied across its operations. It must then seize those opportunities through 

deliberate investment choices and the redesign of business processes, while continuously 

reconfiguring its competences and routines as AI technologies and their applications evolve. When 

applied to Swedish multinational service firms operating across geographically dispersed units and 

diverse institutional contexts, the framework implies that AI initiatives cannot be managed as isolated 

technology deployments. Instead, they require coordinated sensing across markets, alignment of 
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resources and processes at the organisational level, and governance mechanisms capable of integrating 

knowledge flows across borders. 

Swedish multinational service firms represent a particularly demanding context for this framework. 

As service MNEs, their core assets, namely knowledge, relationships, and routines, are 

people-embedded and locally enacted rather than easily standardized or transferred across borders. 

Kogut and Zander (1993, p. 625) argue that the multinational firm is best understood as a social 

community whose primary advantage lies in its superior efficiency at creating and transferring 

knowledge across borders. Crucially, they demonstrate that the less codifiable and teachable that 

knowledge is, the more likely it will be transferred through internal organizational channels rather 

than to external parties (Kogut & Zander, 1993, p. 635). For service firms operating across 

geographically dispersed units and diverse institutional contexts, this means that the capabilities 

underlying service delivery, being largely tacit and embedded in people and routines, cannot simply 

be directed from the centre but must be cultivated locally while remaining aligned with broader 

organizational goals. When applied to this context, the framework implies that AI initiatives cannot be 

managed as isolated technology deployments. Instead, they require coordinated sensing across 

markets, alignment of resources and processes at the organisational level, and governance 

mechanisms capable of integrating knowledge flows across borders. 

2.6 Is AI different from previous technologies? 

Artificial intelligence can be analysed within the broader literature on digital technology adoption, but 

several characteristics suggest that it differs from earlier technologies in ways that matter for how 

organisations implement it. 

A first distinguishing feature concerns how broadly AI can be applied. Cockburn et al. (2018, p. 2) 

argue that AI, and deep learning in particular, is not just a general-purpose technology (GPT). They 

suggest it may be a "general-purpose method of invention." This means AI has the potential to change 

how innovation itself works. Rather than improving efficiency in one area, it can reshape the 
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innovation process across many different sectors. They draw on the concept of "invention of a method 

of invention" (Cockburn et al. 2018, p. 2) to suggest that, as with the invention of optical lenses or 

hybrid corn, AI may alter the very playbook by which new knowledge and products are created 

(Cockburn et al., 2018, pp. 6–7). Empirical evidence from their analysis shows a sharp increase in 

application-oriented, learning-based AI publications across fields such as medicine, biology, and 

economics after 2009, which is consistent with the hypothesis that deep learning is being adopted as a 

general research tool beyond its origins in computer science (Cockburn et al., 2018, pp. 20–22). 

Agrawal et al. (2018, p. 2) characterize machine learning (ML) as a prediction technology that uses 

available information to generate knowledge about otherwise unknown states, rather than establishing 

causal relationships or following explicit logical rules. They proceed to frame AI's core economic 

contribution as a dramatic reduction in the cost of prediction, understood as the use of available 

information to generate knowledge about unknown states. Because machine learning systems learn 

from data rather than following fixed rules, their performance depends heavily on the availability, 

quality, and relevance of the data they are trained on (Cockburn et al., 2018, p. 4). 

A third feature concerns the organisational demands of AI deployment. Benbya et al. (2020) note that 

while many organisations have initiated AI pilots, moving from experimentation to production 

deployment is far more resource-intensive and organisationally demanding than the pilot phase alone. 

Surveys cited in their work indicate that in sectors such as financial services and life sciences, fewer 

than 15% of firms with active AI investments had deployed AI capabilities at scale (Benbya et al., 

2020, p. 6). Deployment requires integrating AI systems with existing technology infrastructure, 

redesigning business processes, managing organisational change, and building new technical 

capabilities. These are challenges that are often underestimated and help explain why many AI 

investments yield limited returns (Benbya et al., 2020, pp. 5–6). 

A fourth dimension concerns AI's effect on decision-making. Rather than replacing entire jobs, many 

AI applications expand human judgment by improving the quality of predictions that feed into 

decisions. As Agrawal et al. (2018, pp. 1–2) show, when the cost of prediction falls, the relative value 
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of human judgment changes in nuanced ways, particularly regarding skills such as problem framing, 

interpretation, and the identification of hidden costs. Better prediction does not uniformly increase the 

value of all human judgment. Instead, it shifts which types of judgment remain valuable, requiring 

workers and organisations to develop new competencies accordingly (Agrawal et al., 2018, pp. 5–6). 

This task-level perspective on automation finds important theoretical grounding in Autor's (2015) 

distinction between routine and non-routine work. Autor argues that computers and automated 

systems excel at substituting for tasks that are explicit and codifiable, what he terms routine tasks, 

while they continue to struggle with tasks that require flexibility, judgment, and tacit knowledge 

(Autor, 2015, pp. 10-11). Crucially, however, Autor cautions against reading this as a straightforward 

story of substitution. Drawing on the concept of complementarity, he demonstrates that automating 

one set of tasks within a job frequently raises the economic value of the remaining human tasks, 

because improvements in one link of a production process increase the value of all other links (Autor, 

2015, pp. 5-6). Applied to AI specifically, this means that as AI systems absorb predictive and 

data-processing tasks. The comparative value of distinctly human contributions such as contextual 

reasoning, ethical judgment, interpersonal communication, and creative problem-solving is likely to 

increase rather than diminish. For organisations implementing AI across international operations, this 

has concrete implications, the question is not simply which tasks AI can perform, but how job roles 

must be redesigned so that human workers are positioned to supply the non-routine judgment that AI 

cannot replicate and that complementarity makes it more valuable. 

Taken together, these characteristics suggest that AI is not simply an incremental continuation of 

previous waves of digital technology. Its breadth of application, its dependence on data, the 

organisational complexity of its deployment, and its nuanced relationship with human judgment all 

distinguish it from earlier automation technologies. For this study, this means that implementing AI 

across international operations cannot be understood purely as a technical diffusion process. Rather, it 

requires attention to how firms build organisational capacity in areas such as data management, 

process redesign, talent development, and governance as they scale AI use across different national 

and institutional contexts. It also means that the question is not simply which tasks AI can perform, 
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but how job roles must be redesigned so that human workers are positioned to supply the non-routine 

judgment that AI cannot replicate and that complementarity makes it more valuable (Autor, 2015, pp. 

5–6). The firms in our study are therefore likely still in an early and exploratory phase, where the 

boundaries between piloting and production deployment, and between human and machine roles, 

remain unsettled. 

2.7 Building the theoretical framework  

The four bodies of literature reviewed in this chapter are not intended to function as separate 

analytical lenses applied in turn to the empirical material. Together, they form a single layered 

framework designed to answer the three research questions guiding this study, why Swedish 

multinational service firms differ in how far AI penetrates their operations despite similar access to AI 

technology, what mechanisms determine whether AI knowledge converts from initiation to embedded 

practice across international operations, and how value shop firms manage the human-AI boundary 

across international operations. The framework does not claim to capture every factor that could 

influence AI implementation. It is better understood as a stylised view of the factors most likely to 

shape implementation outcomes in multinational service firms, one that builds its explanatory logic 

step by step, with each concept addressing a limitation left open by the one before it. 

The starting point is the question of what the firm actually does and how it creates value. This is not a 

peripheral consideration but a precondition for everything that follows. Value configurations (Stabell 

& Fjeldstad, 1998, pp. 413–414) provide the analytical language for this. A firm operating primarily 

as a value shop, where value is created through the iterative, judgment-intensive resolution of client 

problems, faces fundamentally different AI implementation pressures than one operating as a value 

network, where value depends on the scale and connectivity of a customer platform. For Swedish 

multinational service firms, this distinction carries a specifically multinational implication.  The 

activities most amenable to AI integration are also those most amenable to cross-border 

standardization, while the judgment-intensive core of value shop work resists both AI penetration and 

international transfer simultaneously. Value configurations therefore do not merely describe what the 
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firm does. They determine which parts of the international operation are reachable by AI, and which 

are not. This is the first and most structurally important factor shaping AI implementation in 

multinational service firms. 

Once the value creation logic is established, the question becomes why firms operating under the 

same value configuration still differ in their capacity to act on AI opportunities. The resource-based 

view (Barney, 1991, p. 101) addresses this. Firms differ in their internal stocks of human capital, 

organizational routines, accumulated knowledge, and prior technological experience, and these 

differences are not easily erased, because they develop through path-dependent processes that 

competitors cannot readily replicate. In a multinational service firm, this resource heterogeneity 

operates at multiple levels simultaneously. The home-country headquarters may have accumulated 

AI-relevant capabilities that subsidiaries have not, and the internal resource base of each national unit 

shapes what AI can realistically be initiated and embedded there. The RBV thus identifies the second 

key factor, the internal resource conditions that either enable or constrain the capacity to act on AI 

opportunities across the firm's international operations. 

Possessing relevant resources is, however, a necessary but not sufficient condition. Even a 

resource-rich firm may fail to convert AI-related knowledge into operational practice if it lacks the 

organizational routines to absorb and integrate that knowledge effectively. Absorptive capacity 

(Cohen & Levinthal, 1990, pp. 128–130; Zahra & George, 2002, pp. 188–190) explains this 

conversion process. The distinction between potential absorptive capacity, the ability to recognize and 

acquire AI-related knowledge, and realized absorptive capacity, the ability to transform and exploit 

that knowledge in practice, maps directly onto one of the central implementation challenges this study 

investigates. In a multinational context, this challenge is compounded, AI knowledge acquired at 

headquarters must travel across organizational boundaries to geographically dispersed units. Each 

with different prior knowledge bases, different social integration mechanisms, and different 

institutional environments that shape how effectively the conversion from potential to realized 

capacity can occur. Absorptive capacity is therefore the third key factor, and it is the mechanism 
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through which resource conditions translate, or fail to translate, into embedded AI practice across the 

international network. 

Finally, the implementation of AI is not a discrete event but an ongoing organizational process. Firms 

must sense where AI can be meaningfully applied, seize those opportunities through deliberate 

resource commitments, and continuously reconfigure their structures and routines as the technology 

and its institutional environment evolve (Teece, 2007, p. 1319). For Swedish multinational service 

firms, this reconfiguring challenge is particularly demanding. AI initiatives cannot be managed as 

isolated technology deployments but require coordinated adaptation across markets, functions, and 

institutional contexts simultaneously. The dynamic capabilities framework thus identifies the fourth 

key factor, the organizational capacity for sustained adaptation, and connects the framework to the 

temporal dimension of AI implementation. The prolonged co-invention process described by 

Brynjolfsson et al. (2017, pp. 11, 30), in which technology and organization must evolve together 

before meaningful returns materialize, is precisely what Teece's (2007, pp. 1334–1335) reconfiguring 

capability is designed to govern. 

Taken in sequence, the four concepts describe a chain of factors that together determine how AI 

implementation unfolds in multinational service firms. The value configuration establishes where AI 

can enter the firm. The resource base determines whether the firm has the capacity to act. Absorptive 

capacity determines whether AI-related knowledge is converted into practice. Dynamic capabilities 

determine whether the resulting organizational learning leads to sustained adaptation across the full 

international network. It is the relationships between these factors, rather than any one of them in 

isolation, that give the framework its analytical force. 
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Figure 1: Theoretical framework. Conceptual model. 
 

The empirical analysis in Chapter 5 follows this chain directly. Before any capability-oriented 

explanation can be offered for why firms differ in how they implement AI, it is necessary to establish 

the value configuration logic each firm operates under. The analysis then moves through resource 

conditions, absorptive capacity, and dynamic capabilities to explain implementation patterns across 

each firm's domestic and international operations. Differences in AI implementation outcomes are 

unlikely to be explained by technology access alone. They trace back through this chain to the 

organizational and multinational conditions that govern whether AI can be initiated, converted into 

practice, and sustained across geographically dispersed operations under diverse institutional contexts. 
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3.​Methodology 

3.1 Research method 

The thesis adopts a mixed-methods research strategy with a complementary relationship between 

quantitative and qualitative approaches. The research design can therefore be described as a 

multiple-case study informed by descriptive quantitative analysis. A mixed-methods approach offers 

several advantages for this type of study. The goal of mixed methods research is not to replace either 

quantitative or qualitative approaches but rather to draw from the strengths and minimise the 

weaknesses of both within a single study (Johnson & Onwuegbuzie, 2004, p. 14). By combining 

quantitative and qualitative data, it becomes possible to capture both the broader patterns of AI 

adoption across Swedish service firms and the deeper organisational processes that explain how and 

why implementation takes different forms across firms. The quantitative data provides breadth and 

statistical context, while the qualitative interviews provide depth and analytical richness that neither 

approach could achieve alone.  

However, mixed-methods research also carries certain limitations. A thorough understanding of the 

strengths and weaknesses of each approach is a necessary precondition for combining them 

effectively.  Doing so requires considerable methodological skill and represents a more 

resource-intensive undertaking than relying on a single method (Johnson & Onwuegbuzie, 2004, p. 

21). Furthermore, the qualitative component is based on a limited number of cases, which means that 

the findings cannot be generalised statistically beyond the firms studied. The quantitative component 

serves a contextual and descriptive purpose by identifying general patterns of AI adoption in Swedish 

service firms, while the qualitative component constitutes the primary analytical contribution through 

semi-structured interviews with representatives from Swedish multinational service firms. Together, 

these two components are designed to provide both breadth and depth in addressing the research 

question. 
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3.1.2 The choice of an abductive approach 

We chose an abductive approach because theory and empirical data are developed together during the 

research process. The theoretical framework on AI implementation in international service firms 

guided the interview questions and the initial coding. At the same time, the empirical findings helped 

us better understand and sometimes adjust how we used the theory. This means that we moved back 

and forth between theory and data instead of strictly following one direction. In this way, the study 

does not only describe AI initiatives, but connects firm level experiences to existing research on 

implementation and organisational capabilities (Patel & Davidson, 2019, pp. 26-27). 

An abductive approach is suitable because AI implementation in service firms MNEs is complex and 

can look different depending on the firm’s size, resources and structure. The interviews were 

exploratory, which means we needed to stay open to new and unexpected insights. The abductive 

approach made it possible to refine our understanding during the process. As a result, the analysis 

goes beyond describing AI use and instead explains how organisational conditions influence how AI 

is implemented in practice (Patel & Davidson, 2019, pp. 26-27). 

 

Table 1: Overview of interview respondents by speaker and company affiliation. 
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3.2 Data collection 

Data collection is structured around two complementary data sources. The quantitative data consist of 

secondary data from Statistics Sweden (SCB) while the qualitative data consist of primary sources 

from interviews conducted with companies within the field. 

3.2.1 Quantitative secondary data (SCB) 

The quantitative dataset consists of official statistics from Statistics Sweden (SCB) on AI use in 

Swedish companies. SCB is a government authority and the primary source of official statistics in 

Sweden, which makes its data a reliable and credible foundation for contextual analysis. These 

surveys provide information on the use of AI across industries, firm sizes, and functional areas. More 

particularly, this thesis focuses on data relevant to service firms as these categories are the most 

representative of the types of multinational corporations examined in the qualitative component. 

The SCB data serves three descriptive purposes in this study. It is used to assess the overall rate of AI 

adoption among Swedish service firms, to identify differences related to firm size and number of 

employees, and to provide a statistical context that situates the qualitative case findings within a 

broader national picture. By establishing what patterns exist at the aggregate level, the quantitative 

data enables a form of contextual triangulation, where the general trends observed in the statistics can 

be compared with the specific experiences reported by the firms interviewed (Johnson & 

Onwuegbuzie, 2004, p. 21-22). The SCB data is just used as a descriptive foundation rather than for 

causal inference or hypothesis testing 

3.2.2 Qualitative primary data (company interviews) 

The qualitative dataset consists of semi-structured interviews with representatives from 

Swedish-headquartered multinational service firms (table 1). The companies were selected through 

purposive sampling, where firms were included if they were Swedish-headquartered multinational 

service enterprises that had initiated or implemented AI solutions in their operational processes and 
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were willing to participate in an interview. To further enhance analytical richness and comparability, 

firms from different service contexts were sought, since the implementation and effect of AI can differ 

across service environments. By studying several companies it becomes possible to compare cases 

and identify patterns in how AI is implemented across different organisational settings (Patel & 

Davidson, 2019, pp. 104-105, 141).  

The qualitative component constitutes the primary analytical contribution of this thesis. 

Semi-structured interviews were conducted with employees from different companies to understand 

how AI is implemented in daily operations. Semi-structured interviews combine a predefined set of 

guiding questions with flexibility for follow-up and probing, allowing the researcher to explore 

emerging themes in greater depth while maintaining comparability across interviews (Patel & 

Davidson, 2019, pp.105). An interview guide was developed based on the theoretical framework, 

ensuring that each interview addresses value creation, resource conditions, and organisational 

capabilities related to AI implementation. Interviewees were selected based on their knowledge of 

AI-related initiatives, digitalisation, or process improvement within their respective firms. 

All six interviews were conducted online via Microsoft Teams. This format was chosen to 

accommodate the geographical distribution of respondents and to ensure accessibility across firms 

operating in different locations. Each interview was conducted individually, with one respondent per 

session, with the exception of Company A where two respondents participated jointly. The interviews 

lasted between approximately 30 and 60 minutes and were conducted in either Swedish or English 

depending on the respondent's preference. All interviews were recorded with the informed consent of 

participants and subsequently transcribed in full to ensure accuracy and traceability in the analysis. 

3.3. Data analysis  

The analysis was carried out in two distinct but complementary stages, each serving a different 

analytical purpose. The quantitative SCB data establishes a macro-level descriptive foundation, while 

the qualitative interview data constitutes the primary analytical contribution.Together, the two stages 
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address why Swedish multinational service firms differ in AI penetration, what mechanisms govern 

the conversion of AI knowledge from initiation to embedded practice, and how value shop firms 

navigate the human-AI boundary across international operations. 

3.3.1 The role of the quantitative component 

The SCB data are used descriptively rather than for causal inference or hypothesis testing. They serve 

three purposes in the study, to document the overall trajectory of AI adoption among Swedish firms 

between 2021 and 2025. To identify how firm size affects the intensity of adoption, and to map which 

functional areas account for the majority of AI use. By establishing these patterns at the aggregate 

level, the quantitative data allows the study to place the experiences reported in the interviews within 

a broader national context. This functions as a form of contextual triangulation rather than as a basis 

for explanatory claims (Johnson & Onwuegbuzie, 2004, pp. 21–22). 

3.3.2 Thematisation of the qualitative material 

The interview material was organized around four empirical themes that correspond directly to the 

research questions guiding the study. These are the perceived necessity of AI adoption, the initiation 

and governance of AI implementation, the impact on daily work routines and operational efficiency, 

and variation in AI adoption across international and distributed offices. These themes structured both 

the interview guide and the subsequent presentation of findings in Chapter 4, ensuring that the 

empirical material speaks directly and consistently to the research questions. 

The theoretical framework developed in Chapter 2 shaped what dimensions of each theme were 

considered worth exploring during the interviews. Value configurations directed attention toward 

which activity categories AI is expected to support within each firm. The resource-based view raised 

questions about which internal conditions, such as human capital, accumulated routines, and 

organizational knowledge, shape a firm's capacity to act on AI opportunities. Absorptive capacity 

pointed toward whether firms are able to identify, internalize, and put AI-related knowledge to 

practical use across their international units. Dynamic capabilities drew attention to how firms sense 
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opportunities, commit resources, and reconfigure their structures and routines as AI evolves. These 

theoretical lenses therefore informed the conversations without predetermining their content. The 

constructs themselves enter more explicitly in Chapter 5, where they provide the interpretive language 

through which the empirical patterns are analyzed and explained. 

3.3.3 Analytical procedure 

Six interviews were conducted across five firms and transcribed in full, with two respondents 

contributing from Company A and one each from Companies B, C, D, and E. The transcripts were 

then coded in two passes. In the first pass, passages were tagged according to which of the four 

empirical themes they most directly addressed. In the second pass, the coded material was reorganized 

across cases to surface patterns and contrasts within each theme. Presenting the findings thematically 

rather than firm by firm made it possible to draw direct comparisons across cases. The analysis in 

Chapter 5 then brings the theoretical framework back in, reconnecting the empirical findings to the 

conceptual chain established in section 2.7 and completing the link between what was collected, how 

it was interpreted, and what conclusions can be drawn. 

3.3.4 Analytical structure based on the theoretical framework 

The analysis presented in Chapter 5 is structured according to the conceptual model developed in 

Figure 1 (Theoretical Framework) rather than following the sequential order of the research questions. 

This decision was made deliberately to achieve greater theoretical and academic grounding in the 

analysis. The conceptual model integrates four theoretical lenses, value configurations, the 

resource-based view, absorptive capacity, and dynamic capabilities, into a coherent analytical chain 

that reflects how these dimensions interact in practice. 

By organizing the analysis around this framework, it becomes possible to reason across theory and 

empirical findings simultaneously, rather than treating each research question in isolation. The 

research questions are therefore addressed cumulatively throughout the analysis, as the theoretical 

constructs naturally encompass the dimensions each question targets. 
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3.4 Trustworthiness 

The study involves human participants through interviews, which requires careful ethical 

consideration. The following sections will discuss how the four concepts of trustworthiness are being 

followed (Lind, 2019, pp. 166-168). 

3.4.1.1. Credibility 

The criteria for credibility focuses on the extent to which the findings of a study are accurate and 

truthful. Qualitative research is often shaped by individual experience and subjectiveness rather than 

objective truth. It is important to establish credibility by demonstrating that the findings truthfully 

reflect the respondents' experiences, perspectives, and social realities (Bryman et al., 2022, p. 370). 

This connects to the requirement that research be conducted in a competent and responsible way and 

that results are presented in a truthful and well-founded way (Swedish Research Council, 2024, p. 12). 

By using semi-structured interviews and respondent validation we can ensure collection of meaningful 

data and confirm accuracy. 

3.4.1.2 Transferability  

Transferability refers to the level to which the findings from the interviews are applicable and 

transferable to other contexts (Bryman et al., 2022, pp. 369-370). One typical thing for qualitative 

research is in-depth studies of an individual or a small group. The contextual conditions such as 

cultural, environmental and social elements need to be made visible so others can judge the relevance 

of the findings (Swedish Research Council, 2024, p. 12). In this study, transferability was 

strengthened by clearly describing the participating companies, their industry settings, the types of AI 

initiatives they were working with and the organisational conditions shaping implementation. 

3.4.1.3. Dependability 

Dependability refers to the consistency, stability, and reliability of the findings, implying that data 

collection procedures must be systematic and accurate. (Bryman et al., 2022, pp. 370–371). This 

43 



 

reflects the requirement that research materials be kept in good order and that the research be 

documented in a well-considered and responsible way so it can be reviewed (Swedish Research 

Council, 2024, p. 12). To ensure this, all phases of the research are explained and kept thoroughly 

through the thesis. To ensure dependability and traceability during the collection of primary data all 

interviews were recorded and transcribed. 

3.4.1.4. Confirmability  

Confirmability has been ensured by avoiding leading questions during the interviews. As a result, 

respondents were given the opportunity to express their views freely, without the researchers having 

the possibility to influence their answers  (Bryman et al., 2022, p. 369). This approach reflects the 

principle of honesty, which requires research to be undertaken, reviewed, reported, and communicated 

in a transparent, fair, and unbiased way (Swedish Research Council, 2024, p. 11). 

3.5 Ethical considerations 

Since the study involves human participants several ethical considerations were taken into account 

(Swedish Research Council, 2024, p. 58). Before each interview, participants were informed about the 

purpose of the study and how the data would be used, in line with the requirement that consent be 

informed (Swedish Research Council, 2024, p. 64). Participation was voluntary and respondents were 

made aware that they could withdraw at any time without consequence. To protect the privacy of 

participants, all interview data has been handled confidentially. Recorded material and transcripts 

were only accessed by the researchers and will not be shared with third parties, in line with the 

principles for processing of personal data (Swedish Research Council, 2024, p. 67). 
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4.​Empirical Data 

4.1 Secondary Data 

The first three parts of our empirical framework is based on secondary data from Statistics Sweden’s 

(SCB) report “AI-användning i företag 2025”, derived from their annual survey IT-användning i 

företag. The survey is limited to firms with ten or more employees across most industries in Sweden. 

The aim of the survey is to provide insight into AI adoption, firm size effects, and functional areas of 

AI use (SCB, 2025). While the data set does not clearly identify multinational enterprises (MNEs) 

bigger firms, especially service firms-are more prone to be multinational. For this reason, institutional 

size will be accepted as a proxy of A.I. practices in Swedish service  MNEs, a procedure widely used 

in the field of empirical studies on MNEs. 

4.1.1 AI Use in Swedish Service Firms 

From a more general view, the use of AI among Swedish firms has grown tremendously over the last 

decade. In 2025, 35.0% of firms with at least ten employees stated that they used at least one AI 

technology (Table 2). This is far greater compared to the beginning of the decade.  Among service 

firms in  SNI J:58-63 (Information and communication), 87.9% of firms stated that they used AI, 

which falls well over the total average of 43.8% (Figure 3). This shows that service firms are well in 

front of more traditional industries such as the manufacturing industry etc. 
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Figure 2: The share of Swedish firms using some form of AI technology, 2021–2025. Percent. (SCB 2025, p. 3) 

The SCB-survey reveals the development of AI use during the years of 2021-2025, where the 

percentage of firms using AI among firms with at least ten employees has risen from about 10 to 35 

percent (Table 2). As we mentioned earlier, the most put to use AI industry is the information and 

communication sector (SNI J:58-63), where 87.9% were using AI in 2025, in contradiction with the 

manufacturing (SNI C:10-33) where only 33% of the firms stated so. These dissimilarities display the 

large sector by sector differences in digitization throughout the economy and illustrate differences in 

the task-structures, digital maturity and uses for AI technologies over all industry branches (Figure 3). 

 

Figure 3: Share of firms using some form of AI technology, 2024–2025. Percent (SCB, 2025, p. 4) 
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4.1.2 Impact of Firm Size on AI Use 

The survey shows that firm size plays a decisive role in AI adoption and intensity of use. In 2025, 

71.9% of large firms (250+ employees) used AI while only 49.6% of medium-sized companies and 

30.7% of small firms (Table 2). This is especially relevant to our study since most Swedish MNEs in 

service sectors are large organizations with complex organizational structures and international 

activities. 

 

Table 2: Firms using some form of AI technology, 2021–2025. Share of firms by size class. (Percent Shares) 
(SCB 2025, p. 4) 

The use of AI by large firms is also more often multi-dimensional, more than half of large firms 

reported using AI within two or more unique functions, and 23.7% of them using it for three or more 

functions (SCB, 2025, p, 7). Within a service MNE context, this multidimensionality of AI 

applications points to efficiency applications not being isolated but flowing into wide-ranging 

productivity improvements in output, administration and innovation activities. 

4.1.3 Use of AI in certain processes across all industries 

If we take a closer look at the different processes where AI use is most common. The most common 

use is Marketing and Sales (41.7%) and Corporate Administrative Processes and Management 

(35.0%) (Table 3). 
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Table 3: Purposes of AI Adoption Among Companies 2023–2025 (Percent Shares) (SCB 2025, p. 7) 

 

The use of AI in Logistics is still low (5.7%) and service MNEs are less prone to the usage of AI in 

logistics-related functions than manufacturing MNEs, for example, optimizing inventories or 

managing links across the supply chains (Table 3). Furthermore, AI usage in R&D / Innovation 

Activities (21.6%) is also on the rise which can be a significant key to the innovation-driven service 

enhancement essential to manufacturing MNEs in global markets. Collectively, the data imply that 

Swedish service entities, especially large multinationals (table 2), use AI in the main to develop high 

tech applications in terms of making processes faster and better in terms of running and controlling 

the firm and in terms of service-related endeavors. As can be seen in Table 3, the use of AI has 

increased across most categories between 2024 and 2025, with the most notable growth in Production 

and Service Processes  and Corporate Administrative Processes and Management, suggesting that 

firms are gradually embedding AI deeper into their core business functions. 

 

48 



 

4.2 Empirical Findings from Interviews 

4.2.1 The Perceived Necessity of AI Adoption 

Across all five organizations, AI adoption was described as an organizational imperative rather than a 

discretionary choice, though the degree of urgency and the framing of that necessity differed 

meaningfully between the firms. 

At Company A, Speaker 2 articulated a particularly strong sense of urgency, positioning AI 

integration as a precondition for professional survival within the organization: 

"If you do not adapt to using AI, you have nothing left to do at the company. It is 

absolutely necessary to use AI in order to keep up with the development of the 

process." 

This framing reflects a broader organizational narrative in which AI is understood not merely as a 

productivity tool but as a structural shift in how work is defined and distributed. Speaker 1 at 

Company A, added a generational dimension to this picture, observing a notable divide in AI adoption 

attitudes between younger and older employees. Younger employees were described as significantly 

more inclined to embrace AI as a natural part of their work, while most older colleagues displayed 

greater resistance or hesitancy. 

At Company B, the framing was somewhat more ambivalent, reflecting the particular sensitivities of a 

highly service-driven workforce. Speaker 3 described a divided employee landscape in which some 

colleagues perceived AI as threatening their core function, while others saw it as an opportunity to 

reduce low-value workload: 

"There are those who think it is somewhat frightening and that it threatens our tasks, 

that we will be sitting unemployed in a few years, while others see it in a way that 

means we will have less unnecessary traffic contacting us, so that the simpler matters 

resolve themselves before people feel the need to call us." 
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Despite this internal division, Speaker 3 estimated that the majority of colleagues ultimately viewed 

AI as beneficial, anticipating that it would make both the firm and individual roles more effective and 

capable. 

At Company C, the perceived necessity of AI adoption was articulated primarily through the lens of 

automation potential and competitive urgency. Speaker 4, who serves as Head of Operations, 

described AI as the "final puzzle piece" needed to make end-to-end automation viable, particularly in 

areas such as customer service and loan processing. The framing here was less about existential 

workforce anxiety and more about operational opportunity, identifying where AI could eliminate 

manual steps in complex business processes. Speaker 4 also acknowledged Sweden's comparatively 

laggard position in the broader AI race, suggesting that the sense of necessity was partly driven by 

awareness of falling behind international peers. 

At Company D, the framing of AI necessity was comparatively measured and grounded in practical 

utility rather than competitive anxiety. Speaker 5 described AI use as a facilitating tool rather than a 

transformative imperative, noting that its implementation had freed up administrative capacity without 

fundamentally threatening existing roles. This more pragmatic orientation may reflect both the nature 

of the work, characterized by detailed financial and contractual administration, and the relatively 

narrow scope of AI deployment thus far, concentrated primarily in invoice handling. Speaker 5 

expressed no personal concern about AI displacing their role, characterizing AI as complementary to 

human judgment rather than competitive with it, particularly in contexts requiring client interaction. 

At Company E, AI adoption was driven by the complexity of operating across many different markets 

and the need to stand out from competitors. Speaker 6 did not see AI as a threat to the organization, 

the respondent thought about it as a tool that helps consultants do their job better when working with 

clients in very different regulatory, cultural, and logistical settings. The fact that Company E operates 

across Sweden, the UK, Germany, and several Asia-Pacific regions was itself seen as the main source 

of new AI ideas, since working in so many different contexts constantly brings up new problems to 

solve. Unlike Company A and Company B, where AI was met with more concern, Speaker 6 took a 
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calmer and more practical view, the point was never to replace consultants but to make them faster 

and better informed. 

This divergence across all five organizations suggests that the framing of AI necessity is shaped by 

sector dynamics, organizational culture and by the functional scope of AI deployment, the degree of 

client-facing work involved, and the geographic scale of operations. Human factors remain a central 

consideration in the implementation process, and the pace of AI integration is not uniform across the 

workforce. 

4.2.2 Initiation and Governance of AI Implementation 

The five firms exhibited notably different patterns in how AI adoption was initiated and governed, 

reflecting their distinct organizational structures, cultures, and institutional contexts. 

At Company A, adoption followed a pattern of organic, bottom-up emergence that was subsequently 

formalized and reinforced through top-down governance structures. According to Speaker 2, early 

adoption began at the group level, with individual employees independently experimenting with tools 

such as ChatGPT for code generation and Microsoft Copilot for communication drafting: 

"At the beginning it happened out in the groups. People discovered that you could use 

ChatGPT to write code or Copilot to improve emails." 

Over time, organizational leadership recognized the momentum of this grassroots adoption and moved 

to institutionalize it through workshops and governance mechanisms. Speaker 1 noted that leadership 

had also introduced competitions and prizes to further accelerate AI uptake and broaden its spread 

across the organization. A particularly notable governance structure is the AI Champions program, in 

which a designated employee in each department leads AI development within their unit and convenes 

monthly with counterparts across the organization, as described by Speaker 2: 

"There is something called AI Champions, which is a person in each group whose 

task is to lead AI development in their department. They meet once a month and 

discuss how AI is being used and can be developed." 

51 



 

This structure reveals a deliberate hybrid governance model in which leadership sets the strategic 

direction while embedded AI Champions drive implementation at the operational level. Respondent 2 

also noted that employees who proactively engage with AI and take a leading role in its development 

are well positioned to shape that development, while those who do not adapt risk being left behind as 

the organization evolves. This dynamic positions employee orientation toward AI not merely as a 

personal attitude but as a governance-relevant variable influencing who drives change and how AI 

programs take shape within the organization. 

At Company B, adoption appears to have been driven primarily by top-down leadership directives. 

Respondent 3 described a governance dynamic in which information about AI was regularly 

communicated downward through weekly updates and large-scale organizational meetings. 

Leadership framed AI principally around cost savings and workforce optimization rather than revenue 

generation, an efficiency-first logic that shaped how employees perceived and engaged with AI tools. 

The organization's size created a distinct governance constraint because  rolling out any new tool to 

several thousand employees requires it to work reliably from day one, leaving little room for trial and 

error. Respondent 3 stated: 

"When the organization is this extremely large, it takes considerably longer to get into 

it, because you cannot really run and test it in the same way, it needs to be launched 

for several thousand people, and then it needs to be nearly one hundred percent 

functional." 

Speaker 3 also noted that new AI-related roles had been created within the organization, primarily 

around statistical analysis of AI-based work, though the majority of AI development had thus far been 

carried out by existing personnel who were gradually acquiring new competencies. 

At Company C, the initiation pattern was distinctive in that it was driven primarily by a single 

individual. Speaker 4, who was recruited into a Contact Center role but independently applied their 

existing interest in AI from the outset, before any formal organizational mandate existed. As Speaker 
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4 described it, AI was not explicitly part of the role at the time of hiring rather, the interviewee 

proactively raised the topic during recruitment and began driving projects independently once hired: 

"I had another role when I started at the bank in May… it wasn't explicitly stated that 

it was about AI. But since I'm interested in the topic, I asked about it already at the 

interview: 'How much do you work with AI?' 'Not that far yet.' Okay, I want to apply 

that directly when I come in." 

Subsequently, the bank launched a formal AI initiative in collaboration with a consulting firm, aimed 

at assessing the organization's AI maturity and structuring the work from a project management 

perspective. This initiative arrived after Speaker 4 had already been driving projects independently. A 

notable governance feature at Company C is the NPAP committee. This regulatory body reviews new 

product and process proposals, with scrutiny from stakeholders including cybersecurity, vendor 

management, privacy, and legal functions. Speaker 4 found this committee to be a source of 

institutional friction rather than constructive guidance, describing it as defaulting to caution and 

resistance rather than enabling informed risk-taking: 

"Instead of being a kind of advisory place, it was more like resistance. 'Oh, this feels 

dangerous and creepy.'" 

This regulatory governance layer, largely absent in the accounts from the other firms, represents a 

sector-specific constraint that shapes both the pace and the character of AI adoption at Company C. 

However, Respondent 4 acknowledged that as more AI initiatives accumulate, organisational 

familiarity with the committee process is likely to improve. Speaker 4 also emphasized that broad 

organizational impact requires formal structural change, not merely individual enthusiasm, and 

expressed confidence that forthcoming organizational restructuring would enable greater scale and 

impact. Alongside these structural considerations, Speaker 4 proposed the creation of a "vulnerable AI 

forum". Respondent 4 explained it as a psychologically safe space where employees at all levels could 

openly acknowledge their unfamiliarity with AI tools without shame and receive support in crossing 

the initial threshold of adoption. This proposal, while well received conceptually, had not yet been 
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implemented at the time of the interview. It reflects a governance insight that the human barriers to AI 

adoption, such as fear and resistance, require just as much deliberate attention as the technical and 

regulatory challenges of implementation 

At Company D, AI initiation followed a clearly top-down, centrally managed pattern. Speaker 5 

described how AI adoption in invoice handling was introduced as a management-led project with the 

explicit goal of improving operational efficiency, beginning as a pilot before being gradually 

expanded to additional client assignments. There was no mention of grassroots experimentation 

preceding the formal rollout; instead, the organization appears to have followed a deliberate, 

sequenced implementation logic. The initiative also generated new specialized roles, including AI 

specialists, business analysts, and business controllers, created specifically to support and sustain the 

AI program. Knowledge dissemination was managed through shared digital training programs and 

workshops across offices. This stands in contrast to both the organic bottom-up emergence observed 

at Company A and the individual-champion-driven model at Company C, positioning Company D as 

the clearest example of a structured, leadership-initiated adoption process among the five cases. 

At Company E, the initiation and governance of AI was characterized by a sophisticated, multilayered 

architecture that reflects the firm's global scale and operational complexity. Speaker 6 described a 

dual-channel initiation model, some initiatives arrive top-down from global leadership or the 

technology division responding to strategic capability gaps.  While others emerge bottom-up through 

structured internal feedback platforms where consultants and team coaches log recurring operational 

problems. This combination of formal top-down strategy and institutionalized bottom-up feedback 

represents the most explicitly bidirectional governance design among all five cases. Governance is 

structured across three distinct layers. The first is a global technology and data governance framework 

that sets baseline standards for data retention, acceptable use, and algorithmic transparency. The 

second is a regional compliance layer that adds requirements specific to local regulatory contexts, 

most notably GDPR in Europe. The third is an operational adherence layer managed by team coaches 

who ensure frontline compliance in daily practice. AI project prioritization follows criteria of scale, 

risk, and regulatory feasibility, with a formal global portfolio review process that incorporates 
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regional input. Speaker 6 noted that accountability for AI-related errors across jurisdictional 

boundaries remained an area of ongoing development, identifying it as a governance gap that the 

organization had not yet fully resolved. 

Across all five firms, a common finding is that formal governance structures tend to arrive after initial 

adoption impulses are already in motion, or in the cases of Company D and Company E, that 

governance is designed with greater deliberateness from the outset.  It is implemented either 

incrementally through pilots or through explicitly layered multi-level structures. 

4.2.3 Impact on Daily Work Routines and Operational Efficiency 

All five organizations reported meaningful changes to daily work routines as a result of AI adoption, 

though the nature and scope of those changes varied considerably. 

At Company A, AI adoption has primarily enabled the automation of repetitive, manual tasks. 

Speaker 1 described how processes that previously required manual data entry in Excel or the manual 

movement of documents between systems had been replaced by AI-assisted scripts and bots. Speaker 

2 characterized the organization as being at approximately ten percent of AI's total potential capacity, 

anticipating substantial further development over the next two to four years, while acknowledging that 

legacy banking systems presented a significant barrier. Speaker 2 further noted that the time freed by 

AI is being redirected into process development, learning, and skill-building, compounding efficiency 

gains beyond the immediate automation itself. 

At Company B, AI's impact was described primarily in terms of information retrieval and technical 

troubleshooting. Speaker 3 highlighted that AI-enabled internal search systems had reduced the 

cognitive effort required to locate relevant information, allowing employees to retrieve answers 

without needing to know the exact search terms in advance. Additionally, AI bots had been deployed 

to diagnose and resolve technical issues, reducing dependency on physical IT support. Speaker 3 

described the organization as still in an early phase of AI adoption, with the most important current 

application being an AI-integrated search engine rather than any form of process automation. 
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At Company C, the focus of AI application was concentrated in two primary areas. The automation of 

customer service interactions and the partial automation of the loan processing workflow. Speaker 4 

described a careful distinction between AI performing administrative or task-handling functions, such 

as processing steps in a loan application, and AI taking autonomous credit decisions, the latter being 

deemed legally and regulatorily impermissible under current interpretations of banking regulation. 

This distinction is operationally and conceptually significant since it illustrates how regulatory 

constraints do not simply block AI adoption outright but instead shape the specific forms that 

automation can take within highly regulated industries. Respondent 4 noted that the EU AI Act, in 

particular, had created uncertainty and caution in the banking sector, even where its actual 

prohibitions may be narrower than commonly assumed: 

"It's not quite right that AI can't be involved in the loan process, but I think it holds 

back some people working in banking and creates a fear." 

At Company D, AI's impact on daily routines was most pronounced in the domain of invoice 

processing. Speaker 5 described how AI now assists in coding and allocating invoices to the correct 

accounts, a task that had previously required considerable manual attention. This automation freed up 

time that could be redirected toward more analytical and value-adding responsibilities.Speaker 5 also 

observed a positive downstream effect on client relationships. According to him, the efficiency gains 

enabled by AI created capacity for additional client-facing tasks, which customers perceived and 

appreciated. The scope of AI use, however, remained narrower than in the other organizations, with 

the primary and most systematized application confined to invoice handling, alongside some informal 

use of tools such as ChatGPT. 

At Company E, AI's impact on daily work routines was the most multidimensional and mature of all 

five cases, reflecting both the firm's global scale and the inherent complexity of international 

corporate travel management. Speaker 6 described how AI has transformed several categories of work 

routine tasks such as searching across multiple flight carriers, building complex multi-destination 

itineraries, and checking international visa requirements are now much faster, enabling consultants to 
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manage more clients and more complex requests. Beyond efficiency, Speaker 6 emphasized a 

qualitative shift in the nature of service delivery. By aggregating real-time disruption data, including 

weather events, labor strikes, and political developments, AI tools allow consultants to proactively 

alert travelers before problems arise. This fundamentally changes the service relationship from 

reactive problem-solving to proactive risk management. AI-driven analytics also enable clients to 

receive detailed insights into travel spending, carbon footprint, and policy compliance, a capability 

that Speaker 6 described as simply unavailable at scale before. Importantly, Speaker 6 was careful to 

note that AI had not replaced human value in high-stakes travel contexts for executive travel, 

politically sensitive destinations, or crisis situations, clients continued to demand knowledgeable 

human consultants, with AI serving to amplify rather than substitute their expertise. At the operational 

level, Speaker 6 also identified the management of employee orientation toward AI as an ongoing 

managerial responsibility. Some consultants displayed excessive trust in AI outputs and required 

coaching to maintain appropriate human oversight, while others remained reluctant adopters who 

needed support in building confidence with new tools. This dual challenge of calibrating reliance and 

fostering readiness reflects a dimension of AI management that extends beyond tool deployment and 

into sustained behavioral and organizational work. 

4.2.4 Variation in AI Adoption Across International and Distributed Offices 

All five organizations exhibited variation or notably, its absence in AI adoption across geographically 

dispersed locations, though the sources and nature of that variation differed meaningfully. 

At Company A, Speakers 1 and 2 described Gothenburg headquarters and the Helsingborg office as 

more advanced in AI adoption, while offices in for instance Oslo and Stockholm were thought to lag 

behind. This difference was attributed primarily to the nature of work performed at different locations 

rather than to differences in policy or resources. Client-facing roles such as sales, legal, and senior 

management were seen as less amenable to AI integration given the centrality of human judgment, 

whereas back-office and systems-oriented roles were considered far more readily automated. As 
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Speaker 2 put it, back-office functions are inherently easier to apply AI to compared to roles requiring 

qualities that AI cannot easily replicate. 

At Company B, Speaker 3 described the organisation as consisting of legally and operationally 

separate entities across different countries, with limited cross-border contact. Within the firm's own 

office network, Speaker 3 observed that smaller and more isolated offices, with fewer colleagues 

available for internal consultation, were likely to rely more heavily on AI as a substitute for human 

expertise. The firm's international footprint extended to offices in Stockholm, New York, and 

Shanghai. However, Speaker 3 noted that the smaller international offices operated with greater 

autonomy and may deviate from centrally prescribed systems, using AI more freely in the absence of 

large internal knowledge networks. 

At Company C, Speaker 4 assessed all offices Gothenburg, Stockholm, and Helsinki as being at 

essentially the same very low level of AI adoption. Rather than attributing variation to structural or 

role-based factors, Speaker 4 instead pointed to a macro-level constraint, Sweden as a country was 

described as being considerably behind in AI development generally, with the EU AI Act specifically 

named as a retarding force at the sectoral level. The requirement that AI platforms store data on 

EU-based servers and comply with the Act's provisions was seen as increasing friction for 

organizations seeking to onboard new AI-enabled tools. This nationally and regionally framed 

explanation for adoption lag is a distinctive feature of the Company C account and adds a 

regulatory-environmental dimension that was less prominent in the other interviews. 

At Company D, Speaker 5 described AI adoption as largely consistent across Swedish offices, with all 

domestic locations affected by the same centrally driven invoice-handling initiative. Regarding the 

firm's international presence, spanning the Nordic countries (Sweden, Norway, Finland, Denmark) 

and the Baltic states (Estonia and Latvia), Speaker 5 acknowledged uncertainty about the degree to 

which AI initiatives had been extended to offices outside Sweden. Cross-border collaboration on AI 

was described as limited, though the efficiency gains achieved through AI were noted to have 

beneficial spillover effects for colleagues in other countries through improved shared processes. 
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Speaker 5 attributed cross-office variation less to regulatory differences which were not perceived as a 

significant differentiating factor within the Nordics and more to how tasks are functionally distributed 

across offices. 

At Company E, the pattern of cross-office and cross-market variation was the most obvious of all the 

companies. "Speaker 6 described a clear tension between globally designed AI tools and the distinct 

requirements of regional markets. These tools are developed primarily for large markets such as the 

US, yet markets like the Nordics or Southeast Asia differ substantially in booking behaviors, 

regulatory environments, and client expectations. This gap between headquarter-designed solutions 

and local operational realities was actively managed through regional director structures, 

cross-regional forums, shared documentation platforms, and periodic in-person summits. Speaker 6 

noted that Nordic markets were regarded as relatively mature technology adopters and that initiatives 

piloted in the region were sometimes fast-tracked in the global portfolio review. At the same time, the 

relationship that consultants in different markets have with technology was described as varying 

meaningfully, teams in the Nordics were characterized as quick adopters, while consultants in markets 

where service is built on high-touch personal relationships were more cautious about making AI 

visible in client interactions. Regulatory fragmentation across multiple of jurisdictions was identified 

as one of the most significant structural challenges, with GDPR imposing a substantially different 

compliance environment in Europe compared to the US or parts of Asia. 

Across the five companies, a consistent pattern emerged, variation in AI adoption across international 

and distributed offices is driven primarily by functional roles, client-facing work, local regulations, 

and cross-border coordination. These factors matter more than whether AI ambition exists at the 

organizational level. 
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5. Analysis 

5.1 Value Configurations - Establishing Where AI Can Enter the Firm 

The first and most foundational layer of the framework addresses the question of what the firm 

actually does and how it creates value. This matters because it determines which activities AI is 

expected to transform, where initiation pressures are most likely to arise, and which parts of the 

international operation are reachable by centrally developed AI tools. Value configurations (Stabell & 

Fjeldstad, 1998, pp. 413–414) provide the analytical language for this, and establishing each firm's 

dominant configuration is a necessary precondition before any capability-oriented explanation can be 

applied to the empirical material. 

The empirical data confirm that all five firms operate primarily as value shops, where value is created 

through the iterative, judgment-intensive resolution of client problems. This aligns with Gottschalk's 

(2006, pp. 1060–1062) argument that knowledge-intensive service firms are typical value shops, and 

is consistent with the SCB (2025) data showing that 87.9% of firms in the information and 

communication sector used AI in 2025, the highest rate of any industry and far above the 35.0% 

overall average (figure 2). This sector-level figure confirms that AI is becoming a structural feature of 

knowledge-intensive service delivery rather than an optional peripheral tool, and that the competitive 

cost of non-adoption has risen substantially across the period in which the five case firms were 

initiating their AI programs. 

The value shop configuration has a direct and structural consequence for how AI enters these firms. 

Stabell and Fjeldstad (1998, pp. 423–424) describe five primary activity categories in the value shop, 

problem finding and acquisition, problem solving, choice, execution, and control and evaluation. 

These activities unfold in a cyclical and iterative rather than linear way, and they vary greatly in how 

far they can be codified or governed by clear rules. Execution-stage activities, involving the 

implementation of an already-chosen solution, are more readily standardized than the problem-finding 

and choice stages, which depend on professional judgment, contextual knowledge, and close client 
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interaction. This distinction maps directly onto the empirical pattern observed across all five firms. In 

every case, AI was first initiated in the most rule-governed and execution-oriented activities, while the 

judgment-intensive core of professional service delivery remained human-led. 

In every case, AI entered at the execution-oriented periphery of the value shop activity cycle, while 

client-facing, judgment-intensive work remained human-led. At Company C, this boundary was 

further hardened by legal and regulatory constraints, with Speaker 4 drawing a firm distinction 

between AI assisting administrative processing steps and AI making autonomous credit decisions, a 

constraint compounded across borders where financial services regulation differs substantially across 

jurisdictions. 

Company E represents a partial exception to the pure value shop characterization, combining value 

shop and value network logics. The firm creates value both by resolving unique client travel problems 

and by connecting clients to a global infrastructure of carriers, regulatory databases, and real-time 

disruption feeds. This dual configuration aligns with Boonstra et al.'s (2011, p. 212) observation that 

service organizations may encompass more than one value configuration simultaneously. The value 

network dimension carries a specific multinational implication that is distinct from the value shop 

logic, as Stabell and Fjeldstad (1998, p. 430) describe, value in a network depends on the number and 

quality of customers connected through the firm's infrastructure, meaning that Company E's AI 

investments grow in strategic value as geographic coverage expands. This creates an 

internationalization logic for AI initiation in which scale and cross-border connectivity are not 

constraints on implementation but direct multipliers of the value AI generates. 

The most important multinational implication of the value configuration layer, however, concerns the 

relationship between codifiability and transferability across borders. Kogut and Zander (1993, p. 635) 

demonstrate that the less codifiable and teachable knowledge is, the more likely it will be transferred 

through internal organizational channels rather than to external parties, and the more difficult it is to 

move across borders even through those channels. Value shop firms depend on precisely this kind of 

tacit, people-embedded knowledge, which means that AI initiation in such firms simultaneously 
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encounters two boundaries. The boundary between codifiable and non-codifiable tasks within the 

value shop activity cycle, and the boundary between what can be standardized across national 

operations and what remains locally enacted. These two boundaries largely coincide. The activities 

most amenable to AI are also those most amenable to cross-border standardization and transfer, while 

those most resistant to AI are those most deeply embedded in local knowledge, client relationships, 

and institutional contexts. AI implementation in Swedish multinational service firms thus begins 

precisely where international standardization is most feasible, and runs into resistance precisely where 

local knowledge embeddedness is deepest. This structural asymmetry is not a temporary feature of 

early-phase adoption. It is a consequence of the value shop logic itself, and it shapes the 

internationalization of AI capabilities within service MNEs in ways that manufacturing-oriented 

frameworks of technology transfer do not capture. 

5.2 Resource-Based View - Why Firms Differ in Their Capacity to Act  

Establishing that all five firms operate as value shops, and that AI enters at the execution-oriented 

periphery in each case, explains the structural pattern of where AI can initiate. It does not explain why 

firms operating under the same value configuration differ so substantially in how far and how quickly 

AI has actually penetrated their operations, how governance has been designed, and what 

management challenges have emerged. The resource-based view addresses this second layer of 

explanation by directing attention to the internal conditions that shape each firm's capacity to act on 

AI opportunities (Barney, 1991, p. 101). 

Barney's (1991, pp. 105–106) core argument is that sustained differences in firm performance trace 

back to differences in internal resources that are valuable, rare, imperfectly imitable, and 

non-substitutable. In the context of AI implementation, this logic applies in a specific way. AI tools 

themselves are increasingly standardized and commercially accessible, available through products 

such as ChatGPT, Microsoft Copilot, and various cloud-based platforms. Therefore the technology 

can't qualify as rare or inimitable under Barney's criteria. What differentiates firms is not which AI 

tools they can access, but whether they have the internal resource base to deploy those tools 

62 



 

effectively. This shifts the analytical focus from the technology to the organizational conditions that 

enable or constrain its meaningful use, and it is in these conditions that the five case firms differ most 

visibly. 

At Company A, early movers in AI adoption were employees with prior technical familiarity, and 

their grassroots experimentation created organizational momentum that was subsequently formalized 

through the AI Champions program. This trajectory reflects Barney et al.'s (2011, pp. 1306–1307) 

cumulative and path-dependent logic, firms build new capabilities adjacent to existing ones, and early 

movers compound advantages that become progressively harder for later adopters to close. The 

generational divide observed by Speaker 1, with younger employees adopting AI significantly more 

readily than longer-tenured colleagues, supports Cohen and Levinthal's (1990, pp. 129–130) argument 

that prior exposure to relevant knowledge creates associative structures that lower the threshold for 

recognizing and absorbing new information. This individual-level resource heterogeneity has a direct 

and consequential multinational implication. As Kogut and Zander (1993, p. 625) argue, the 

multinational firm's primary advantage lies in its superior efficiency at creating and transferring 

knowledge across borders, and this advantage is built on the accumulated knowledge of individual 

employees. Where AI-relevant human capital is concentrated in the home-country headquarters and 

not yet present in foreign subsidiaries, the international transfer of AI-related capabilities depends 

entirely on how effectively the organization can move that knowledge through internal channels to its 

geographically dispersed units. 

At Company C, AI initiation was driven almost entirely by a single individual, Speaker 4, whose prior 

interest and personal human capital constituted the firm's primary AI-relevant resource base at the 

point of initiation. This extends Barney et al.'s (2011, pp. 1307–1309) micro-foundational perspective 

by showing that individual-level initiative can substitute for organizational readiness in the earliest 

stages of adoption. However, this also highlights a structural weakness that becomes especially 

important in an international context. If the champion model is not institutionalized into 

organizational routines, processes, and governance structures. The firm risks being unable to transfer 

AI-related knowledge into the embedded organizational practices that would allow it to survive and 
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replicate across national locations. This is similar to the internal transfer challenge Kogut and Zander 

(1993, p. 635) identify as central to multinational knowledge management. Tacit knowledge that 

remains bound to an individual rather than embedded in organizational routines cannot travel across 

borders through internal channels. 

At Company D, the relatively narrow scope of AI initiation, concentrated in invoice processing, 

reflects a resource base oriented toward financial administration and accounting functions. AI was 

initiated where it could interface most directly with the firm's existing operational knowledge and 

established workflows, confirming Cohen and Levinthal's (1990, pp. 135–136) argument that 

absorptive capacity follows path-dependent patterns in which early investments in a knowledge area 

make it progressively easier to build further within that same domain. This path dependence also helps 

explain the SCB (2025) finding that corporate administrative processes represent one of the most 

common AI application areas among Swedish firms. Administrative functions serve as the typical 

entry point not because they are strategically most important, but because the prior knowledge base 

required to integrate AI there is most broadly distributed across firms and most directly compatible 

with existing routines. 

At Company B, the scale of the organization itself constitutes a distinctive resource condition that 

shapes both what can be done with AI and how quickly. Speaker 3's description of the near-complete 

reliability requirement before any tool can be deployed across several thousand employees illustrates 

a resource dynamic that Barney (1991, p. 101) categorizes under organizational capital, the formal and 

informal planning, controlling, and coordinating systems of the firm. In a very large organization, 

those systems impose governance constraints that simultaneously enable wide reach once deployment 

occurs and limit the capacity for iterative, experimental adoption. The efficiency-first logic of 

leadership-driven AI governance at Company B reflects an organizational capital structure oriented 

toward scale and reliability rather than exploration and capability-building, producing a different 

implementation profile than the more entrepreneurial model at Company A or Company C. 
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The international dimension of the resource-based view emerges most clearly at Company E, which 

operates the most deliberately designed resource mobilization architecture among the five cases. 

Speaker 6 described a bidirectional initiation model combining top-down strategic direction from 

global leadership with structured bottom-up feedback from consultants and team coaches across 

multiple national markets. Ellström et al. (2021, pp. 277–278) argue that meaningful sensing for 

digital transformation must happen both externally and internally. Company E operationalizes this by 

treating its geographic breadth as a distributed sensing mechanism, where subsidiary diversity across 

the Nordics, the UK, Germany, and multiple Asia-Pacific markets continuously surfaces new AI 

initiative candidates. This inverts the typical headquarters-to-subsidiary knowledge flow described in 

much of the international business literature, extending Kogut and Zander's (1993, p. 625) logic by 

structuring the multinational network so that knowledge creation flows inward from subsidiaries as 

well as outward from the centre.  

Across all five firms, a consistent finding is that the speed and form of AI initiation reflect the internal 

resource base rather than access to AI tools, which are broadly available to all of them. This supports 

Barney's (1991, p. 101) central argument while also pointing toward the next layer of explanation that 

possessing a relevant resource base is necessary but not sufficient. The question of whether that 

resource base can actually be converted into embedded AI practice requires the absorptive capacity 

framework. 

5.3 Absorptive Capacity - Converting AI Knowledge into Operational Practice 

The value configuration layer shows where AI can enter the firm. The resource-based layer explains 

which internal conditions affect the firm’s ability to act on these opportunities. The third layer focuses 

on whether the firm is able to turn AI-related knowledge into embedded operational practice, given its 

value configuration and resource base. This reflects the challenge of absorptive capacity (Cohen & 

Levinthal, 1990; Zahra & George, 2002), and it is at this level that the differences between the five 

firms become most visible. 
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Zahra and George's (2002, pp. 188–190) reconceptualization of absorptive capacity as a 

four-dimensional process, covering knowledge acquisition, assimilation, transformation, and 

exploitation, and grouped into potential absorptive capacity (PACAP) and realized absorptive capacity 

(RACAP), provides the analytical language for understanding these differences. The distinction 

between PACAP and RACAP is particularly important here. All five firms demonstrate some degree 

of PACAP. They are aware of AI, they have access to it, and they have begun acquiring knowledge 

about how it can be applied in their operations. The differences emerge in the degree to which that 

potential is actually converted into realized capacity, which Zahra and George (2002, pp. 189–191) 

describe as the efficiency factor. Which is shaped by the social integration mechanisms through which 

knowledge is shared and mobilized within and across organizational units. 

The data from SCB (table 3) contextualize this conversion challenge at the sector level. AI use in 

marketing and sales stands at 41.7% and in corporate administrative processes at 35.0%, while AI in 

production and service processes reaches only 26.2%. This distribution confirms that conversion is 

furthest advanced in the most peripheral and execution-oriented functions, while deeper integration 

into core service delivery. The most strategically significant domain for value shop firms, remains a 

work in progress across the Swedish service sector as a whole. The conversion gap between PACAP 

and RACAP is therefore not a firm-specific anomaly but a structural feature of the current phase of AI 

adoption in this sector. 

A consistent finding across all five firms is that formal governance structures tend to arrive after 

initial adoption impulses are already in motion. At Company A, leadership formalized what had begun 

as grassroots experimentation. At Company C, a formal AI initiative in collaboration with a 

consulting firm was launched only after Speaker 4 had already been independently driving projects for 

some time. At Company B, governance structures continued to evolve as deployment expanded. This 

temporal pattern is consistent with Brynjolfsson and Hitt's (2000, p. 26) argument that complementary 

organizational investments are necessary conditions for realizing the value of new technologies, and 

that firms often discover this necessity through experience rather than anticipation. It also reflects a 

fundamental limitation in the efficiency factor. Without deliberate social integration mechanisms in 
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place from the outset, PACAP accumulates through individual initiative and experimentation without 

being systematically converted into embedded organizational practice. 

At Company A, the AI Champions program represents the most explicitly designed social integration 

mechanism among the five cases. By embedding a designated AI champion in each department who 

convenes monthly with counterparts across the organization, the firm creates a structured channel 

through which tacit knowledge about what works in one operational context becomes communicable 

and transferable to others. This directly addresses the organizational level absorptive capacity 

challenge Cohen and Levinthal (1990, pp. 131–132) identify, the collective capacity to benefit from 

new knowledge depends not only on what individual employees know but critically on how that 

knowledge is communicated and transferred between different parts of the organization. Speaker 2's 

observation that efficiency gains from AI are being deliberately redirected into process development, 

learning, and skill-building compounds this dynamic. Each successful conversion generates 

organizational capital that increases the firm's capacity for further conversion, consistent with Barney 

et al.'s (2011, pp. 1306–1307) path-dependent resource accumulation logic. In a multinational context, 

the Champions program also establishes the internal channels through which AI-related knowledge 

might eventually cross national borders, addressing the challenge Kogut and Zander (1993, p. 635) 

identify of moving less codifiable knowledge through internal rather than market channels. 

At Company D, knowledge conversion was managed through the deliberate creation of new specialist 

roles alongside digital training programs and cross-office workshops. In absorptive capacity terms, 

these roles and workshops function as the social integration mechanisms Zahra and George (2002, pp. 

194–195) identify as shaping the efficiency factor through which potential absorptive capacity is 

converted into realized absorptive capacity. Speaker 5 noted that these arrangements were consistent 

across Swedish offices, though the degree to which they extended to the firm's Nordic and Baltic 

operations remained uncertain. This geographic uncertainty is theoretically significant. If the 

conversion mechanisms are primarily domestic, the multinational network remains dependent on 

cross-border knowledge transfer that has not yet been systematically organized, creating a gap 

between RACAP at headquarters and PACAP at subsidiary level. 
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Company C's conversion from PACAP to RACAP remains the most constrained of all five cases, and 

the explanation lies not in a lack of AI-relevant knowledge or ambition but in governance architecture. 

The NPAP committee, through which all new product and process proposals must pass with scrutiny 

from cybersecurity, vendor management, privacy, and legal functions, constitutes an institutionalized 

governance layer that introduces mandatory review on AI initiatives. Speaker 4 described this 

committee as defaulting to caution and resistance rather than enabling informed risk-taking. This 

governance dysfunction is theoretically significant beyond the individual case. Zahra and George 

(2002, pp. 189–191) identify the efficiency factor as the degree to which PACAP converts to RACAP, 

shaped by internal social integration mechanisms. The Company C findings extend this by 

demonstrating that governance architecture can function as an anti-integration mechanism, 

suppressing the efficiency factor independently of knowledge availability, individual motivation, or 

organizational intent. This is a dimension of the absorptive capacity framework that Zahra and 

George's (2002) original formulation does not fully theorize. Speaker 4's proposal for a vulnerable AI 

forum responds to a different dimension of the same conversion problem, the social and psychological 

barriers to adoption at the individual level, recognizing that employee readiness is as consequential for 

the efficiency factor as structural or technical conditions (Barney et al., 2011, pp. 1307–1309). 

The EU AI Act amplifies the conversion constraint at the supranational level. Speaker 4 observed that 

regulatory uncertainty creates fear and caution even where actual prohibitions are narrower than 

commonly assumed. Because the Act applies uniformly across European markets, it does not merely 

constrain domestic AI governance but functions as a shared institutional barrier across all European 

operations of Swedish multinational service firms, reducing the efficiency factor simultaneously in 

every national unit operating within EU jurisdiction. This represents a distinctly multinational form of 

absorptive capacity suppression that has no clear parallel in domestic single-market contexts, and it 

adds a regulatory-environmental dimension to the conversion challenge that existing absorptive 

capacity frameworks developed in domestic or manufacturing contexts do not adequately capture. 

At Company B, the near-complete reliability requirement before rollout creates a different kind of 

conversion constraint. Rather than regulatory friction suppressing individual initiatives, the 
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organizational scale of the firm imposes a structural sequencing logic in which conversion can only 

proceed once a tool is ready for simultaneous deployment across thousands of employees. This leaves 

little room for the iterative experimentation that Ellström et al. (2021, pp. 278–280) identify as central 

to seizing in digital transformation contexts, and it may explain why Speaker 3 characterized the 

organization as still in an early phase of AI adoption despite the firm's large size and substantial 

resources. 

Company E operates the most explicitly layered governance architecture among the five cases, and it 

is the architecture most deliberately designed to address the conversion challenge across a 

geographically dispersed multinational network. The three-layer structure combines global technology 

and data governance standards with regional compliance adaptation for jurisdiction-specific 

requirements, such as GDPR in Europe. It also includes operational team-level adherence 

management. Together, these layers address the challenge of converting AI knowledge into embedded 

practice across diverse national contexts. Teece (2007, pp. 1336–1339) argues that governance must 

support knowledge integration and protect intellectual assets across organizational boundaries. 

Company E achieves this while preserving the regional flexibility required by the diversity of its 

markets, reflecting the fundamental tension all multinational service firms face between global 

standardization efficiency and local adaptation necessity. The firm's cross-regional forums, shared 

documentation platforms, and periodic in-person summits function as social integration mechanisms 

at the international level, extending the logic of Company A's Champions program across a far larger 

and more institutionally diverse network. 

5.4 Dynamic Capabilities - Sustaining Adaptation Across International 

Operations 

The first three layers of the framework explain where AI can enter the firm, what internal conditions 

shape the capacity to act, and whether AI knowledge is converted into embedded operational practice. 

The fourth and final layer addresses what happens across time, whether the organizational learning 
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generated through AI adoption leads to lasting structural adaptation, and whether that adaptation can 

be sustained and coordinated across the firm's full international network as the technology and its 

institutional environment continue to evolve.  

The empirical findings from all five firms are consistent with the implementation lag argument 

developed by Brynjolfsson et al. (2017, pp. 11, 30). Speaker 2's estimate of approximately ten percent 

of AI's total potential at Company A, the narrow scope of AI integration at Company D, and the 

limited visible operational impact at Company C all map onto the J-curve pattern. Resources are being 

consumed building intangible organizational capital that does not yet appear in productivity statistics. 

The SCB (2025) data reinforce this at the sector level. Despite rapid adoption growth from 

approximately 10% of Swedish firms in 2021 to 35% in 2025 (figure 2), AI in production and service 

processes remains substantially lower than in administrative domains, suggesting that the Swedish 

service sector as a whole is still in the early co-invention phase. For multinational service firms, this 

challenge is compounded because co-invention must occur simultaneously across multiple national 

contexts, each at different stages of AI adoption maturity and each requiring different complementary 

investments to unlock AI's value locally. 

The sensing dimension of dynamic capabilities is most visibly and deliberately developed at Company 

E. Speaker 6 described a structured sensing architecture that combines global market scanning from 

the technology division with institutionalized bottom-up feedback from consultants and team coaches 

across dozens of national markets. Ellström et al. (2021, pp. 277–278) argue that meaningful digital 

sensing requires both an external orientation toward new possibilities and an honest internal 

assessment of the firm's own current state. Company E operationalizes both, treating its geographic 

breadth as a distributed sensing mechanism in which the diversity of regulatory, cultural, and 

operational contexts across the Nordics, Europe, and Asia-Pacific continuously surfaces new AI 

initiative candidates. Speaker 6 noted that Nordic offices, including Sweden, were regarded within the 

firm as mature technology adopters and that initiatives piloted in the Nordic region were sometimes 

fast-tracked in global portfolio reviews. This is consistent with Cohen and Levinthal’s (1990, pp. 

135–136) argument that prior knowledge and environmental readiness shape absorptive capacity at 
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both the firm and national-location level. In this context, Sweden’s relatively high AI adoption 

trajectory may give Swedish-headquartered multinationals a sensing advantage in identifying AI 

applications before deploying them to less mature markets. The findings from Company C introduce 

an important qualification, however in regulated sectors, EU-level institutional friction applies 

uniformly across European operations and may offset any Nordic technology-adoption advantage 

precisely in the firms and sectors where regulatory scrutiny is highest. 

The seizing dimension is most visibly constrained at Company C. The NPAP committee's orientation 

toward caution rather than enabling informed risk-taking actively suppresses the capacity to commit 

resources to AI opportunities. This works as an organizational friction that delays seizing even when a 

viable opportunity has been identified and a capable champion is ready to act. Teece (2007, pp. 

1326–1329) emphasizes that seizing requires timely and unbiased decision-making under uncertainty, 

and that governance structures must be designed to facilitate this rather than default to inaction. The 

Company C case demonstrates what happens when governance design fails this test, available PACAP 

cannot be converted into committed organizational investment, and the implementation lag extends 

indefinitely. At Company B, the near-complete reliability requirement similarly limits iterative 

commitment, producing a seizing dynamic in which opportunities are recognized but acted upon only 

in large discrete steps rather than through the continuous incremental investment that Ellström et al. 

(2021, pp. 278–280) identify as characteristic of effective seizing in digital transformation contexts. 

At Companies A and D, seizing is more deliberate, leadership-driven commitments to governance 

infrastructure, specialist roles, cross-office training programs, and formal project architectures reflect 

the complementary organizational investment logic Brynjolfsson and Hitt (2000, pp. 25–26) identify 

as the necessary condition for realizing the value of general purpose technologies. 

The reconfiguring dimension is where the multinational dimension of dynamic capabilities becomes 

most structurally pronounced. Managing AI development across geographically dispersed operations 

requires not only sensing opportunities and committing resources but continuously realigning 

structures, roles, routines, and governance arrangements as AI evolves across different institutional 

and cultural contexts simultaneously (Teece, 2007, pp. 1334–1335). This is a qualitatively different 
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challenge from domestic reconfiguring because the firm must manage multiple reconfiguring 

processes in parallel, each shaped by different national regulatory frameworks, different workforce 

orientations toward technology, and different stages of AI adoption maturity. 

Company E demonstrates the most advanced reconfiguring capability among the five cases. Speaker 6 

described how AI has fundamentally transformed several categories of routine work. Tasks such as 

searching across multiple flight carriers, building complex multi-destination itineraries, and checking 

international visa requirements are now dramatically faster, enabling consultants to manage more 

clients and more complex requests across more markets. Beyond this efficiency gain, Speaker 6 

identified a qualitative transformation in the nature of service delivery itself. AI tools aggregating 

real-time disruption data allow consultants to shift from reactive problem-solving to proactive risk 

management across dozens of national markets, fundamentally changing the service relationship with 

corporate clients. This transformation reflects Brynjolfsson and Mitchell's (2017, p. 1530) 

characterization of machine learning as a technology that reshapes the conditions under which entire 

categories of work are performed rather than simply automating discrete tasks, and is consistent with 

Iansiti and Lakhani's (2020, pp. 4–6) argument that realizing AI's value requires rethinking operating 

models at a fundamental level rather than inserting tools into existing structures. For Company E, this 

rethinking has had to occur simultaneously across markets spanning the Nordics, Europe, the UK, and 

Asia-Pacific, each of which generates different expectations about the appropriate role of technology 

in client-facing service delivery. Company E's regional director structures, cross-regional forums, 

shared documentation platforms, and periodic in-person summits operationalize Kogut and Zander's 

(1993, p. 635) internal channel logic at the international level. Locally generated AI knowledge is 

shared, debated, and converted into tools and practices that can travel across the network, representing 

the reconfiguring capability Teece (2007, pp. 1334–1335) identifies as essential for maintaining 

competitive fitness in evolving technological environments. 

A recurring theme across all five firms is the active management of how work is divided between 

human and machine. Autor (2015, pp. 10–11) identifies this as the boundary between routine, 

codifiable tasks amenable to AI substitution and non-routine tasks requiring flexibility, contextual 
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judgment, and tacit knowledge. At Company E, Speaker 6 described a dual management challenge, 

coaching consultants who display excessive trust in AI outputs to maintain appropriate human 

oversight, while simultaneously supporting reluctant adopters in building confidence with new tools. 

This dual challenge illustrates that the complementarity Autor (2015, pp. 5–6) describes does not 

emerge automatically from the availability of AI. It requires sustained behavioral and organizational 

work to position human workers appropriately on the human side of the human-AI division of labor, 

and this work must be managed differently across national workforces where cultural orientations 

toward technology in client-facing service delivery vary substantially. At Company C, the human-AI 

boundary is most constrained by regulatory requirements. Speaker 4's distinction between AI assisting 

administrative processing steps and AI making autonomous credit decisions reflects the legally 

imposed limit on how far AI can enter the choice stage of the value shop cycle, and this limit operates 

differently in different national regulatory contexts, requiring management to maintain clarity about 

jurisdiction-specific human-AI boundaries across the firm's international operations simultaneously. 

The management of cross-border variation in AI adoption reveals a further structural feature of the 

reconfiguring challenge in multinational service firms. At Company A, variation between more 

AI-advanced offices in Gothenburg and Helsingborg and comparatively lagging offices elsewhere was 

attributed primarily to the functional composition of each location. Offices with higher proportions of 

back-office and systems-oriented roles showed greater AI integration, while those dominated by 

client-facing, judgment-intensive work progressed more slowly. This is a value configuration-level 

explanation operating at the geography of the firm. Where work is more execution-oriented, AI 

integrates more readily. Where work is more deeply value shop in character, the integration boundary 

falls earlier. From a multinational perspective, this means that the activities most amenable to AI are 

also most amenable to cross-border standardization, while those most resistant to AI are most deeply 

embedded in local knowledge, reinforcing the asymmetry identified in section 5.1. 

At Company B, smaller offices with fewer colleagues available for internal consultation were 

described as more likely to rely on AI as a substitute for the organizational knowledge networks 

available in larger offices. This introduces an absorptive capacity paradox with direct multinational 
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implications. Offices where organizational knowledge is thinnest adopt AI most readily as a 

compensating mechanism but are also least equipped to critically evaluate AI outputs, creating 

overreliance risks in precisely the locations most distant from the organizational centre and most 

dependent on autonomous judgment. 

Across all five firms, a consistent finding is that firms treating AI adoption as a one-time 

implementation exercise are likely to remain in the early phase of the J-curve indefinitely. Because the 

complementary organizational investments required to move up the curve must be designed in as a 

sustained management commitment across the full network of subsidiaries and national operations. 

Only Company E provides evidence of a governance architecture proactively designed to 

accommodate AI at scale across multiple markets, and even there, cross-jurisdictional accountability 

for AI-related errors remains an unresolved governance gap, confirming that reconfiguring is an 

ongoing process rather than an achievable end state. For all five firms, the dynamic capabilities 

framework identifies the central long-term management challenge. Not simply deploying AI tools 

across international operations, but building and sustaining the organizational conditions under which 

those tools generate lasting value across the full diversity of national, institutional, and cultural 

contexts in which Swedish multinational service firms operate. 
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6. Conclusion 

6.1 Summary of Findings 

The overarching finding, common to all three research questions, is that AI development in these 

firms is not primarily a technical challenge but an organisational one. Access to AI tools was not the 

binding constraint in any of the five cases. What differentiated them was the internal organisational 

capacity to convert awareness of AI's potential from implementation into embedded operational 

practice across geographically dispersed operations and diverse institutional contexts. The three 

research questions are addressed in turn below. 

Firms differ in AI realisation because penetration is governed by a chain of organisational conditions 

that operate independently of which AI tools the firm can access. The first condition is the firm's 

value configuration. All five firms operate predominantly as value shops in which value is created 

through the iterative, judgment-intensive resolution of client problems (Stabell & Fjeldstad, 1998, pp. 

413–414). In every case AI first entered the most rule-governed, routine activities while the 

judgment-intensive core of professional service delivery remained human-led. This gap follows from 

the value shop logic itself. Routine, easily codified tasks are the simplest to both automate and 

standardise across borders, while judgment-intensive tasks resist both because they rely on tacit 

knowledge that is built up locally (Kogut & Zander, 1993, p. 635). The second condition is the firm's 

internal resource base. Path-dependent accumulation of human capital, organisational routines, and 

prior technological experience means that early movers compound advantages later adopters cannot 

easily close (Barney et al., 2011, pp. 1306–1307). The champion-driven model at Company C 

demonstrates that individual initiative can substitute for organisational readiness in the earliest phase 

but creates a structural vulnerability when knowledge remains bound to an individual rather than 

embedded in transferable routines. The third condition is governance architecture, which across the 

five cases varied from suppressive (Company C's NPAP committee) to incremental and 

reliability-bound (Company B's scale-driven rollout logic) to deliberately layered and adaptive 
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(Company E's three-tier model). Differences in AI penetration therefore trace back not to the 

technology itself but to the combined effect of value configuration logic, resource heterogeneity, and 

governance design, amplified by the multinational requirement that these conditions function 

simultaneously across multiple national contexts. 

Conversion from AI initiation to embedded operational practice is determined by the mechanisms that 

move firms from potential absorptive capacity (PACAP) to realised absorptive capacity (RACAP), 

and by the social integration architecture through which AI knowledge travels across national 

boundaries (Zahra & George, 2002, pp. 188–190). Three mechanisms emerged as decisive. First, 

deliberately designed social integration structures function as the primary instruments through which 

tacit AI-related knowledge becomes communicable and transferable both within firms and across their 

international networks. This is exemplified by Company A's AI Champions program, Company D's 

specialist roles and cross-office training, and Company E's cross-regional forums and shared 

documentation platforms. Their presence or absence was the most consistent predictor of whether AI 

knowledge moved from individual awareness into collective practice. Second, governance 

architecture can function as either an enabling or suppressing mechanism. The Company C findings 

extend Zahra and George's (2002, pp. 189–191) framework by showing that institutional friction is 

embedded in a firm's own governance design. In this case the NPAP committee's default orientation 

toward caution, can suppress the efficiency factor independently of knowledge availability or 

individual motivation. At the supranational level, the EU AI Act amplifies this constraint by operating 

uniformly across all European operations, producing a distinctly multinational form of absorptive 

capacity suppression. Third, a consistent pattern over time across all five firms showed that formal 

governance structures tended to arrive after initial adoption impulses were already in motion, 

consistent with Brynjolfsson and Hitt's (2000, pp. 25–26) argument that firms discover the necessity 

of complementary organisational investment through experience rather than anticipation. Conversion 

therefore depends less on the speed of initial adoption than on whether firms subsequently build the 

social integration mechanisms, governance designs, and cross-border knowledge channels that allow 
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AI knowledge to travel through internal channels rather than remaining bound to particular 

individuals or domestic units. 

Value shop firms manage the human-AI boundary through sustained behavioural and organisational 

work that distinguishes between routine, codifiable tasks where AI can substitute for human effort and 

judgment-intensive activities where AI must complement rather than replace human professionals. 

Three management practices emerged. First, firms manage the boundary by location and role rather 

than uniformly. At Company A, back-office and systems-oriented offices showed greater AI 

integration while client-facing offices progressed more slowly. At Company C the regulatory 

distinction between AI assisting administrative loan processing steps and AI making autonomous 

credit decisions explicitly codifies the boundary at the choice stage of the value shop cycle (Stabell & 

Fjeldstad, 1998, pp. 423–424). Second, firms manage the boundary through active calibration of 

employee reliance on AI. Company E faced a dual challenge coaching over-reliant consultants to 

maintain oversight while supporting reluctant adopters in building confidence. This demonstrates that 

the complementarity Autor (2015, pp. 5–6) describes does not emerge automatically from AI 

availability but requires ongoing managerial attention, particularly across culturally diverse national 

workforces. Third, firms manage the boundary differently across jurisdictions because regulatory 

frameworks, cultural expectations, and client relationships vary by market. Company E's three-tier 

governance architecture combines global baseline standards with regional compliance adaptation and 

operational adherence management. This illustrates how value shop firms with international 

operations must maintain jurisdiction-specific human-AI boundaries simultaneously rather than 

imposing a single global standard (Teece, 2007, pp. 1336–1339). The boundary is therefore not a 

static line but an actively maintained organisational accomplishment, shaped by task codifiability, by 

regulatory constraints that vary across national contexts, and by sustained managerial investment in 

calibrating how AI is used in the judgment-intensive core of service delivery. 
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6.2 Theoretical Contributions 

This study makes several contributions. First, it extends Stabell and Fjeldstad's (1998, pp. 413–414) 

value configuration framework to the context of AI implementation in multinational service firms, 

showing that the value shop logic not only predicts where AI initiation begins but also determines 

which activities can be internationally standardised and which remain locally enacted. 

Second, the study contributes to the absorptive capacity literature by identifying governance 

architecture as a mechanism that can suppress the efficiency factor independently of knowledge 

availability. Zahra and George (2002, pp. 189–191) identify the efficiency factor as the degree to 

which PACAP converts to RACAP, shaped by social integration mechanisms. The Company C 

findings extend this by showing that institutional friction embedded in a firm's own governance 

design can function as an anti-integration mechanism. The study also identifies the EU AI Act as a 

novel supranational form of absorptive capacity suppression operating uniformly across all European 

operations of multinational firms. 

Third, the study extends Kogut and Zander's (1993, p. 625) internal channel logic to AI-driven 

knowledge transfer in service MNEs. The activities most amenable to AI are also most amenable to 

cross-border standardisation, while the judgment-intensive activities forming the core of value shop 

work resist both AI integration and international transfer simultaneously. This asymmetry reinforces 

the argument that the internationalisation of AI capabilities within service MNEs requires analytical 

frameworks designed for service contexts rather than adaptations of manufacturing-oriented models. 

6.3 Practical Implications 

The primary constraint on AI implementation is not access to technology but the organisational 

conditions governing whether AI knowledge can be converted into embedded practice. Firms that 

treat AI adoption as a discrete deployment rather than an extended process of co-invention are likely 

to remain in the early phase of the implementation J-curve indefinitely (Brynjolfsson et al., 2017, pp. 

11, 30). Execution-oriented activities are both most amenable to AI and most amenable to 
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cross-border standardisation, making them the natural entry point for multinational rollout. 

Judgment-intensive activities require a different logic, instead of  transferring AI tools designed in one 

national context directly to others, managers should invest in building local absorptive capacity in 

each market so that frontline professionals can critically evaluate and contextually adapt AI outputs 

(Stabell & Fjeldstad, 1998, pp. 423–424). 

Governance design deserves deliberate and early attention. In every case in this study, formal 

governance arrived after adoption was already in motion. A lag that is particularly consequential for 

multinational service firms because poorly governed AI adoption in one national unit can propagate 

risks across the international network before governance mechanisms can respond. Layered 

architectures combining global baseline standards with regional compliance adaptation and 

operational adherence management, as demonstrated at Company E, are better positioned to sustain 

AI development than either purely centralised or purely decentralised designs (Teece, 2007, pp. 

1336–1339). Managing human-AI complementarity is an ongoing operational responsibility rather 

than a one-time change effort (Autor, 2015, pp. 5–6). Speaker 4 also supports this by proposing a 

vulnerable AI forum at Company C, identifying a governance gap that the technical literature rarely 

addresses, namely the psychological safety conditions that allow employees to acknowledge 

unfamiliarity with AI without stigma. Finally, the EU AI Act and jurisdiction-specific data 

requirements are structural features of the operating environment for any European-headquartered 

MNE, and governance designs treating compliance as a regional capability embedded in the 

organisational architecture are better positioned than those treating regulation as an external 

constraint. 

6.4 Limitations and Directions for Future Research 

The qualitative component is based on a limited number of firms and interviews, and the findings 

cannot be statistically generalised beyond the cases studied. The anonymisation of companies and 

speakers, limits the extent to which findings can be contextualised against publicly available 

information. The study was also conducted at a moment of rapid diffusion but considerable regulatory 
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uncertainty, and the dynamics observed may shift as the technology and its regulatory environment 

mature. The quantitative component, based on SCB secondary data, was used descriptively rather than 

for causal inference. Future research combining longitudinal panel data with firm-level qualitative 

tracking would be valuable for examining how the J-curve pattern unfolds over time and which 

organisational investments most reliably accelerate the transition from potential to realised absorptive 

capacity (Brynjolfsson et al., 2017, pp. 11, 30). 

Several theoretical and empirical gaps remain. The role of subsidiary type and institutional distance in 

shaping AI adoption within the same MNE warrants dedicated investigation, extending Kostova's 

(1999, p. 308) work on practice transfer to the demands of AI as a data-dependent and often centrally 

managed technology. The Company C findings also point to a need for research on how governance 

committees in highly regulated industries can balance risk management with the exploratory 

investment required by general purpose technologies, and the scalability of champion-dependent 

initiation models across international operations remains an important open question. Comparative 

research across European countries would help clarify the extent to which Sweden's particular 

institutional context shapes AI implementation outcomes in ways that are nationally specific rather 

than generalisable to multinational service firms headquartered elsewhere. 

6.5 Concluding Remarks 

The development of AI is reshaping the conditions under which service firms create and deliver value. 

This study has argued, and shown empirically, that the implementation of AI in Swedish multinational 

service firms is fundamentally an organisational process rather than a technological one. The tools are 

available, what varies is the capacity to integrate them.That capacity depends on the firm's existing 

resource base and on the organisational routines and social mechanisms governing whether AI 

knowledge is converted from potential into embedded practice. It also depends on the governance 

architectures designed to coordinate AI across geographically dispersed operations, and on the 

dynamic capabilities that allow firms to adapt as the technology and its regulatory environment 

evolve. 
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The most developed firm in this study, Company E, had not resolved these challenges. It had simply 

invested more deliberately, over a longer period, in the organisational conditions required to manage 

them. That investment generated a qualitative transformation in service delivery, enabling consultants 

to shift from reactive problem-solving to proactive risk management across different national markets. 

The transformation did not result from the AI tools themselves but from the organisational system 

within which they were embedded. This system included a layered governance architecture spanning 

global, regional, and operational levels, knowledge-sharing mechanisms moving locally generated 

insights across the international network, and sustained managerial attention to human-AI 

complementarity across culturally diverse workforces. AI generates value not as a standalone 

technology but as part of a broader organisational system, and building that system across the 

diversity of contexts in which multinational service firms operate is the central and enduring challenge 

of AI implementation. 
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8. Appendix 

Appendix 1 – Interview Guide 

 

(Semi-structured interview.) 

Section 1: Role & Organizational Context  

Purpose: Position the respondent within decision-making, governance, and operations 

Could you briefly describe your role and your involvement in AI-related activities? 

-​ Strategic, operational, or governance-related responsibilities? 

How is AI organized within your company? 

-​ Centralized, decentralized, or hybrid structure? 

Section 2: Initiation of AI  

Purpose: Understand how AI development is initiated and driven 

How was AI initially introduced in your organization? 

-​ Top-down (e.g., HQ-driven strategy)? 

-​ Bottom-up (e.g., local initiatives)? 

-​ External drivers (e.g., clients, competitors, regulation)? 

How are new AI initiatives identified today? 

-​ Who can propose them? 

-​ Are there formal processes or governance structures? 
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How are AI projects prioritized and selected? 

-​ Based on business value, risk, cost, or other criteria? 

-​ Centralized vs. local decision-making? 

Section 3: Governance of AI 

Purpose: Capture how AI is controlled, regulated, and overseen 

How is AI governed within the organization? 

-​ Are there formal policies, frameworks, or guidelines? 

-​ Who is accountable for AI-related decisions? 

How do you address issues such as: 

-​ Data privacy and security? 

-​ Ethical considerations and responsible AI? 

-​ Risk management? 

To what extent are AI practices standardized across the organization? 

-​ Global standards vs. local flexibility? 

How are AI initiatives monitored and evaluated? 

-​ KPIs, review boards, audits? 

How do regulatory environments (e.g., EU AI Act or other national regulations) influence your AI 

work? 

Section 4: Management & Operational Practices  

Purpose: Understand how AI is developed and managed in practice 
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How is the day-to-day work of developing and implementing AI organized? 

-​ Cross-functional teams? Dedicated AI units? 

What types of skills and resources are required? 

-​ Technical (e.g., data science), business, or hybrid roles? 

How is AI integrated into existing services and processes? 

How do you manage organizational change related to AI? 

-​ Employee adaptation, resistance, training? 

How do you scale AI solutions across the organization? 

Section 5: International Coordination  

Purpose: Capture multinational dynamics 

How do you coordinate AI activities between headquarters and international subsidiaries? 

How do you balance global standardization with local adaptation? 

Do you observe differences across countries that affect AI development? 

-​ Regulatory environments? 

-​ Market conditions? 

-​ Digital capabilities? 

How is knowledge and best practices related to AI shared across the organization? 

Section 6: Reflections & Future Outlook  

Purpose: Capture maturity and strategic perspective 
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How would you describe your organization’s current level of AI maturity? 

What are the main challenges in initiating, governing, and managing AI? 

What factors have been most critical for success so far? 
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