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Abstract 

This thesis investigates how artificial intelligence (AI) transforms business operations in 

early-stage startups. Although AI is widely accessible through commercially available tools, its 

broader implications for value creation, value capture, and organizational capabilities remain 

underexplored. To address this gap, the study adopts a qualitative research design based on 

semi-structured interviews with entrepreneurs, venture capitalists, and AI specialists in Silicon 

Valley and analyzes the data through an abductive approach. The findings show that AI is 

applied across a wide range of business activities and can be viewed through three mechanisms: 

replacing routine tasks, reinforcing existing processes, and revealing new opportunities. AI 

increases efficiency, lowers technical barriers, and accelerates product development. However, 

its role in enabling fundamentally novel business models is limited, as it primarily supports 

incremental innovation through the recombination of existing knowledge. The study also 

identifies key constraints and trade-offs in AI adoption, including the risk of hallucinations, 

dependence on external vendors, and issues related to data confidentiality and governance. As AI 

becomes embedded in workflows, it shifts roles toward orchestration, validation, and decision 

processes. This thesis contributes to theory in two ways. First, it shows that AI enhances value 

creation but constrains value capture due to vendor dependence and commoditization of 

capabilities. Second, it introduces three AI-Mediated Capabilities–AI Orchestration, Data 

Sovereignty, and Cognitive Control. Overall, the findings show that value creation and capture 

with AI depend not only on adoption but also on how firms govern the integration of AI into 

their business models. 
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1. Introduction 
 

This chapter introduces the purpose of this thesis and its motivation. It begins with background 

on the rapid expansion of artificial intelligence (AI) and its relevance to early-stage startups, 

followed by a discussion of the problem that situates AI within the literature on value creation, 

value capture, and business models. It then presents the purpose and research questions, and 

closes with the delimitations that define its scope. 

 

1.1. Background 

AI has long been framed as a technology from the future. However, in late 2022, this framing 

shifted: the public release of ChatGPT in November 2022 marked an inflection point in 

adoption–after two years, by December 2024, ChatGPT alone had 300 million weekly users 

(Bick et al., 2026). Despite the momentum, organizational gains remain uncertain, with most 

initiatives failing to deliver expected returns (Ångström et al., 2023). 

In the context of this rapid expansion in AI adoption, early-stage startups play a central role. As 

new entrants, they often lead innovation processes, experimenting with emerging technologies 

and novel business models while challenging incumbents (Christensen, Raynor, & McDonald, 

2015). AI has been explored as a tool to augment entrepreneurship, enabling opportunity 

identification, enhancing decision-making, and supporting business model innovation (Shepherd 

& Majchrzak, 2022; Jorzik et al., 2024).  

However, the role of AI in businesses remains ambiguous. On the one hand, AI functions as an 

operational tool, improving efficiency, automating tasks, and reducing costs (Pettersson, 

Björkdahl, & Holgersson, 2025). On the other hand, AI drives deeper transformations, reshaping 

business models, competitive positioning, and organizational capabilities (Choudary, 2025).  
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 1.2. Problem Discussion 

AI is commonly defined as a set of technologies that replicate or augment human intelligence, 

often through machine learning and data-driven algorithms. It has broad implications for 

processes such as learning, collaboration, and innovation (Holm et al., 2023). In an 

entrepreneurial context, AI is understood as a means of augmenting, rather than replacing, 

human judgment, extending the entrepreneur's cognitive reach in opportunity recognition, 

resource acquisition, and decision-making, while leaving identity, vision, and ethical 

commitments to the founder (Shepherd & Majchrzak, 2022).  

However, the academic understanding of AI remains fragmented and characterized by conceptual 

ambiguity. Existing research has classified its application as replacing, reinforcing, or revealing 

human activities (Gama & Magistretti, 2023), highlighting its potential to automate tasks, 

support decision-making, and enable novel solutions. While these perspectives provide useful 

categorizations, they offer limited clarity on the strategic role of AI in firms. Prior studies 

suggest that AI supports decision-making, enhances customer relationships, and improves 

product and service development (Borges et al., 2021).  

AI, as an efficiency-enhancing tool and driver of structural change, is relevant to value creation 

and value capture. Value creation is a characteristic of the system in which a firm operates 

(Brandenburger & Stuart, 1996), while value capture depends on how firms organize and 

perform activities to appropriate part of that value as profit (Bowman & Ambrosini, 2000). This 

organization of activities is reflected in the business model, which articulates how value is 

created, delivered, and captured (Teece, 2010). If AI affects both how activities are performed 

and how they are configured, it may reshape operational efficiency and the underlying logic of 

business models.  

The implications of this shift are particularly pronounced in early-stage startups. These firms 

operate amid high uncertainty and continuously develop and refine their business models through 

iterative experimentation (Ries, 2011; Obschonka et al., 2025). As a result, decisions about 

adopting AI are not limited to operational improvements; they may also affect the venture's 

fundamental structure. While startups are often at the forefront of experimenting with new 
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technologies, existing research provides limited insight into how AI is actually integrated into 

their business activities and decision-making processes. 

Although prior studies have explored AI in the context of business model innovation, they 

remain fragmented and largely focused on application-specific cases, in which a single AI tool or 

use case is isolated, and its effects are studied (Jorzik et al., 2024). This narrow focus limits 

understanding of broader patterns in how AI reshapes business activities and constrains 

theoretical development. 

Consequently, existing research remains limited in explaining how AI shapes business activity at 

the venture level, as it is predominantly focused on isolated applications rather than on their 

integration within the firm. This fragmentation constrains the understanding of how AI 

contributes to value creation and value capture within a broader organizational system. 

Addressing this gap, this study examines how AI is enacted across the venture as a whole, 

focusing on how entrepreneurs interpret, apply, and integrate AI into their business activities. 

1.3. Purpose and Research Question 

The purpose of this thesis is to explore how AI is reshaping early-stage startups. To achieve this, 

we investigate how entrepreneurs, venture capitalists, and AI specialists interpret and integrate 

AI into business activities, focusing on its applications, constraints, and strategic implications. 

Two research questions guide this thesis. The first addresses how AI is applied in early-stage 

startups, responding to the lack of empirical insight into how entrepreneurs embed these tools 

into their ways of working: 

RQ1: How is AI applied in early-stage startups to perform and enhance business activities? 

The second addresses the boundaries of this integration, focusing on how the adoption of AI 

unfolds under uncertainty, resource constraints, and organizational dynamics: 

RQ2: What limits and trade-offs arise when integrating AI into early-stage startups? 
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Together, these questions move beyond a technological perspective of AI and instead examine 

how it is enacted in practice. By doing so, this thesis contributes to understanding how 

early-stage startups leverage AI, the tensions and risks that emerge, and the implications for 

value creation, value capture, and strategic management. 

1.4. Delimitations 

This thesis is subject to three delimitations. First, it focuses on AI in a business context, 

particularly tools that support and augment entrepreneurial activities. Second, the thesis focuses 

on early-stage startups, defined as ventures in the process of developing and refining their 

business models. Third, the empirical context is restricted to Silicon Valley, a leading ecosystem 

for AI development and adoption. This section further specifies the scope and definitions 

underlying each delimitation.  

1.4.1. Artificial Intelligence 

In their systematic literature review, Collins et al. (2021) highlight the lack of cohesion in how 

AI is defined in the literature. In response, this thesis adopts a definition through exemplification. 

Specifically, AI refers to commercially available, arm’s-length generative AI tools used in 

business contexts. Examples include ChatGPT (OpenAI), Claude (Anthropic), NotebookLM, and 

Gemini (Google). 

These tools are typically accessed through conversational interfaces, where users provide 

prompts and receive generated outputs. They are based on statistical models trained on large 

datasets and can produce content in multiple formats, such as text, images, or code. In addition to 

their initial training, such systems may incorporate external data sources, such as internet search 

or user-provided documents, to enhance responses (Feuerriegel et al., 2024). 

This delimitation focuses on the application of these tools as accessible, general-purpose 

technologies that support and augment entrepreneurial activities. Accordingly, the thesis does not 

address the technical development of AI models, underlying architectures, or specialized 

domain-specific systems, but rather how entrepreneurs interpret, apply, and integrate AI into 

their activities. 
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1.4.2. Early-stage Startups 

This thesis focuses on early-stage ventures, defined as organizations in the process of 

establishing their business model, validating product-market fit, and developing the capabilities 

required to create and capture value. This definition aligns with the stages commonly associated 

with pre-seed, seed, and series A ventures (Tidd & Bessant, 2021, chap. 12).  

This delimitation is motivated by three considerations. First, early-stage startups operate in 

high-uncertainty, resource-limited environments, making decisions about AI significant because 

they influence not only operations but also the startup’s development. Second, their small size 

and organizational proximity enable founders and early teams to remain closely involved in both 

the adoption and the application of AI, allowing strategic reasoning to be observed in practice. 

Third, the early stages of venture development are when the effects of AI on business activities 

are most visible (Obschonka et al., 2025), making this context particularly suitable for this thesis. 

1.4.3. Silicon Valley 

This thesis is geographically bound to Silicon Valley, CA, United States. This region, specifically 

the Bay Area, hosts one of the highest concentrations of AI-native startups globally and captured 

approximately 60% of global AI venture capital in 2025; the Bay Area alone received more than 

75% of U.S. AI funding (Teare, 2025). 

In this context, Silicon Valley represents a leading environment for AI development and 

adoption, providing entrepreneurs and venture capitalists with exposure to emerging tools, 

technologies, and practices. The ecosystem's vitality is sustained by dense social networks that 

connect entrepreneurs, investors, and research institutions, shaping legitimacy, signaling, and 

knowledge flows (Ferrary & Granovetter, 2009). Such a concentration of expertise makes Silicon 

Valley a suitable context for this thesis, as a high-density expert environment is an ideal setting 

for investigating a phenomenon (Bell et al., 2019, pp. 394-395). 
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1.5. Disposition 

This thesis is organized into seven main chapters. The first chapter provides the background, 

motivation, research questions, and delimitations of the thesis. The second chapter presents the 

theoretical framework, covering the literature that will guide the analysis and discussion. The 

methods are described in the third chapter, which shows our choices considering design, data 

collection, sampling, and analysis. In the third chapter, we also acknowledge ethical 

considerations, validity, and trustworthiness. The fourth chapter presents our empirical findings, 

followed by the fifth, which analyzes these findings in light of the literature. In the sixth chapter, 

we present our analysis and the theoretical contributions that follow. Lastly, the final chapter 

presents the answer to our research questions, outlines the theoretical and practical contributions, 

and discusses potential future research based on the thesis's limitations.  

 

Figure 1: Structure of the thesis. 
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2. Theoretical framework 
 

This chapter develops a theoretical foundation to understand how artificial intelligence (AI) 

reshapes early-stage startups by integrating perspectives on value creation, technological 

change, and organizational and individual behavior. By first examining how firms create, 

capture, and sustain value through resources, capabilities, and strategic choices. It then 

considers AI as a driver of value creation and execution, focusing on how data-driven learning 

and digital technologies transform business activities. Finally, it addresses the constraints, 

agency, and adoption processes that shape the implementation of AI in practice, highlighting the 

roles of organizational structures, entrepreneurial judgment, and individual acceptance in 

determining how technological change unfolds. 

 

 

Figure 2: Theoretical framework structure 
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2.1. Value and competitive advantage foundations 

Understanding how firms create and capture value requires a conceptual foundation that 

distinguishes between value generation at the system level and value appropriation at the firm 

level. This investigation examines how resources, capabilities, and strategic choices contribute to 

competitive advantage and how firms sustain and protect the value they generate over time. By 

integrating perspectives on value creation and capture with resource- and capability-based views, 

this block provides the theoretical basis for analyzing how firms position themselves to benefit 

from technological change. 

2.1.1. Value creation and capture 

Value creation concerns all the players in a vertical chain, being a characteristic of the system, 

and is related to buyers’ willingness to pay and suppliers’ opportunity cost, while value capture 

concerns how the created value is distributed across actors, depending on the outcomes of 

bargaining power between buyers, firms, and suppliers (Brandenburger & Stuart, 1996). Value 

creation and capture do not necessarily align, as firms may experience value slippage (when one 

actor appropriates value created by another), which relates to use value and exchange value. Use 

value reflects customer-perceived utility, that is, the specific qualities of a product or service as 

perceived by users in relation to their needs. Exchange value represents the monetary amount the 

user pays. Value slippage occurs when the perceived use value is high while the realized 

exchange value remains low (Lepak et al., 2007). Value slippage limits the firm’s ability to 

appropriate, through profits, the value it creates, and value capture is shaped by how firms 

organize and perform activities and depends on the firm's bargaining relationships with resource 

suppliers and other actors (Bowman & Ambrosini, 2000). 

The ability to capture value depends not only on its creation but also on the firm’s capacity to 

sustain and protect it over time. Competitive advantage depends on resource heterogeneity 

(resources with superior productivity within an industry), ex post limits to competition (which 

prevent competitors from eroding the value generated by these resources), imperfect mobility 

(which binds resources to the firm), and ex ante limits to competition (which prevent firms from 

paying too much to obtain those resources in the first place), which together enable firms to 
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sustain the value they generate over time (Peteraf, 1993). Building on this perspective, a business 

strategy involves the design of mechanisms to protect value from imitation and erosion, as 

business models alone are often insufficient to sustain competitive advantage and require 

coupling with strategy to prevent imitation, and includes segmenting the market, defining a value 

proposition for each segment, and setting up the apparatus to deliver that value. The business 

model describes the logic by which a firm creates and captures value, including how it creates 

and delivers value to customers and converts payments into revenues and profits through a 

structured architecture of costs and revenues (Amit & Zott, 2001; Teece, 2010; Zott & Amit, 

2010). 

Hence, although closely related, value creation and value capture, business strategy, and business 

models are conceptually distinct: the business model can be understood as the structure that 

converts potential value creation into actual value capture, whereas business strategy concerns 

how this value capture is protected and sustained over time. 

2.1.2. Resources, capabilities, and competitive advantage 

The resource-based view holds that firms create competitive advantage from organizational, 

physical, and human resources that are valuable, rare, imperfectly imitable, and not substitutable, 

where valuable resources contribute to improving a firm’s effectiveness and efficiency in its 

activities, and sustained competitive advantage arises when competitors are unable to replicate 

the benefits generated by these resources (Barney, 1991). Realizing value from resources 

requires control over specialized and/or cospecialized complementary assets that enable 

commercialization, as the ownership of such assets influences which firms capture value from 

innovation and may allow better-positioned imitators to outperform innovators (Teece, 1986). 

However, the value of these resources depends on context, which motivates a dynamic approach 

to value creation. 

Dynamic capabilities describe the firm’s ability to integrate, build, and reconfigure internal and 

external competencies to address rapidly changing environments, referring to the capacity to 

renew competencies in response to shifts in technology and market conditions, with a central role 

for managerial processes that coordinate, learn, and reconfigure organizational activities over 
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time (Eisenhardt & Martin, 2000; Teece et al., 1997). They represent higher-order capabilities 

that modify the firm’s operational capability set, which consists of routine, learned, and patterned 

activities that enable the firm to perform its ongoing operations, in contrast to operational 

capabilities, which enable routine production, while higher-order capabilities are associated with 

changes in products, processes, or markets beyond the firm’s existing activities (Winter, 2003). 

These capabilities are commonly disaggregated into sensing, seizing, and transforming: sensing 

involves identifying opportunities and threats; seizing involves mobilizing resources; and 

transforming entails reconfiguring assets and capabilities, and those capabilities are enacted by 

entrepreneurial leadership (Teece, 2007; Teece, 2012). 

Identifying dynamic capabilities assumes that firms possess identifiable, routinized processes for 

modifying operational capabilities in response to environmental change. However, in practice, 

such processes are often not formally specified or clearly articulated, particularly in early-stage 

firms, making them difficult to observe and identify empirically. The lack of observability occurs 

because developing and maintaining such processes requires sustained managerial effort, and 

they are rarely explicitly defined in organizational practice (Arend & Bromiley, 2009). Dynamic 

capabilities manifest differently in new ventures than in established firms: new ventures tend to 

improvise, rely on trial and error, and learn through action, whereas incumbents rely more on 

experience and deliberate planning (Zahra et al., 2006). In early-stage entrepreneurship, dynamic 

capabilities emerge through an iterative process of allocating scarce resources by individuals or 

small teams. These capabilities reside primarily within the entrepreneurial team and are 

characterized by the ability to improvise and reinterpret how resources are used to match 

uncertain, changing market needs, often through experimental changes to the resource base 

(Boccardelli & Magnusson, 2006). 

In startups, due to limited internal resources, traditional dynamic capabilities (sense, seize, and 

transform) are complemented by the founder’s managerial capabilities, including perception, 

attention, problem-solving, reasoning, communication, and social cognition (El Hanchi & 

Kerzazi, 2020; Engelmann, 2023). The authors show that sensing is supported by technological 

and learning capabilities that enable the identification of opportunities despite limited internal 

resources. Seizing is reflected in business model design, resource allocation, and funding 
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decisions, through which resources are mobilized to pursue opportunities. Transforming occurs 

through the continuous reconfiguration of capabilities, including the adaptation of products, 

processes, and organizational arrangements. 

El Hanchi and Kerzazi (2020) propose a structured framework where dynamic capabilities 

(sensing, seizing, and transforming) are operationalized in early-stage ventures through nine 

foundational capabilities (Figure 3). These foundations are organized into three groups 

(Innovation Capability, Supporting Capabilities, and Startup Entrepreneurial Capabilities), and 

are mapped across the sensing, seizing, and transforming dynamic capabilities. This framework 

serves as the foundation for the discussion in Chapter 6.  

 

Figure 3: Startup dynamic capabilities architecture across sensing, seizing, and transforming. 

Adapted from El Hanchi and Kerzazi (2020). The figure organizes startup capabilities into three 

groups–Innovation Capability, Supporting Capabilities, and Startups Entrepreneurial 

Capabilities–and maps them across the sensing, seizing, and transforming dimensions of 

dynamic capabilities. 
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2.2. AI as a driver of value creation and execution 

AI introduces new mechanisms for value creation by transforming how firms generate, process, 

and apply knowledge in their activities. Through automation and enhanced decision-making, AI 

reshapes both innovation processes and operational execution. This block examines how AI 

affects business activities, considering learning, product development, and business model 

redesign, highlighting its role as a technology that alters how value is created and delivered. 

2.2.1. AI, data, and learning processes 

Increasing access to information does not automatically translate into effective knowledge 

application, as learning depends on absorptive capacity, which is constrained by prior 

knowledge. This prior knowledge enables the assimilation and exploitation of new knowledge 

and evolves cumulatively over time, leading to path-dependent learning processes that shape the 

firm’s ability to recognize and evaluate new information within specific domains (Cohen & 

Levinthal, 1990; Zahra & George, 2002). In the context of AI, information and data become 

central inputs for learning, as machine-learning systems extract patterns and relationships from 

large datasets to improve performance and perform tasks, particularly in settings where inputs 

and outputs are well defined, feedback is clear, and performance can be evaluated against explicit 

goals and metrics, being anchored in historical data and may not reliably generalise to novel 

decision contexts (Brynjolfsson & Mitchell, 2017; Sako & Felin, 2025). However, the 

implications of data extend beyond its technical use in learning processes. 

In digital-based businesses–where value creation is organized through digital platforms and 

data-driven interactions–value capture increasingly depends on orchestrating complementary 

assets within ecosystems, as standards and modular interfaces coordinate interactions among 

actors rather than relying solely on ownership of core technologies (Teece, 2018a; Teece, 2018b). 

Within such configurations, data emerges as a key resource generated through these interactions, 

linking ecosystem orchestration to learning processes. As firms translate customer data into 

product improvements, enhanced performance attracts additional users and usage, generating 

further data and reinforcing subsequent improvements: this data-enabled learning creates 

self-reinforcing dynamics that can sustain competitive advantage over time, such that long-term 
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competitiveness depends not only on data accumulation but also on the firm’s ability to convert 

data into learning and product enhancement (Hagiu & Wright, 2023). 

2.2.2. AI in business activities 

Digital technologies enable more fluid and iterative innovation processes, as product and service 

boundaries become more porous, allowing offerings to evolve continuously after deployment and 

supporting generative dynamics, in which solutions are progressively modified and extended 

over time (Nambisan, 2017). AI can be understood as a specific class of digital technologies that 

extends these generative and iterative dynamics within organizational activities. 

AI presents various outcomes for business, including product and service innovation, process 

transformation, business model transformation, and social innovation, reflecting its role in 

enabling firms to generate, process, and apply knowledge to support innovation and operational 

activities, as well as to customize offerings and manage product and service development 

through data-driven approaches (Mariani et al., 2023). More generally, AI can influence business 

activities through three primary mechanisms: replacing tasks by optimizing and automating 

processes, reinforcing human decision-making and analytical capabilities, and revealing novel 

solutions that would otherwise remain undiscovered (Gama & Magistretti, 2023).  

AI enhances the ability to search for, identify, and evaluate potential business opportunities by 

helping actors detect relevant signals within large, complex information environments and 

separate meaningful patterns from noise that would otherwise remain hidden (Shepherd & 

Majchrzak, 2022). In parallel, AI improves operational efficiency by optimizing internal 

processes, generating measurable gains through automation and performance improvements, 

particularly in activities where outcomes can be clearly defined and monitored (Pettersson et al., 

2025). Taken together, these effects indicate that AI reshapes business activities by enhancing 

how firms identify opportunities, experiment with solutions, and execute operations. 

From a broader perspective, AI tools enhance a firm’s innovation capabilities. AI can support the 

search for potential partnerships and the evaluation of ideas (enhancing open innovation), enable 

new markets and business models (enabling open innovation), and produce business ideas 
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(replacing open innovation) (Holgersson et al., 2024). Structurally, AI contributes to value 

creation by enabling new business model configurations. These configurations can take different 

forms depending on the role of AI in value creation and the degree of change involved, ranging 

from applications that improve existing processes (technology implications) to the active 

adaptation of existing business models (reconfiguration), as well as more radical approaches in 

which AI becomes central to value creation in specific business model dimensions (focused 

business model innovation) or drives broader, ecosystem-level transformations (transformative 

business model innovation) (Jorzik et al., 2024; Myers & Albats, 2024). 

2.3. Constraints, agency, and adoption of AI 

While AI creates new opportunities for value creation, its implementation is shaped by 

organizational constraints, individual agency, and the dynamics of adoption. Firms operate 

within path-dependent structures and interdependent ecosystems that influence their ability to 

deploy and control AI technologies. At the same time, entrepreneurial judgment and individual 

perceptions determine how technologies are interpreted, adopted, and used in practice. This 

block explores how these factors jointly shape the uneven and context-dependent integration of 

AI into business activities. 

2.3.1. AI, dependency, and control 

Decision-making in organizations is constrained by their history, driven by a self-reinforcing 

dynamic. Early choices and actions, shaped by existing routines, rules, and organizational 

culture, trigger development processes, in which subsequent decisions build upon prior ones, 

which eventually locks into a self-reinforcing, difficult-to-abandon organizational path, as the 

scope of action becomes progressively restricted through mechanisms such as managerial 

cognition, resource commitments, and increasing switching and sunk costs, reinforcing the 

persistence of the dominant pattern over time (Sydow et al., 2009). As firms develop capabilities, 

including those related to external technologies, such path-dependent processes lead them along 

specific technological trajectories, increasing their interdependence with other actors. 
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An ecosystem is a configuration of interdependent actors aligned around a value proposition, in 

which value creation depends on an underlying alignment structure coordinating the activities 

and positions of multiple participants, and where multilateral relationships cannot be 

decomposed into independent bilateral interactions, requiring the focal firm to align partners and 

secure its role within the broader configuration (Adner, 2017; Helfat & Raubitschek, 2018). 

Within such systems, firms rely on group-level coordination driven by complementarities, as the 

value of individual components depends on their compatibility with other components and on 

their joint production and consumption, requiring coordination across multiple actors to ensure 

alignment, interoperability, and the realization of system-level value (Ennen & Richter, 2009; 

Jacobides et al., 2018). However, the need for coordination around complementarities also 

introduces control asymmetries, as some actors occupy more central or indispensable positions 

within the system, accumulating knowledge and capability advantages through their 

collaborative networks (Powell et al., 1996). 

Value creation and capture are unevenly distributed, depending on which actors control critical 

components and relationships within the system, as not all complementarities are equally 

important and value depends on the coordination of specialized complementarities that require 

deeper integration, co-specialization, and coordination, while capabilities themselves are 

path-dependent, rooted in routines, experience, and historical development, reinforcing the 

position of actors around these critical relationships over time (Felin & Foss, 2023). 

2.3.2. Entrepreneurial judgment under uncertainty 

Entrepreneurial judgment in high-uncertainty environments follows an effectuation logic rather 

than a causation logic, where decisions are made through improvisation, based on the means 

available to the entrepreneur, rather than on predictive optimization derived from historical data, 

as causation processes begin with a predefined goal and focus on selecting optimal means to 

achieve it, whereas effectuation processes start from a given set of means and focus on selecting 

among possible effects that can be created with those means (Sarasvathy, 2001). At the same 

time, entrepreneurship can be understood as a market-making process in which entrepreneurs 

integrate products and markets in novel configurations (Casson, 2005). Accordingly, 

decision-making in entrepreneurship relies on evaluating possible outcomes in light of 
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constraints and opportunities arising from available means, often guided by acceptable levels of 

risk rather than by expected return maximization. 

Entrepreneurship involves constructing novel representations of reality that guide action, 

allowing entrepreneurs to shape outcomes rather than merely respond to given conditions. 

Entrepreneurs rely on simplified representations that select and organize a subset of relevant 

environmental characteristics to make sense of complex and uncertain contexts. These 

representations serve as classification schemes that group similar situations and distinguish them 

from others, thereby influencing how entrepreneurs interpret information and evaluate the 

potential consequences of their actions (Gavetti et al., 2005). Building on this, it therefore 

requires taking responsibility and exercising judgment in the face of uncertainty, committing to 

action despite the absence of complete information, as entrepreneurship involves making 

judgmental decisions about the allocation and coordination of scarce resources, shaping how 

resources are deployed and used in uncertain contexts (Ferrary & Granovetter, 2009; McMullen 

& Shepherd, 2006; Wiklund & Shepherd, 2003). 

2.3.3. AI adoption and organizational change 

When a technology automates tasks, it does not create a new, fixed task structure; rather, it 

creates a continuous reorganization of work. As automation displaces labor from existing tasks, it 

simultaneously enables the emergence of new tasks in which labor retains a comparative 

advantage, thereby continuously reshaping the content of tasks, with these new tasks requiring 

different skills (Acemoglu & Restrepo, 2019). These shifts in task structures unfold at the 

organizational level as ongoing processes of change rather than discrete transitions. 

Such organizational change unfolds as a continuous, adaptive process in dynamic, uncertain 

environments, where change emerges through ongoing interaction, learning, and experimentation 

among actors, rather than as a linear, planned transition from one stable state to another 

(Boonstra, 2023). In this context, anticipated changes (planned in advance) occur alongside 

emergent change (arising spontaneously from the experience of adoption) and opportunity-based 

change (deliberate changes that arise from recognizing new possibilities opened by the 

technology) (Orlikowski & Hofman, 1997). 

19 



 

At the individual level, technology acceptance is shaped by performance expectancy, effort 

expectancy, social influence, and facilitating conditions, which influence behavioral intention to 

use a technology, while facilitating conditions also directly support actual use behavior by 

enabling the necessary organizational and technical infrastructure (Venkatesh et al., 2003). 

Though not yet peer-reviewed, Kosmyna et al. (2025) indicate that, beyond acceptance, AI use 

may also introduce cognitive trade-offs: while AI tools enhance productivity, sustained reliance 

on them has been associated with weaker memory formation and reduced cognitive 

self-monitoring at the individual level. A low degree of acceptance of a technological change 

creates resistance. Resistance can occur at individual, group, and organizational levels and 

emerges when the perceived threats (to established routines, roles, status, or values) exceed the 

perceived benefits, manifesting in different degrees, from inertia (doing nothing), avoidance 

(using workarounds), or even opposition (actively campaigning against) (Lapointe & Rivard, 

2005).  
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3. Methodology 
 

This chapter outlines the methodological foundations of the thesis. It begins with the 

philosophical positioning, research approach, and strategy, followed by the research design, 

data collection, and sampling. It then describes the analytical procedure used to move from raw 

interview material to aggregate themes. It closes with the ethical considerations and the criteria 

applied to ensure validity and trustworthiness. 

 

3.1. Philosophical positioning, research approach, and research strategy 

This section outlines the philosophical positioning, research approach, and research strategy that 

guide the thesis. It clarifies the underlying assumptions about reality and knowledge, as well as 

the strategy adopted for investigating how artificial intelligence (AI) is interpreted and applied in 

early-stage startups. 

3.1.1. Philosophical positioning 

This thesis aims to understand the impacts of AI on early-stage startups through the 

interpretation and sensemaking of the actors involved in the venture-building process. The 

philosophical positioning of the research encompasses its ontological and epistemological 

assumptions (Bell et al., 2019, pp. 25-33). 

Ontology refers to the nature of reality and the assumptions about how phenomena exist, and is 

commonly divided into two positions: objectivism and constructivism (Bell et al., 2019, p. 26). 

Given that this thesis focuses on how actors perceive and interpret the impacts of AI in 

early-stage startups, a constructivist position is adopted. Constructivism holds that organizations 

are socially constructed through human actions and interactions (Bell et al., 2019, p. 27). 

Epistemology concerns how knowledge about reality is generated, and logically follows from the 

ontological stance. Consistent with the constructivist ontology, this thesis adopts an interpretivist 
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epistemology, which assumes that social phenomena carry subjective meanings that must be 

understood from the perspectives of the actors involved. (Bell et al., 2019, pp. 29, 31, 34). 

3.1.2. Research approach 

This thesis adopts an abductive research approach. In contrast to deductive reasoning, which 

tests existing theory, and inductive reasoning, which seeks to build theory from empirical 

observations, abductive reasoning involves an iterative process between data and theory, moving 

back and forth to interpret the phenomenon under study, namely, how AI is understood and 

applied in early-stage startups. This approach enables the researcher to engage with existing 

theoretical frameworks while remaining open to insights emerging from the empirical material, 

thereby allowing for a deeper understanding of the social context (Bell et al., 2019, p. 24). 

3.1.3. Research strategy 

The philosophical positioning is crucial in the social sciences because it shapes research conduct 

(Bell et al., 2019, p. 26). Accordingly, the combination of a constructivist ontology and an 

interpretivist epistemology, together with an abductive reasoning, supports the use of a 

qualitative research strategy, as it emphasizes the interpretation of meanings and experiences in 

context. According to Bell et al. (2019, p. 35), qualitative research tends to focus on how 

individuals interpret reality, which aligns with the aim of this thesis. 

3.2. Research Design 

AI is a contemporary and still-emerging phenomenon. Accordingly, this thesis adopts a 

cross-sectional research design, which involves collecting data from multiple cases at a single 

point in time to produce general findings, rather than focusing on specific cases (Bell et al., 2019, 

pp. 58:67). Given the rapid pace of technological development, applications of AI are 

continuously evolving (Obschonka et al., 2025), making it particularly relevant to capture how 

actors engage with these tools at a given moment. In this context, the research design enables the 

exploration of how AI is applied across different actors and settings. 
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3.3. Data Collection 

Primary data were collected through semi-structured interviews. This methodological choice 

reflects the alignment between research philosophy, approach, strategy, and design. The 

motivation for semi-structured interviews was to balance the exploration of predefined thematic 

areas with the flexibility to uncover additional insights, ensuring consistency across interviews 

while remaining responsive to the evolving landscape emerging from participants’ responses 

(Bell et al., 2019, p. 436). 

Interviews were conducted during February 2026 in Silicon Valley, California, USA. The 

interviews lasted an average of 36 minutes (Table 1). The variation in interview duration was due 

to participants’ availability and time constraints. All interviews were conducted in English, a 

language in which both researchers are professionally proficient, and were audio-recorded and 

transcribed verbatim. 

An interview guide (Appendix A) was developed to follow a semi-structured format, including a 

series of prompts related to the research focus, ensuring that key topics were consistently 

addressed while allowing flexibility for follow-up questions and probing (Bell et al., 2019, p. 

436). The core topics remained consistent across all interviews. At the same time, probes and 

follow-up questions evolved during data collection to account for participants’ diverse 

backgrounds, use cases, and conceptual understandings. While this evolution reduced strict 

comparability across interviews, it facilitated the exploration of emergent themes and unforeseen 

insights, contributing to the identification of new concepts (Gioia et al., 2013; Timmermans & 

Tavory, 2012). 

Before data collection, one pilot interview was conducted to test the interview guide. The pilot 

was not included in the final dataset, resulting in several refinements: the question set was 

streamlined and focused on the core research topic, and phrasing was revised to avoid leading 

formulations identified during the pilot. 
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3.4. Sampling 

Sampling followed both purposive and snowball strategies. Purposive sampling allowed the 

identification of relevant participants for exploratory, theory-building research (Eisenhardt, 

2021). The snowball sampling method was adopted to complement the sample, in which initial 

participants were used to identify additional relevant interviewees (Bell et al., 2019, p. 395). The 

total number of interviews was guided by theoretical saturation, defined as the point at which 

additional data collection no longer yields new insights (Bell et al., 2019, p. 394). 

Interviews were conducted with three groups. Each group of participants (entrepreneurs, venture 

capitalists, and AI specialists) offered distinct perspectives on the impact of AI on early-stage 

startups. Entrepreneurs offered direct experience in adopting and applying AI in their ventures. 

Venture capitalists contributed cross-venture insights into how AI is shaping the logic of 

early-stage investment. AI specialists provided technical perspectives on the capabilities and 

limitations of these tools in practice. Given the cross-sectional research design (Section 3.2), 

each interview was treated as a comparable empirical account, without assigning greater 

analytical importance to any single participant or group. 

The selection of participants followed a set of criteria defined before data collection. However, 

given the abductive logic of this thesis, these criteria were adjusted based on characteristics 

observed during the interview process. Given this, all participants met three criteria. First, 

respondents had to be founders, co-founders, or hold top decision-making positions in 

early-stage ventures, or have at least five years of experience in venture capital or AI. We set the 

experience threshold to ensure that the respondents have had exposure to multiple cycles of 

investment or development, which was important given the thesis's focus on strategic 

decision-making processes and their underlying dynamics. Second, respondents had to be 

actively engaged with current developments in AI, as evidenced by their professional roles and 

recent project involvement. Third, respondents needed to have been active within the early-stage 

business ecosystem within the past two years, ensuring that their reflections were grounded in 

recent practice rather than historical experience in a rapidly evolving field.  
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Of the three participant groups, the AI specialists category requires further clarification. We 

defined the participants in this group as having more than 5 years of technical and professional 

experience in AI and being actively involved in AI-related activities within the startup 

ecosystem, including consulting, mentoring, research, or the development and implementation of 

AI solutions. 

By the thirteenth interview, new codes were no longer emerging, and the final two interviews 

confirmed that additional conversations reinforced existing categories rather than generating new 

ones. Accordingly, theoretical saturation was considered to have been reached. The profile of all 

interviews is detailed in Table 1. 

Table 1: Participant ID, Background, and Interview time in minutes. Identification of participant 

group in ID: E = Entrepreneur, V = Venture Capitalist, S = AI Specialist. 

ID Background Interview time Interview Date Context / Background 

E1 Entrepreneur 35 16/02/2026 Software Engineer 

V2 Venture capital 25 20/02/2026 MedTech 

S3 Specialist 50 11/02/2026 AI Design 

S4 Specialist 23 11/02/2026 Human AI Collaboration 

S5 Specialist 20 10/02/2026 AI and Cyber Security 

E6 Entrepreneur 26 13/02/2026 Robotics 

V7 Venture capital 48 17/02/2026 DeepTech 

S8 Specialist 50 07/02/2026 Entrepreneurship and Technology 

S9 Specialist 44 24/02/2026 AI Ecosystems 

E10 Entrepreneur 33 24/02/2026 Software Engineer 

V11 Venture capital 51 27/02/2026 Emerging Technologies 

V12 Venture capital 40 26/02/2026 DeepTech 

E13 Entrepreneur 25 04/03/2026 Biotech 

E14 Entrepreneur 48 26/02/2026 Computer Architecture 

V15 Venture capital 28 25/02/2026 DeepTech 
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3.5 Data Analysis 

While this study adopts an abductive research approach, the data analysis followed the method 

described by Gioia et al. (2013). The abductive approach guided the overall logic of inquiry 

through iterative movement between empirical data and existing theory (Bell et al., 2019, p. 24), 

whereas the Gioia methodology provided a structured framework for organizing and presenting 

qualitative data. As noted by Gehman et al. (2018), qualitative research can combine inductive 

and abductive elements to balance empirical grounding with theoretical contribution. The 

analytical process is outlined below. 

First-order codes captured informant terms and categories, remaining closely grounded in 

respondents’ own language. Codes were allowed to accumulate without forced consolidation, 

preserving the diversity of informant framings without imposing predefined theoretical 

categories, while remaining open to connections with concepts from the literature review during 

later stages of analysis. Based on these first-order codes, second-order themes were developed by 

identifying similarities and differences among the accumulated categories and grouping related 

terms. At this stage, the analysis shifted from informant-centric descriptions to researcher 

interpretation, cycling between the emerging themes and the literature to assess whether the 

findings aligned with existing concepts or suggested new theoretical insights. Lastly, 

second-order themes were grouped into aggregate themes that represent the overarching 

theoretical insights emerging from the analysis. To illustrate the analytical progression from 

informant accounts to aggregate themes, Table 2 traces two representative examples through the 

three coding stages. Exemplary first-order codes are shown for all second-order codes and 

aggregate themes in Appendix B.  

Table 2: Two illustrative examples of the coding progression from raw quote to aggregate 

dimension. 

Stage Content 

Direct quote 1 
"If you don't understand AI, or if how you understand AI is like science 
fiction, you're gonna have a big problem implementing it." (S3) 

Exemplary first-order code 1 A lack of AI literacy creates barriers to effective implementation 
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Second-order code 1 Continuous skill adaptation to AI 

Aggregate theme 1 Organizational and human adaptation to AI 

Direct quote 2 
"They could just completely go upstream and wipe you out. They could 
offer what you're doing to others." (V11) 

Exemplary first-order code 2 
Suppliers with strong market power can displace dependent ventures by 
moving upstream 

Second-order code 2 Dependency risk from AI 

Aggregate theme 2 Constraints and risks of AI adoption 

The analysis began during data collection, with iterative cycles over six weeks, allowing 

emerging insights to inform subsequent interviews and refine the analytical focus. This iterative 

process reflects abductive reasoning, in which continuous engagement between empirical 

material and sensitizing concepts shapes the analysis throughout, rather than only after coding is 

complete (Gioia et al., 2013). This structure supported theoretical sensitivity and allowed the 

analysis to progress from a descriptive understanding of individual interviews to the 

identification of recurring patterns across the dataset. 

The first step in the coding process was data familiarization, during which interview transcripts 

and recordings were systematically reviewed to develop a deeper understanding of each 

interview and its context. This stage was conducted independently by the researchers, who then 

compared and discussed their observations, enabling initial pattern recognition and the 

identification of anomalies and unexpected insights. All subsequent coding was conducted 

manually in Excel, providing a transparent and auditable record of how codes evolved 

throughout the analysis. Following familiarization, the analysis proceeded according to the 

coding process described above. 

The analytical process was guided by the research questions, with particular attention given to 

how respondents interpreted AI and articulated its role in value creation and value capture across 

different contexts. 
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3.6. Ethical Considerations 

As the research is based on interviews, ethical considerations are integral to ensuring research 

quality and trustworthiness. Participation in interviews was voluntary, and no external funding or 

financial incentives were offered. Interviews were recorded only with respondents' explicit 

informed consent, and the purpose of the thesis and the use of the data were clearly explained 

before participation. Both individual and organizational identities were anonymized to prevent 

sensitive strategic or competitive information from being linked to any participant.  

Data were stored and handled in a secure digital environment, and any software used during the 

research process was selected with compliance and data protection in mind. Access to data was 

restricted to the researchers. All materials and tools, including generative AI, were handled in 

accordance with applicable guidelines.  

Given that the thesis aimed to generate conceptual insights into strategy theory through multiple 

cases and interviews, the ethical risks associated with disseminating the results are considered 

limited, as findings are presented in an aggregated, non-identifiable form. 

3.7. Validity and Trustworthiness 

The quality of the research was addressed through four criteria commonly used to assess 

trustworthiness in qualitative research: credibility (internal validity), transferability (external 

validity), dependability (parallel reliability), and confirmability (parallel objectivity) (Bell et al., 

2019, pp. 363–365). Each of the four criteria is presented below. 

Credibility was supported by practices embedded in the research design, namely the pilot 

interview, verbatim transcription, reaching theoretical saturation, iterative analysis during data 

collection, and independent familiarization followed by reconciliation between the two 

researchers. Credibility was further strengthened through data source triangulation, understood 

here as the use of multiple sources of data on the same phenomenon (Bell et al., 2019, p. 

364-365). The sample was constructed across the three informant groups, each offering distinct 

perspectives on AI in early-stage startups. The three perspectives were treated as complementary, 
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with each group contributing distinct material that, taken together, produced a more complete 

account of the phenomenon than any single group could have provided.  

Transferability was supported through description, achieved by thoroughly documenting the 

research context, design, and analytical process, allowing readers to assess the applicability of 

the findings to other contexts rather than claiming replicability in a statistical sense. 

The following measures supported dependability. The percentage of first-order disagreements 

was 15%. These disagreements were addressed through iterative discussions among the 

researchers, in which coding decisions were revisited by returning to the original transcripts and 

refining or merging codes as needed until consensus was reached. The two-researcher design 

provided continuous debriefing and systematic discussion of interpretive decisions, thereby 

limiting individual bias and reducing the likelihood of unchallenged assumptions (Gioia et al., 

2013). The involvement of a supervisor throughout the Master's thesis process provided an 

additional mechanism for reviewing research decisions and procedures. 

Lastly, confirmability concerns the extent to which findings are grounded in the data rather than 

in the researchers' personal assumptions, which depends on how researcher bias is acknowledged 

and limited (Bell et al., 2019, p. 365). Acknowledging that complete neutrality is not possible, 

reflexivity was used throughout the analytical process to examine and limit the researchers' 

influence. The team consists of two MScs in innovation and industrial management, with 

experience in management consulting and logistics. This professional background informed the 

research interest and provided sensitivity to the practical dynamics of value creation and value 

capture.  
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4. Findings 
 

This chapter presents the empirical findings from fifteen semi-structured interviews with 

entrepreneurs, venture capitalists, and artificial intelligence (AI) specialists. The findings are 

organized around three aggregate themes: the opportunities enabled by AI, the constraints and 

risks of AI adoption, and the organizational and human adaptation to AI. The data structure is 

presented in Appendix B. 

 

4.1. Opportunities enabled by AI 

This sub-chapter covers how AI creates opportunities for early-stage ventures across three areas: 

supporting search and learning beyond a founder's domain expertise, enabling market entry and 

product innovation by compressing development cycles and lowering technical barriers, and 

automating routine tasks to free up time and resources for core business activities. 

4.1.1. AI-supported search and learning 

Participants reported using AI to access information beyond their domain of expertise, with 

applications ranging from learning new topics to reasoning about past events, conducting market 

research, and analyzing industries. AI tools access information from the internet and specialized 

databases and are applied in multiple ways to enhance information retrieval and interpretation. 

V15 reported extensive use of AI to access new information, expand their knowledge beyond 

their expertise, and learn from recorded sales calls, revisiting them for key insights. E10 

described how they used AI to explore potential product development areas and map competitors 

and their business models. V12 described using AI to obtain more information and to analyze 

different industries, conducting, for example, TAM, SAM, and SOM analyses.  

Regarding expanding knowledge in business development, participants reported applying AI to 

identify potential investors for a new venture. E6, for instance, described AI as a key tool for 

narrowing down potential investment options by considering fund specializations and prior 

investments, thereby improving accuracy and efficiency.  
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E13: "I use it a fair amount for market research, and I've even developed a kind of tool 

for market intelligence research." 

Participants justified adopting AI tools for search and learning on two primary grounds: faster 

information retrieval and the ability to synthesize information. These characteristics together 

give AI a clear advantage over traditional search engines. When conducting research with 

traditional search engines, users had to consult different sources and links and eventually 

synthesize the findings to compare information and build an opinion. S3 reported that AI is fast 

at information retrieval, and E1 mentioned the same speed as a quality for searching across 

different vendor types. This speed was particularly evident in technical research, where AI's 

ability to retrieve and synthesize information replaced time-consuming manual searches. E13 

reported using the deep research feature to access patent and market data from verified sources. 

AI’s capacity to synthesize data from diverse sources and to provide pre-analyzed outputs 

enables faster and more efficient information gathering:  

E1: “What are the different kinds of authentication systems that exist? And it pulls the 

information from the Internet and summarizes it very well.” 

Another feature that enhances AI use is the model's ability to interact with users and serve as a 

thinking partner, supporting information search and learning. V15 described using AI to support 

brainstorming and debriefs, helping clarify next steps in technical discussions. Additionally, 

participants frequently reported the constant availability of AI as particularly valuable for 

founders, as it enables more independent work and reduces reliance on advisors or collaborators: 

E6: "The biggest value add that AI has given me is having someone constantly available 

to go back and forth with." 

In summary, participants reported that AI has become a central tool for information search and 

learning. Interviewees highlighted the speed of information retrieval and the ability to synthesize 

diverse sources into pre-analyzed outputs as the main advantages AI holds over traditional search 

engines. Beyond search, the interviews also showed that the interactive nature of AI enables 

founders to use it as a continuously available resource for discussing ideas, reflecting on 
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decisions, and supporting independent work. The following subsection presents empirical 

findings on how participants used AI to support product development and market entry.  

4.1.2. AI-enabled market entry and product innovation 

AI compresses product development cycles, lowers barriers to prototyping, and accelerates 

go-to-market by enabling faster coding, testing, and iteration. The primary impact of AI on 

building a business is shifting the focus from how to build a product to which product to build. 

Such a shift occurs because AI accelerates technical execution across industries and expands 

capabilities to founders without technical backgrounds.  

The impact on coding is explicit, and developers' attention shifts from the solution's technical 

aspects to deciding which solution to develop. Non-technical founders benefit equally, as AI 

enables them to build systems and products that were previously beyond their reach. E1 

described how early prototyping has made more ideas accessible; E10 highlighted that coding 

speed was no longer a bottleneck, while V2 described being able to develop a financial model 

with no prior experience in the field.  

From a venture capital perspective, AI is fundamentally changing what entrepreneurs can 

achieve. V7 stated that development costs would be much lower when using AI. V11 further 

stated that non-technical entrepreneurs can now deliver solutions that weren’t previously 

possible. Furthermore, the speed at which entrepreneurs can build a company is now shorter than 

ever: 

V11: "The amount of time that you could as an entrepreneur grow an incredibly valuable 

company was cut by almost an order of magnitude." 

AI lowers market entry barriers by reducing prototyping and development costs and time. S4 

described being able to build two systems within a month as a single non-technical person, which 

would not have been possible without AI. E13 described how AI was saving significant time 

through computational screening, reducing the need for costly laboratory work and enabling 

more possibilities to be tested before committing resources. In addition to prototyping, AI creates 

a new entrepreneurial environment, enabling products that were not previously feasible: 
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E13: "On the product development side, AI is really unleashing and accelerating our 

business in ways that would not be possible otherwise. We're saving a lot of money and 

resources in the process." 

E13 also noted that AI was accelerating their path to market and that entirely new companies 

were now forming with AI as their core discovery engine, signaling a broader shift in how 

markets are entered and created. 

Overall, participants described AI as accelerating product development across industries by 

compressing iteration cycles and reducing development costs. Interviewees also emphasized that 

AI was lowering barriers for non-technical founders and enabling faster market entry through 

rapid prototyping and AI-driven discovery processes. While this subsection focused on product 

and market development, the following subsection presents findings on AI-enabled automation 

and faster task execution.  

4.1.3. Automation and faster task execution with AI 

AI automates routine tasks, such as summarizing meetings, building presentations, reading and 

elaborating on emails, and performing administrative work. It delivers immediate efficiency 

gains at a generic labor level. Managing a business requires generic activities–structuring 

contracts, attending meetings, creating marketing content, and writing emails–that often require 

outsourcing or diverting attention from core business activities, such as product development.  

In many areas of the organization, AI supports preparation and decreases time spent with 

consultants and associated costs. As E6 described, they streamlined their process for obtaining 

legal advice by collecting much of the initial information in advance and then going to the 

lawyers better informed. Less time is also spent on communication; E14 described being able to 

polish and tailor their communication to diverse English-speaking audiences, despite not being 

fluent in the language. Faster execution of routine tasks can bring significant results, as E1 

described performing tasks that would usually take a month in a week. A wide variety of tasks 

can be executed faster, and AI can deliver immediate efficiency gains: 
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V7: “It used to take me a week to actually draft a report. I can do it in seven minutes, and 

I don't need to hire an analyst.” 

AI is applied to automation for both tasks that would otherwise be done without the tool and 

those that would not be prioritized. E1 used AI to take notes during meetings, summarize them, 

and access the information more easily afterward. AI has also reduced the time spent on some 

tasks. V12 described using it to create pitch decks and templates. V7 used AI as an assistant for 

analyzing sources and research, and writing memos. Similarly, E6 had created multiple 

documents using models trained on their company-specific data. Automation can range from 

small operational tasks, such as transcribing notes, to applications that aim to gain a competitive 

advantage. 

V7: [I] vibe coded my own sales agent over the weekend, because what I do with a lot of 

my portfolio companies is help them find business opportunities. 

Automation and time-saving create room for other business-related activities. E6 reported that AI 

has helped with aspects of their personal life, which in turn has created more time to focus on 

their business. And V15 reported that the freed-up time enabled them to learn how to build and 

optimize systems.  

Across interviews, participants described AI as delivering immediate efficiency gains by 

automating generic tasks that previously required outsourcing or diverted attention from core 

business activities, while also enabling the automation of tasks that could create a competitive 

edge. Interviewees further reported that the resulting time and cost savings created additional 

capacity for value-creating and strategic activities. While the previous subsections focused on 

opportunities enabled by AI, the following section presents empirical findings related to the 

constraints and risks associated with AI adoption. 

4.2. Constraints and risks of AI adoption 

This subchapter covers two themes associated with the constraints and risks of AI adoption: 

limits of AI substitution in entrepreneurial and market activities, where human intervention is 
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needed for validation, and coordination is critical. And dependency risk from AI, where vendor 

dependence, lock-in effects, and data sovereignty are questioned. 

4.2.1. Limits of AI substitution in entrepreneurial and market activities 

The opportunities brought by AI are constrained in business development activities that rely on 

social connections, networking, and the ability to inspire and motivate a team. Participants 

consistently stated that they did not delegate decision-making to the AI due to a lack of trust and 

the belief that it cannot replace human interaction. While AI can support these activities through 

preparation and prioritization, participants emphasized that creating a successful business 

depends on abilities that AI cannot replicate. 

AI is a powerful tool for analyzing information. However, its ability to substitute activities is 

limited in contexts where validation depends on direct human interaction and social networks. 

V7 contacted potential customers of a startup that they were investigating to understand their 

demands and interests in the startup's product or service. And according to V2, contacting people 

still yields better information than AI search. Besides the venture capitalists’ views on networks, 

entrepreneurs understand that gathering firsthand information is valuable for validation: 

E10: “The focus is now on how well you [the entrepreneur] can talk to a customer and 

have them articulate exactly what they need.”  

After a market gap is identified and before leveraging AI for development or execution, human 

coordination and system thinking are critical. V12 pointed out that if everyone were using the 

same dataset, they would not be differentiating themselves, and that the strategy was not really 

novel. V7 stated that AI was intended to be a co-pilot, not a pilot, highlighting that responsibility 

and accountability for decisions remain with the human actor. This view was reinforced by S3, 

who emphasized the need for human judgment in interpreting and validating AI outputs.  

V7: “You still have to write the final document yourself, which is presented to the 

investment committee. So there are safeguards.” 
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Filtering AI’s outputs is common among respondents to mitigate hallucinations (the creation of 

false information) and misinformation. However, AI does substitute for some human-centric 

activities. E6 described their interaction with advisors: instead of going back and forth in 

conversation, the entrepreneur used AI to explore ideas and refine their thoughts before 

discussing them with the advisors. At the same time, participants emphasized that direct human 

interaction remains essential in key entrepreneurial processes. V11 commented on the need to 

meet entrepreneurs in person to gain a deeper understanding of them. At the same time, S8 

described the role of entrepreneurs as going beyond current systemic restrictions to create 

something novel.  

Participants also highlighted limitations related to the use of historical data in AI systems. 

Because AI models rely on patterns derived from past data, their ability to identify novel 

opportunities or generate fundamentally new solutions is constrained. V11 described this as a 

limitation in understanding emerging market opportunities and in developing novel solutions 

based on historical data. 

The interviews showed that participants viewed AI as expanding what entrepreneurs could 

execute while leaving the defining activities of early-stage venture building largely dependent on 

human interaction and judgment. Several respondents described AI as effective at recombining 

and synthesizing existing information but less suited to situations that require novelty, judgment, 

and social interaction. Participants consistently highlighted that identifying opportunities, 

validating them with customers, building networks, and exercising accountability remained 

centered on human involvement and social connections. The following subsection presents 

findings related to dependency risks associated with AI adoption.  

4.2.2. Dependency risk from AI 

Participants reported two main consequences of building capabilities and relying on AI: vendor 

dependence and data confidentiality. Using AI can introduce risks of lock-in effects and 

dependency traps. Data provided to the AI tool determines the quality of the outputs. As a result, 

organizations face a dilemma between providing proprietary data to improve performance and 

retaining governance over that data.  
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Vendor trustworthiness is a major concern for respondents, who question whether AI providers 

will survive, whether prices will rise as the industry matures, and whether quality will degrade 

over time. V2 expressed concerns about rising prices or declining quality as vendors were still 

figuring out their pricing models, and highlighted the risk of dependence on these services.  

The lock-in effect varies by architectural layers and business model. S9 framed switching costs 

as dependent on market segment and product, noting that more personalized solutions tend to 

increase lock-in effects. V11 expressed that actors positioned lower in the value chain could 

easily check which solutions are gaining traction and eventually copy them. And S3 argued that 

the nature of the task was central to whether dependency was an issue. Together, these 

observations reflect that dependency risks vary with the degree of AI integration into the 

business model. Dependency and associated risks lead to the notion of a shifting landscape: 

V2: “We rely on so many [tools], and there're going to be winners and losers, and that's 

going to be a huge shift and difficult for all businesses.”  

In conclusion, the reliance on AI introduces risks that extend beyond individual tool choice to 

questions of vendor viability, architectural positioning, and organizational resilience. The 

trade-off between efficiency gains and retained control defines how exposed a venture is to 

lock-in, price shifts, and loss of differentiation. Managing this exposure requires founders to 

assess where dependency sits in their value chain, how much proprietary data they are willing to 

surrender, and which capabilities must remain independent of any single provider to preserve 

long-term strategic flexibility. 

4.3. Organizational and human adaptation to AI 

This sub-chapter covers three themes: human guidance and verification of AI outputs, where the 

user remains the final validator through domain knowledge, source validation, and prompt 

engineering. Continuous skill adaptation, as individuals and organizations recalibrate to a 

moving target of new competencies, and as roles are shifting. Contextual fit, workforce 

resistance, competitive pressures, and privacy concerns shape organizational dynamics of AI 

adoption. 
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4.3.1. Human guidance and verification of AI outputs 

Effective use of AI depends on human guidance at both the input and output levels. Participants 

consistently stated that outputs cannot be accepted at face value and require domain knowledge, 

source verification, and context awareness to detect errors and hallucinations. 

Having prior knowledge about the topic that AI is generating outputs about is a prerequisite. S3 

argued that one could evaluate the output only if one already knew how to perform the task, as 

without prior knowledge, there was no way to judge its quality. S3 further noted that if a 

company fired its design staff and relied on AI, there would be no one left to review the output. 

A recurring verification pattern is source checking. E6 trusted AI outputs when they could verify 

the sources that the AI had used. V12 also routinely checked sources and tried to understand 

where the model was gathering its source material. 

Respondents frequently mentioned that source verification, combined with prompt engineering, 

reduced hallucinations and improved accuracy. V12 flagged distrust when AI provided data 

without clearly stating the source. S4 argued that AI outputs were often treated as facts but 

lacked contextual awareness. E6 further explained that AI models, particularly LLMs, are trained 

to provide an answer even when context is missing, often leading to hallucinations. In response, 

some respondents reported uploading documents to the models and restricting them to specific 

source material to improve accuracy. 

E10: “[There are ways] to get output to be above 95% accuracy. If you don't want to 

generate anything new and you just want to give them direct text from the PDF.” 

V15 described building a centralized system using agentic AI, but stressed that agentic 

workflows still require a human to close the loop. They also stated that, even when tasks were 

fully automated, someone needed to validate the outputs. V15 further argued that such validation 

was a source of differentiation in how entrepreneurs use AI: not by generating outputs, but by 

orchestrating AI tools and workflows.  

Respondents described AI as dependent on human direction to produce relevant output. V2 

framed this in the context of ideation, in which AI added value only after the entrepreneur had 
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provided clear guidance. E10 described coordinating AI with deliberate prompts that instructed 

the model on what to review and how to elaborate. 

Collectively, the interviews pointed to the importance of human direction and verification in 

extracting value from AI systems. Participants consistently highlighted that domain knowledge, 

source checking, and prompt engineering influence whether outputs are considered trustworthy, 

while the orchestration of the model and its resources affects the relevance of the outputs. 

Respondents further emphasized that, although AI accelerates and expands what entrepreneurs 

can produce, the user remains responsible for validating the final output. The next subsection 

presents findings on continuous skill adaptation associated with AI use. 

4.3.2. Continuous skill adaptation to AI 

The adoption of AI affects individuals and organizations, creating a continuous need for adoption 

at both levels. Individuals need to stay up to date on current tools and navigate the threat of 

replacement and resistance they can create. Participants described AI as requiring ongoing 

personal learning rather than a one-time adjustment. 

AI is a moving target that requires constant calibration of skills and tools. V2 noted that if the 

tools are used every day, gradual learning yields benefits, and V15 described how AI is enabling 

entirely new ways of working at the individual level. Using AI can also improve performance 

over time. S3 described that AI tools can directly improve human performance, provided there is 

a feedback loop.  

New skills are emerging due to AI. V12 consistently experimented with new tools and features 

available to them. E10 emphasized the importance of planning features and orchestrating agents. 

Working with AI requires different approaches, including the ability to structure problems and 

communicate effectively with the system. S5 emphasized that adapting to AI is about upskilling 

and developing new ways of working. Another perspective is that AI is reshaping the nature of 

individual roles: 

E10: “The software engineering job will increasingly be more similar to an English 

major, where you're just able to write very well.” 
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Participants also highlighted that individuals who effectively use AI tools are likely to perform 

better and remain relevant in the workforce. V11 emphasized that highly proficient engineers 

with AI are more productive and more likely to succeed. 

Skill gaps and organizational readiness were also described as challenges. S4 noted that 

understanding AI capabilities remains difficult for many users. S5 reported that while some 

individuals actively engaged with AI tools, many do not adopt them in practice. S3 argued that a 

broad base of AI literacy is essential, as a lack of understanding limits effective use of AI. This 

gap in capabilities was also described as a potential source of failure at the individual level: 

V7: “You [the entrepreneur] can still have a great technical team, but if you don't know 

how to build an AI agent, they're going to fail. Just like technical teams that couldn't hire 

business development people, they failed. It’s the same failure that would apply.” 

Several participants described AI adoption as requiring continuous skill adaptation through 

ongoing learning, experimentation, and the development of new competencies. Participants 

reported needing to adapt to a moving technological target, acquire skills such as prompt 

engineering and system orchestration, and adjust to changes in how their roles are performed. 

While this subsection focused on individual adaptation, the following subsection presents 

findings related to organizational adaptation and AI adoption processes. 

4.3.3. Organizational dynamics of AI adoption 

AI adoption is reshaping how organizations operate, unfolding as an ongoing process rather than 

a one-time implementation. Participants see a need for a better understanding of how AI fits into 

organizational change.  

S4 argued that companies are integrating AI but struggle to adapt it to workers and to understand 

the context of the integration. S4 extended the argument, saying that AI systems need to integrate 

into workflows, rather than a “we just need some AI” mindset. S5 delved deeper into the subject, 

arguing that organizations attempt to force-fit AI into existing processes without fully 

understanding its implications. V15 complemented this by describing a need for organizational 

architectures and systems capable of supporting AI-driven processes.  
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Organizational adoption is also associated with changes in work structure. Teams may become 

smaller and more reliant on AI-supported processes. E13 described a reduction in the need for 

large technical teams, with the number of computational scientists reduced from 10 to 1 for 

oversight. S4 argued that AI changes processes in emergent ways, as people learn and use the 

tool on the fly to create novel solutions that alter an organization’s typical workflow. 

Organizations that implement AI face challenges beyond defining the scope and designing use 

cases. For one, resistance can come from any part of the workforce. S5 mentioned that it's 

common for middle managers to try to block AI initiatives, and E1 experienced initial resistance 

to using AI, noting that the skepticism stemmed from a lack of trust and uncertainty about 

implementation. V2 further emphasized the critical importance of getting the implementation 

right, highlighting that effective adoption is difficult under pressure to deploy rapidly.  

There is pressure to adopt AI, driven by strategic goals and competitive pressure dynamics. V11 

explained that if they can move faster than competitors, they can gain an advantage, and S5 

added that companies that have AI figured out will “eat the competition for lunch”. V2 argued 

that AI democratizes innovation in many ways, increasing competitive pressure and threatening 

existing firms. Adopting AI signals that the company is forward-thinking and up to date: 

E13: "I don't think there's a single company, at least in this space [pharma], that doesn't 

have the word AI somewhere in their marketing material."  

Organizations face concerns regarding confidentiality and data privacy. V15 argued that privacy 

was the most critical from an entrepreneur's perspective. S4 emphasized that governance risks 

and data-related liabilities are central concerns when adopting AI. V15 further noted that privacy 

concerns can slow adoption, while E14 was concerned that sharing data with LLMs could lead to 

trade secret leakage, which is precisely why they chose not to use the tool in some areas of their 

business.  

V12: "The biggest fear that a lot of people have is that the information that you're putting 

into AI is going to be kept with that specific company, even though they say that it's yours 

and nobody's going to really have it."  
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The dynamics of organizations are changing as a result of AI adoption; in many cases, decisions 

are driven from the top down. S3 argued that the imperative for adoption was coming from 

leadership, as executives are being asked, ‘What are you doing about AI?’ and feel pressure to 

implement it. S4 added that a large portion of investment decisions related to AI adoption are 

driven by top-down direction. Furthermore, S3 noted that top-down decisions can create 

confusion, as employees struggle to interpret and apply the technology in practice. S5 

emphasized that leadership alignments and preparedness for AI adoption are often lacking. 

Interviewees commonly reported that organizational AI adoption is shaped by how well the 

technology fits the context in which it is deployed, the resistance it faces within the workforce, 

the competitive pressure driving adoption, privacy concerns, and the direction of implementation 

decisions. Participants described these dynamics as interconnected, noting that top-down 

pressure could override contextual fit, privacy concerns could reinforce resistance, and 

competitive urgency could accelerate adoption beyond what leadership was prepared to guide. 

Respondents further reported that these factors influenced whether AI was integrated effectively 

into organizational processes or instead created organizational friction. 
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5. Analysis 
 

This chapter analyzes the findings presented in Chapter 4 through three complementary lenses. It 

begins by examining how AI supports entrepreneurial activity. It then turns to the constraints, 

risks, and trade-offs that constrain AI adoption, including ecosystem dependencies, limits on 

knowledge integration, and the boundaries of AI in entrepreneurial activities. Finally, it explores 

how individuals and organizations adapt to AI, examining changes in skills, accountability, 

cognitive engagement, and adoption patterns.  

 

5.1. AI-Enhanced Entrepreneurial Processes: Replace, Reinforce, and Reveal 

Gama and Magistretti (2023), classify AI applications in three categories–replace, reinforce, and 

reveal–utilizing the technological–organizational–environmental (TOE) framework. The 

taxonomy shows how AI is adopted as a tool to substitute existing processes, as a lever to 

enhance them, and as a sonar to uncover new opportunities and reveal unpredictable changes. 

While this taxonomy is structured across technological, organizational, and environmental 

dimensions, this thesis applies the three categories at a higher level of abstraction. Our analysis 

focuses on the functional role of AI in business activities rather than systematically 

disaggregating effects across TOE dimensions. 

This section analyzes our findings through this taxonomy. First, we explore how AI has been 

used to partially or fully replace human labor in routine, well-defined tasks. Next, we examine 

how AI enhances activities, improving performance and enabling faster execution in product 

development and market exploration. Last, we analyze how AI identifies new 

opportunities–including new markets, products, and business models–thus expanding 

entrepreneurial activity. Appendix C summarizes the analysis, including representative findings, 

quotes, and supporting literature across the subchapters. 
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5.1.1. Replace  

The description of replace is “AI is adopted as a tool to improve existing processes, substitute 

human beings, and expedite external analyses. The motivation is often economical” (Gama & 

Magistretti, 2023). According to the authors, in the technological context, AI replaces tools in 

tasks previously performed with other technologies. In the organizational context, it replaces 

employees in specific activities. In the environmental context, it automates the process by which 

companies scan and interpret external information. Replace focuses on substituting established 

activities rather than creating new ones. 

Participants reported using AI mainly to automate well-defined, routine tasks. They were 

motivated by efficiency gains and cost reductions. AI tools generated presentations and pitch 

decks, replacing traditional software-assisted workflows (technological context). Entrepreneurs 

used AI to prepare for meetings with external advisors, such as legal professionals, and reduced 

reliance on billable human expertise (organizational context). Participants reported using AI 

tools to transcribe and summarize meetings, replacing manual note-taking and analysis. This 

improved the speed and consistency of information processing. AI was widely used for market 

research and competitor analysis, automating the search and synthesis of external information 

(environmental context). This pattern was not limited to startups; venture capitalists and AI 

specialists reported similar uses. Task substitution through AI extends throughout the 

entrepreneurial ecosystem. 

The effectiveness of AI in replacing human effort depends on the nature of the task. AI performs 

optimally in activities characterized by clear inputs, well-defined outputs, and explicit 

performance criteria (Brynjolfsson & Mitchell, 2017). This perspective aligns with our findings 

on automation and accelerated task execution, in which participants emphasized applying AI to 

tasks with clearly specified, predetermined outcomes. Under these conditions, AI can reliably 

complete tasks that would otherwise require human time and attention. 

Extracting results from AI adoption is easier when it is applied to improve efficiency by reducing 

costs and expenses (Pettersson et al., 2025). Our findings support these results and extend them 

by highlighting the reconfiguration of how entrepreneurs, venture capitalists, and AI specialists 
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allocate their time and effort. By automating routine tasks, AI reduces the time founders or 

employees spend on standardized activities and enables a shift toward more complex, 

higher-value tasks, such as product development. This shift is consistent with the findings of 

Acemoglu and Restrepo (2019), who argue that automation does not eliminate work but 

redistributes it across tasks of varying complexity and value. Thus, AI substitution focuses not 

only on efficiency gains but also on the reallocation of attention within the venture. 

5.1.2. Reinforce 

The description of reinforce is “AI is adopted as a lever to exploit new technological 

opportunities, empower existing processes, assist employees in their activities, and expedite 

external analyses.” (Gama and Magistretti, 2023). The authors explore this application under 

different contexts. In the technological context, AI adds new features to current processes. In the 

organizational context, reinforce refers to AI helping employees make new discoveries. Lastly, in 

the environmental context, AI enhances monitoring of the external environment. Across these 

dimensions, Reinforce captures how AI accelerates and augments ongoing business activities, 

particularly through improved access to and use of information. 

Most participants we interviewed used AI to search for information and learn. Such applications 

occur in domains where the user has prior knowledge, such as quick information gathering, 

focusing on specific points, or analyzing a scientific publication. They also use AI in domains 

where users lack prior knowledge, such as pre- or post-conversation topic investigation or 

technical information searches, to support customer relations. AI searches covered both technical 

and general information. Entrepreneurs and venture capitalists extensively use AI to explore new 

market and product opportunities, including market analysis, potential market estimation, and 

competitor analysis. As an interviewee said, “The more information you have, the more you can 

make good decisions internally.” 

For firms that rely on the internet for their operations, the business model is efficiency-driven, 

informed by data-driven decisions (Amit & Zott, 2001). Our findings support the use of AI to 

search and explore information for businesses. Our findings also support the relationship 

between AI and open innovation. Open innovation is enhanced by AI through the search for 
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innovation and partners, idea assessment, and resource optimization; it is enabled by AI when it 

opens new markets and business models (Holgersson et al., 2024). In our findings, for instance, 

AI-assisted search was used to identify potential investors and partners to expand the ventures, as 

well as to explore new markets and identify new market segments. 

Our findings provide insights into two mechanisms through which AI reinforces search and 

learning activities. First, AI can quickly retrieve information and present it in a concise, focused 

format. Users can specify the information they want and instruct the AI on how the output should 

be delivered, including length, focus, tone, or vocabulary. Second, chat interfaces in most AI 

tools allow users to engage in dialogue, choosing which information to explore further and which 

to ignore. These features reduce research costs compared to traditional search engines, where 

users had to manually locate, summarize, and compare sources. In this process, AI increasingly 

acts as an intermediary through which information is accessed, structured, and interpreted, 

shaping how users engage with knowledge rather than only how fast they retrieve it. 

The integration of digital technologies–such as mobile computing, social media, data analytics, 

and 3D printing–has made the boundaries of entrepreneurship more fluid. The scope and 

development of products now evolve continually, even after market launch (Nambisan, 2017). In 

this setting, AI improves customer relationships by automating engagement (Borges et al., 2021). 

Our findings indicate that AI further shifts this dynamic by reducing technical barriers in product 

development, particularly for code-based products. With AI, most coding can be outsourced to 

the model. Thus, the entrepreneur’s challenge shifts toward listening to customer demand and 

rapidly developing new features to meet it, with the caveat that the coder must shift their role to 

supervising the AI output. 

The consequences for entrepreneurs in the context of innovation and AI cover identifying and 

acquiring knowledge, managing product innovation through analytics, and customizing products 

to gain a competitive edge (Mariani et al., 2023). Our analysis has touched upon most of these 

points. A central element emerging from our data is AI's role in accelerating prototyping and 

product testing. This was cited in all interviews with entrepreneurs. Venture capitalists also 

reported benefits from AI acceleration, including AI-supported assessment of new investment 
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opportunities. This acceleration facilitates the customization of offerings and enhances business 

competitiveness. 

5.1.3. Reveal 

The description of reveal is “AI is adopted as a sonar to unveil hidden technological 

opportunities and unshadow unforeseeable external situations.” (Gama & Magistretti, 2023). 

The authors decompose the Reveal into AI-uncovered technological possibilities (technological 

context), AI-provided organizational opportunities for employees (organizational context), and 

AI-monitoring external opportunities (environmental context).  

The opportunities AI uncovers for businesses have been extensively explored in the literature on 

how AI changes business models and entrepreneurship. Jorzik et al. (2024) provide a typology of 

AI-driven business model innovation, considering the centrality of AI for value creation 

(peripheral or core) and the nature of business model innovation (active or evolutionary change). 

Additionally, Holgersson et al. (2024) state that AI can replace open innovation with ideation, 

synthetic data, and multi-agent systems. Similarly, Shepherd & Majchrzak (2022) propose that 

AI creates several opportunities for new ventures to explore, such as capitalizing on the feeling 

economy. 

In contrast to prior research suggesting that AI uncovers novel business opportunities, the 

empirical evidence for the Reveal dimension in this study is limited. Our findings suggest that 

transformations resulting from applications classified as Reveal are not observed in early-stage 

startups using commercially available AI tools. Instead, references to more transformative AI 

applications were largely speculative, particularly among venture capitalists, and were not 

supported by concrete examples within the ventures interviewed. This suggests that, in the 

context examined, AI is predominantly applied to enhance or accelerate existing activities rather 

than to fundamentally redefine business models. 

While the overall evidence for Reveal is limited, some findings indicate incremental shifts, 

particularly in expanded capabilities and access to new markets. This aligns with the view that 

entrepreneurs act as market-makers, integrating products and markets in novel ways (Casson, 
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2005). At the same time, innovation, especially in deep-tech contexts, involves exploring 

multiple potential applications and configurations (Myers & Albats, 2024). For instance, 

founders who cannot code (and therefore cannot develop a new product) can now use AI to build 

functional solutions without a technical background. Thereby, AI expands entrepreneurs’ 

capabilities and their organizational opportunities. Another example from our findings is 

entrepreneurs using AI to identify, segment, and target potential customers or investors more 

quickly and precisely. In this context, AI supports the development of new markets primarily 

through search, experimentation, and incremental recombination of existing ideas, rather than 

through entirely new business models. 

Overall, our findings indicate that the Reveal dimension is not substantively observed in 

early-stage startups using commercially available AI tools. AI contributes to expanding the range 

of accessible opportunities and enabling broader exploration of existing solutions, rather than 

fundamentally transforming business models. Entrepreneurs primarily use AI to identify new 

markets for their offerings and to develop new features, while no business model in our sample 

was entirely sustained by AI. Venture capitalists suggested that AI could eventually play a more 

central role; however, these views were largely speculative and lacked concrete examples. 

5.2. Constraints, risks, and trade-offs in AI use 

In this section, we analyze the limitations in AI use. First, we examine dependency risks arising 

from the integration of AI within ecosystems and interorganizational networks. Second, we 

analyze constraints related to absorptive capacity, data governance, and the ability to interpret 

and validate AI outputs. Third, we explore the limits of AI in entrepreneurial activities, 

particularly regarding novelty, judgment, and social interaction. 

5.2.1. Ecosystem and network dependency 

We start our analysis on dependency risk based on the benefits of AI explored in Section 5.1. In a 

nutshell, AI automates activities, enhances the search for new opportunities, and accelerates 

prototyping and product development. Although AI is a technological solution, our findings 

suggest that it exhibits three characteristics particularly relevant for analyzing ecosystems and 
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dependencies. First, AI models improve by training on interactions from all users, creating a 

compounding effect that no single user can control in commercially available AI models. 

Second, software-based solutions traditionally support analysis, but the core value 

(decision-making, processes, judgment) remains in organizational knowledge. Beyond 

operational tasks, AI poses a risk that individuals will increasingly rely on it, treating it as 

cognitive support for reasoning and decision-making. Third, AI can be deployed and integrated 

into workflows, serving as the engine that runs the organization and shaping how activities are 

performed and coordinated across the firm. 

In businesses where value creation is organized through platforms and data-driven interactions, 

value capture depends on the orchestration of complementary assets (Teece, 2018a), including 

the control of data (Hagiu & Wright, 2023). As an illustrative support, Choudary (2025, chap. 9) 

describes such dynamics for AI. When AI becomes the central engine of a solution, the AI 

provider gains leverage through four mechanisms in a cycle. First, as the AI tool improves 

solution productivity and quality, it increases customer retention. Second, higher customer 

retention provides the AI provider with financial leverage. Third, with more resources, the AI 

provider can increase data capture and learning. Fourth, the learning improves the AI solution, 

reinforcing the cycle. This cycle is relevant to our perspective because it distills two key aspects 

of AI-based activities: AI vendors gain structural leverage that can create dependency, and users 

have incentives to embed AI solutions into their processes. In this context, control over the 

underlying architecture becomes critical, as those who govern the architecture of interactions and 

interfaces shape how value is created and captured across the system (Felin & Foss, 2023). 

In the context of this thesis, early-stage startups can capture value as long as they retain control 

over key complementary assets. However, when AI becomes the core architectural layer of the 

venture, this control may shift toward the AI vendor. We argue that as AI systems become 

embedded into workflows, they structure decision-making processes, knowledge generation, and 

operational routines, effectively redefining organizational boundaries. This creates a structural 

dependence in which value creation is increasingly mediated by an external actor. 

Firms in an ecosystem may benefit from integrative capabilities–i.e., the ability to coordinate and 

align activities, resources, and partners across organizational boundaries–but are constrained by 
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their position within it (Helfat & Raubitschek, 2018). These constraints can be further 

understood through the lens of interorganizational networks. Powell et al. (1996) show that 

firms’ positions within networks shape their access to knowledge and innovation opportunities, 

reinforcing the importance of ecosystem positioning. In the context of AI adoption, relationships 

with AI vendors can be understood as interorganizational ties, as startups rely on external 

providers for critical knowledge, infrastructure, and capabilities. In AI ecosystems, this implies 

that startups relying on external AI providers may have limited control over critical knowledge 

flows if they occupy structurally weak positions. 

Our findings reflect these structural constraints. All three interview groups highlighted that 

relying on an AI vendor to build a business model poses a strategic risk for several reasons. As 

complexity increases, entrepreneurs may create solutions that cannot be fully understood or 

controlled. Vendors may increase prices or discontinue solutions, making business models 

infeasible. Moreover, AI providers can advance their own business models by entering adjacent 

markets and leveraging the knowledge they have accumulated from their users. These dynamics 

reinforce startups' dependence on external providers and limit their strategic autonomy.  

Beyond positioning, this dependence deepens over time through organizational dynamics. As AI 

tools are integrated into workflows, firms develop routines, practices, and capabilities around 

them, which progressively narrow the range of alternatives. In this sense, early decisions about 

vendors, tools, and architectures act as initial conditions that become embedded into 

organizational processes through repeated use and learning (Sydow et al., 2009). Over time, 

switching costs increase, capabilities become specialized, and alternative solutions become less 

viable. 

In conclusion, the dependency risk lies in the outsourcing of capabilities to the AI vendor. If the 

core development of an early-stage startup is built on an AI vendor’s engine, the vendor may 

gain both visibility into and influence over the firm’s operations. Dependency extends beyond 

the commercial to the informational and capability-based, as development and innovation may 

become anchored in what the AI provider can offer rather than in proprietary capabilities. Hence, 

AI adoption creates a tension for entrepreneurs about which capabilities to outsource to gain 
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efficiency and which to develop internally, with the risk of both dependency and strategic rigidity 

emerging over time. 

5.2.2. Absorptive capacity, data constraints, and path-dependence 

The value of AI to early-stage startups is bound by what startups can absorb, validate, and learn, 

as well as by constraints on data sharing and governance. AI tends to perform well on tasks that 

do not need detailed explanations of reasoning and that tolerate some error (Brynjolfsson & 

Mitchell, 2017). This highlights that AI's effectiveness depends on the nature of the task: when 

outputs can be evaluated without deep domain knowledge, AI can be used more freely, whereas 

when accountability and domain expertise are required, AI applications become constrained. Our 

findings support this view: participants reported selectively applying AI depending on the 

criticality of the process, avoiding its use in activities where verification and traceability are 

essential. For instance, AI was frequently used to estimate initial market size, but users avoided 

using it to handle financial and accounting information due to legal concerns about the 

consequences of errors.  

Additionally, the effectiveness of AI within a firm also depends on how its outputs are 

interpreted and applied. From a complementarity perspective, competitive advantage results from 

the firm’s ability to integrate system components in a unique way, rather than from their isolated 

use (Ennen & Richter, 2009). Such integration is bounded by data sovereignty concerns, as the 

effectiveness of AI often depends on what data can be shared with external models without 

compromising confidentiality. At the same time, information generated and analyzed with AI 

becomes valuable only when it can be integrated into the firm’s knowledge base and 

decision-making processes. This integration depends on the firm’s absorptive capacity.  

Absorptive capacity refers to the firm’s ability to recognize, assimilate, and apply external 

knowledge, and is constrained by both prior knowledge and the effort invested in building it 

(Cohen & Levinthal, 1990; Zahra & George, 2002). Based on this, we argue that exposure to 

large volumes of information from AI is insufficient on its own; the value depends on the 

alignment between new information and the firm’s existing knowledge base. Our findings 

support this mechanism. For example, entrepreneurs frequently expressed concerns about 
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creating technical debt when using AI for coding, as errors may go undetected and later generate 

significant operational risks. In general, participants explicitly advised against using AI for topics 

they lacked prior knowledge of. Rather than simply reflecting technical limitations, these 

patterns reinforce the path-dependent nature of learning: the application of AI-generated 

information depends on existing knowledge structures, which shape how new information is 

understood, validated, and applied. 

We argue, however, that this does not imply that AI-based learning is restricted to existing 

knowledge domains. Absorptive capacity is itself a dynamic capability that can be developed 

over time (Zahra & George, 2002). Our findings show variation across organizations in their 

ability to use AI effectively for learning and information processing. Some firms actively 

developed internal practices (such as policies, guidelines, and guardrails) to reduce 

hallucinations (the creation of false information) by AI models and improve the quality of 

outputs, thereby enhancing their ability to extract value from AI. 

Another limitation arising from those dynamics is the need to validate AI outputs. Participants 

consistently reported situations in which the AI model hallucinated and emphasized that 

AI-generated information must be verified, particularly in critical decision-making contexts. 

Users preferred outputs that included sources and citations, enabling them to cross-check and 

engage with the source material. Additionally, participants highlighted the importance of 

providing contextual knowledge in AI interactions to improve output quality, strengthening the 

role of human mediation of AI models.  

A further risk arises from using AI as a thinking partner. Participants reported engaging in 

iterative exchanges with AI to explore ideas. However, two characteristics introduce potential 

bias in this process. First, AI systems are trained using historical data (Sako & Felin, 2025). 

Second, learning is constrained by prior knowledge and experience (Cohen & Levinthal, 1990). 

Taken together, these factors imply that AI-supported reasoning may reinforce existing mental 

models, limiting the generation of truly novel solutions. This concern was reflected in our 

interviews, where entrepreneurs and venture capitalists emphasized that solving complex, novel 

problems often requires interaction with diverse, experienced human networks. 
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In conclusion, the ability to learn from AI is constrained by absorptive capacity, cognitive 

limitations, and path-dependence. AI does not generate value independently; rather, its 

effectiveness depends on how it is integrated with organizational processes and knowledge 

structures. In early-stage startups, where knowledge bases, routines, and verification processes 

are still developing, these constraints become more pronounced. As a result, performance 

outcomes vary across firms, reflecting differences in their ability to interpret and apply 

AI-generated information. 

5.2.3. Limits of AI in entrepreneurial activities 

Early-stage startups are characterized by the evolving process of defining the business model, 

validating product-market fit, and developing capabilities (Tidd & Bessant, 2021, chap. 12). In 

this context, entrepreneurship involves making decisions based on the resources at hand, through 

effectuation and improvisation, rather than following a pre-conceptualized plan (Sarasvathy, 

2001). Entrepreneurs specialize in making decisions under high uncertainty and coordinating 

scarce resources (McMullen & Shepherd, 2006). Our findings support this position: as several 

venture capitalists have reported, investing in early-stage startups is primarily about backing the 

team’s problem-solving abilities. 

Entrepreneurial leadership concerns sensing and continuously adapting the firm to align with 

market requirements (Teece, 2012), and an entrepreneurial orientation strengthens the 

relationship between knowledge-based resources and firm performance (Wiklund & Shepherd, 

2003). Our results on AI supporting the search for new markets and accelerating prototyping 

align with a view of AI-enabled entrepreneurial behavior, in which increased access to 

information enhances entrepreneurial activity, provided that entrepreneurs retain the ability to 

interpret signals and define next steps. 

However, the impact of AI on entrepreneurial activities is constrained in its ability to create 

novel solutions. Part of entrepreneurship involves creating new interpretations of reality and 

developing novel solutions that build on them (Gavetti et al., 2005). During our interviews, 

although AI was identified as a tool to support incremental innovation (for instance, by 

recombining existing solutions), its limitations in generating truly novel solutions were 
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consistently emphasized. As our findings show, AI is perceived as a component of the current 

system, embedded within the entrepreneur’s existing landscape, whereas disruptive innovation 

requires thinking beyond current constraints and systems. 

In the social dimension, entrepreneurship emerges from a complex ecosystem of 

actors–including entrepreneurs, teams, universities, and venture capital–where social networks 

and signaling play a critical role (Ferrary & Granovetter, 2009). Our findings support this 

perspective. Venture capitalists emphasized the importance of knowing the individuals behind 

the venture. Entrepreneurs highlighted the value of engaging with peers and mentors when facing 

complex problems. Moreover, several participants reported that, when novel and complex 

challenges arise, relying on a strong network is more effective than relying solely on AI-based 

solutions. This was particularly evident in discussions about venture development and 

product-market fit, where direct customer interaction was deemed more valuable than virtual 

testing. 

In conclusion, entrepreneurship involves decision-making under high uncertainty. AI can support 

the development of early-stage startups by expanding access to information and enabling the 

recombination of existing solutions. However, building a successful business depends on social 

dynamics that AI cannot replace and on creating novel solutions that AI cannot reliably predict. 

5.3. Individual and organizational adaptation to AI 

In this section, we analyze how AI reshapes work practices, skill requirements, and 

decision-making at the individual level, and how these changes aggregate into organizational 

dynamics that influence adoption, resistance, and transformation. 

5.3.1. Individual-level adaptation 

At the individual level, AI is reorganizing both workflows and the relationships between people 

and tasks. Our findings highlight how this transformation unfolds through changes in required 

skills, accountability structures, cognitive engagement, and the pressure to adapt continuously. 
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First, adopting AI reshapes the skill set required to perform work. Rather than executing tasks 

directly, individuals increasingly guide AI systems to produce desired outputs. This shifts the 

nature of work toward coordination and problem framing, often through natural language 

interaction. As one interviewee noted, a background in computer science will increasingly 

resemble a background in English, as coding increasingly involves instructing and refining 

AI-generated outputs. Participants also described interacting with AI as an iterative process, 

using it as a thinking partner to explore ideas, refine problem definitions, and structure 

reasoning. In this sense, AI does not eliminate the need for expertise but changes how it is 

applied. 

Second, while AI increases efficiency and output volume, accountability remains with the 

individual. Participants emphasized that, despite the automation of tasks, responsibility for 

verifying sources and validating results cannot be delegated to AI. In practice, this translated into 

routines such as checking sources, comparing outputs, and iteratively refining prompts to 

improve accuracy. This dynamic aligns with the concept of absorptive capacity (Cohen & 

Levinthal, 1990), as individuals are better able to assess and validate AI outputs in domains 

where they possess prior knowledge. As a result, expertise becomes critical not for performing 

tasks directly, but for evaluating and integrating AI-generated information. 

Third, the use of AI introduces a cognitive trade-off. While AI tools enhance productivity, they 

can reduce cognitive engagement in tasks such as reasoning and content generation. Our findings 

are consistent with those of Kosmyna et al. (2025). Although not yet peer-reviewed, these 

authors suggest that reliance on AI assistance leads to weaker memory formation and reduced 

self-monitoring, even as output increases. This highlights a tension between short-term efficiency 

gains and long-term capability development, raising concerns about potential dependency and 

the erosion of individual problem-solving skills. Participants also noted that, as AI takes over 

execution, their role shifts toward monitoring and supervising outputs rather than actively 

engaging in the full reasoning process. 

Finally, individuals face ongoing pressure to adapt to the rapid evolution of AI tools. Participants 

frequently reported difficulty keeping up with the proliferation of new applications and a 

tendency to use the time saved with AI adoption to further explore additional AI tools. This 
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creates a “moving target” for skill development and fosters a fear-of-missing-out dynamic, where 

adoption is driven less by clear needs and more by perceived necessity to stay current. At the 

same time, this constant switching limits the accumulation of proficiency with any given tool, as 

sustained engagement is required to effectively integrate AI into workflows. The result is uneven 

outcomes: some individuals increase their productivity, while others struggle to integrate AI at 

all because their attention is continually redirected before they can develop proficiency. 

These individual-level tensions aggregate at the organizational level, shaping AI adoption. The 

trade-offs between efficiency and cognitive engagement, as well as the need for verification and 

continuous upskilling, influence both resistance to adoption and the effectiveness of AI-driven 

transformation. As individuals navigate these tensions differently, organizations face 

heterogeneous patterns of adoption, in which AI simultaneously enables productivity gains while 

introducing new coordination and capability challenges. 

5.3.2. Organizational-level adaptation 

Given the ongoing maturity of AI solutions, adopting AI at the organizational level is not a 

one-time project but a continuous adaptation of workflows and activities. This characteristic 

aligns with the improvisational model proposed by Orlikowski and Hofman (1997) for 

technology implementation. The authors propose that organizational change occurs from three 

different sources: anticipated, emergent, and opportunity-based. Anticipated changes are planned 

in advance and occur as expected. Emergent changes arise spontaneously from the use of new 

technology and are not anticipated in advance. Lastly, opportunity-based changes are unplanned 

but intentionally introduced in response to unexpected opportunities. 

Our results support this improvisational model of change in the context of AI adoption. 

Participants described applying and learning AI through continuous experimentation, testing 

different tools, and evaluating which solutions produce useful results. This aligns with emergent 

change. Most of our findings related to this type of change are observed in small, early-stage 

startups, where teams are small, and communication is direct, or in contexts where individuals 

have a high degree of autonomy in their work. Participants also indicated that these dynamics are 
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not only a function of firm size but also of how work is structured, with more flexible, less 

formalized environments enabling faster experimentation and adaptation. 

Anticipated and opportunity-based changes also emerged in our data; however, they follow 

different dynamics. Anticipated changes were primarily driven by leadership pressure or 

top-down initiatives, often motivated by competitive pressure and the need to keep pace with 

market developments. Opportunity-based changes, in contrast, were driven by team-level 

experimentation and bottom-up initiatives. These changes required demonstrating feasibility and, 

therefore, relied on experimentation at both the individual and organizational levels. In this 

context, participants frequently described hesitation to adopt AI solutions without clear evidence 

of value, highlighting the role of perceived costs and risks in shaping adoption behavior. 

These different dynamics lead to distinct organizational outcomes. In general, participants 

reported that AI adoption is more effective when it is contingent on the organization’s context 

and specific needs. This aligns with the model proposed by Venkatesh et al. (2003), which posits 

that user behavior depends not only on individual characteristics but also on factors such as 

facilitating conditions, social influence, performance expectancy, and effort expectancy. In the 

context of AI, higher effort expectancy, especially in bottom-up initiatives, can increase 

resistance to adoption because demonstrating value incurs costs. Conversely, organizations that 

are more open to experimentation and allow opportunity-based changes to emerge tend to exhibit 

stronger facilitating conditions, which support more positive adoption behaviors. 

In conclusion, AI adoption at the organizational level requires an understanding of context and 

the ability to navigate different sources of change. Resistance can slow adoption, whereas 

supportive environments can accelerate both implementation and the realization of benefits. 

57 



 

6. Discussion 
 

This chapter develops a theoretical contribution in light of the findings and analysis. The 

discussion is organized around two main themes: the implications of AI for value creation and 

capture, and the reconfiguration of dynamic capabilities under AI conditions. 

 

6.1. Revisiting value creation and capture 

Value creation is a characteristic of the system in which the firm operates (Brandenburger & 

Stuart, 1996). However, higher value creation in such a system does not necessarily translate into 

greater value capture for all the firms operating within it. As noted by Lepak et al. (2007), value 

slippage occurs when the value created by one firm is captured by another player in the system. 

For value to be captured through profits, the firm must organize its activities to increase its 

bargaining power with resource suppliers and other actors (Bowman & Ambrosini, 2000). 

We argue that, in the context of early-stage startups, AI is changing the mechanisms of value 

creation. We draw this argument from the literature and our findings. Bowman and Ambrosini 

(2000) discuss the mechanism of value creation through a labor lens. The authors propose three 

categories of labor: generic, differential, and unproductive. Generic labor covers the basic 

activities a firm needs to compete in an industry and is codified and easily imitable. In 

early-stage startups, there are general routines that all companies follow: accounting, legal 

activities, building presentations, connecting with investors, and managing the customer pipeline. 

Differential labor refers to the heterogeneous allocation of activities across firms, including 

entrepreneurial labor. This category is responsible for creating differential returns. In early-stage 

startups, this is mostly about creating products and business models and conducting research, all 

aimed at developing a unique way of doing things. Unproductive labor refers to activities that 

destroy value, such as those that decrease process efficiency. In early-stage startups, we found 

evidence that most entrepreneurs tend to avoid unproductive activities, are constantly concerned 

with efficiency, and avoid unnecessary tasks due to resource scarcity. 
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Our analysis, categorized in the taxonomy proposed by Gama and Magistretti (2023) as replace, 

reinforce, and reveal, suggests that AI tools are modifying generic, differential, and unproductive 

labor in early-stage startups, thereby changing value-creation dynamics (see Appendix C). The 

impact on generic and unproductive labor, for instance, occurs through the replace and reinforce 

mechanisms, in which AI increases efficiency. Differential labor is supported by reinforcement 

dynamics, in which AI helps develop products and services and, eventually, business models. 

Interviews with venture capitalists and AI specialists consistently suggested that, when 

effectively adopted, AI contributes to value creation in early-stage startups. Rather than 

reiterating these mechanisms, we focus here on their implications for value capture. 

Higher value creation does not necessarily translate into value capture. Effectively capturing 

value relies on the organization of activities within the firm (Bowman & Ambrosini, 2000), 

which is translated into the business model, which in turn defines the creation and delivery of 

value to customers, as well as the revenue and cost structure (Amit & Zott, 2001; Teece, 2010). 

Drawing from our findings about dependence on AI vendors, we argue that, although AI tools 

have created mechanisms for efficiency and supported entrepreneurial activities in early-stage 

startups, based on the taxonomy proposed by Gama and Magistretti (2023) of replace, reinforce, 

and reveal, such benefits do not translate directly into value capture by early-stage startups. Our 

argument draws on the idea that bargaining power among players in the system determines how 

value is captured. Hence, the relationship between the early-stage startup and the AI vendor will 

determine the value the startup captures. Specifically, the business model outlines key partners, 

the activities each partner undertakes, and the resources each provides (Zott & Amit, 2010). In 

this context, the relationship with the AI vendor becomes a central component of the early-stage 

startup’s business model. 

Another relevant point is whether AI adoption is necessary for early-stage startups. Although we 

agree that, in principle, AI is not necessary to develop a startup, our results present a different 

perspective. First, all entrepreneurs stated that they were adopting AI in some way in their 

business. Second, venture capitalists emphasized the importance of AI to entrepreneurs, noting 

that adopting AI signals a positive stance on technological awareness. Although not crucial, AI 

adoption functions as a signal of technological awareness within the startup ecosystem. In such 
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ecosystems, legitimacy and evaluation are shaped by social networks and interactions among 

entrepreneurs and investors (Ferrary & Granovetter, 2009). This signaling pressure interacts with 

the "moving target" dynamic at the individual level (Section 5.3.1): as new AI tools are 

developed, founders report continuous pressure to adapt and a fear of missing out that pull them 

toward adoption regardless of demonstrated value. 

For the business model and value capture discussion, we need to recap the AI vendor model. AI 

vendors improve through data-driven learning, in which more data generates better models 

(Choudary, 2025, chap. 9; Hagiu & Wright, 2023; Teece, 2018a). In other words, the more 

companies adopt AI, the better the models become, and the more players can access them, 

benefiting all users across the system. At the same time, AI tools have the potential to replace 

entire workflows (Borges et al., 2021), becoming the engine on which a firm operates. However, 

this creates a value paradox: as companies adopt AI and reap benefits, they contribute to the 

commoditization of those workflows (Teece, 2018b). If all players use the same commercial AI 

models, all players have access to the same capabilities. This is illustrated by our interviews, in 

which venture capitalists argued that fully AI-based startups may struggle to develop defensible 

business models because these models can be easily replicated. As more firms rely on the same 

commercially available AI tools, technological adoption alone cannot be a source of 

differentiation, because AI vendors learn from applications across users and distribute improved 

capabilities to all their customers. Differentiation, then, may shift toward complementary assets 

such as proprietary data, customer relationships, distribution channels, organizational learning, 

and integration into workflows. At the same time, widespread adoption strengthens AI vendors’ 

position, as interaction data, usage patterns, and fine-tuning feedback continuously improve the 

underlying models. This creates a reinforcing dynamic in which startups benefit operationally 

from AI adoption while simultaneously contributing to the improvement of capabilities that 

competitors can also access. In this sense, value creation increasingly occurs at the ecosystem 

level, while individual startups’ ability to sustain differentiated value capture becomes more 

difficult. 

This discussion ties back to Barney (1991), in which competitive advantage is created through 

valuable, rare, imperfectly imitable, and non-substitutable resources. If all companies have 
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access to the same resource, namely a commercially available AI solution, then that resource 

cannot create a competitive advantage. This does not mean that a startup cannot create and 

capture value through AI, though. As discussed, AI is fundamentally changing business models, 

innovation, entrepreneurship, and ventures (Jorzik et al., 2024; Mariani et al., 2023; Pettersson et 

al., 2025; Shepherd & Majchrzak, 2022). AI adoption creates tensions that entrepreneurs must 

address and actively navigate, such as which AI capabilities to build and which data to share 

with AI vendors. These tensions are addressed through capabilities, that is, routines and 

processes that sustain business operations (Teece, 2007; Winter, 2003). Even in small and 

medium companies, such capabilities are present, although not always formally (El Hanchi & 

Kerzazi, 2020; Engelmann, 2023). Consequently, the challenge for startups is no longer simply 

adopting AI to create value, but developing capabilities that enable them to capture value in a 

context where the adoption of commercially available AI tools contributes to the erosion of value 

capture by individual firms. In the next section, we discuss how new externally-enabled 

capabilities in AI orchestration, data sovereignty, and cognitive control can help startups manage 

these tensions and sustain strategic differentiation amid AI adoption. 

6.2. Reconfiguring dynamic capabilities 

Organizational capabilities are a set of routines that provide the basis for producing significant 

results, but organizational change need not depend on dynamic capabilities; it can instead be 

driven by ad hoc problem-solving (Winter, 2003). At the same time, excessive changes can 

reduce the firm’s performance, and the development of dynamic capabilities aims to enable the 

firm to purposefully direct its resources to meet market needs (Teece, 2007). Dynamic 

capabilities arise from firm-specific processes shaped by history, and in markets with frequent 

change, these capabilities rely on rapid learning and experimentation to adapt effectively to 

environmental shifts (Eisenhardt & Martin, 2000). 

Although the established framework for dynamic capabilities, encompassing sensing, seizing, 

and transforming, was developed on the basis of microfoundations mostly observed in 

established firms (Teece, 2007), dynamic capabilities have also been identified in small and 

medium-sized firms. Engelmann (2023) proposes that dynamic capabilities in small and 

medium-sized firms emerge through social interactions and are grounded in informal processes. 
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Specifically, in startups, dynamic capabilities are closely related to innovation capabilities (El 

Hanchi & Kerzazi, 2020). 

As introduced in Section 2.1.2 (Figure 3), El Hanchi and Kerzazi (2020) organize startup 

innovation capabilities into nine foundations mapped across sensing, seizing, and transforming. 

Our findings corroborate this framework, and we provide examples mapping back to our 

Analysis, Findings, and Data Structure. For instance, AI-accelerated prototyping and reduced 

product development cycles support the Product and Process Innovation Capability, under 

Innovation Capability in Figure 3. We found such an application under the second-order code 

“AI-enabled market entry and product innovation”, with examples in Section 4.1.2 and analyzed 

in Section 5.1.2. Another example lies in Marketing Capability, under Supporting Capabilities in 

Figure 3. In our second-order code, “Automation and faster task execution with AI”, we have 

evidence of AI supporting content creation and communication strategies. We illustrated these 

uses in Section 4.1.3 and analyzed the results in 5.1.1. Under Startup Entrepreneurial Capabilities 

in Figure 3, the Resources Management Capability is shown. Our second-order code, 

“AI-supported search and learning,” provides evidence that AI is expanding the boundaries of 

knowledge, as illustrated in Section 4.1.1. In Section 5.1.3, we analyzed how AI enables 

technical competencies.  

The framework proposed by El Hanchi & Kerzazi (2020) describes how the firm builds, 

develops, and deploys capabilities within the startup’s boundaries, even when relying on external 

outputs as material for internal processes, such as market information, network access, and 

funding. Even in the case of Relational Capability (under Supporting Capabilities in Figure 3), it 

treats the external network as a resource to be leveraged for the firm’s benefits. In summary, 

there is a key architectural assumption: the firm is the sovereign of its own operations and 

controls how it uses external outputs.  

AI introduces a class of capabilities that manage the conditions under which AI vendors 

co-produce the startup’s outputs, with the startup exercising partial, but not full control over the 

process. These new capabilities are not related to building internal competencies, but to 

governing the interface between the startup and an external cognitive infrastructure provided by 
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the AI vendor. We argue that this is distinct and complements the architecture of the El Hanchi 

and Kerzazi (2020) framework, despite potential overlap in competencies at the micro-level.  

In light of AI-mediated capabilities, we propose an extended version of El Hanchi and Kerzazi’s 

(2020) framework (Figure 4). We added a new class of capabilities, namely “AI-Mediated 

Capabilities”, with three foundation capabilities that operate across sensing, seizing, and 

transforming: AI Orchestration Capability, Data Sovereignty Capability, and Cognitive Control 

Capability. Throughout the following paragraphs, we map each of those new capabilities, 

consider the tensions they address, explain why they are conceptually distinct from the 

capabilities previously proposed by El Hanchi and Kerzazi (2020), and show how they align with 

our findings. 

 

Figure 4: Reconfiguring startup dynamic capabilities under AI: integrating AI-Mediated 

Capabilities. We extend the framework of El Hanchi and Kerzazi (2020) by introducing a distinct 

layer of AI-Mediated Capabilities alongside firm-internal capabilities. These capabilities–AI 

Orchestration Capability, Data Sovereignty Capability, and Cognitive Control Capability–operate 
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across sensing, seizing, and transforming, reflecting how AI shifts capability boundaries beyond 

the firm and requires managing external tools, data dependencies, and AI-supported cognition. 

We propose the AI Orchestration Capability (Figure 4) to manage the tensions arising from the 

AI model’s ability to execute workflows and partially internalize cognitive tasks. Such tension 

emerges in our Findings, for instance, when participants describe AI as a “thinking partner” that 

supports reasoning and decision-making (Section 4.1.1). The AI Orchestration Capability 

concerns the coordination of AI tools, workflows, and outsourcing capabilities, as analyzed in 

Section 5.2.1, to address external governance and dependencies. As discussed in Section 5.2.2, 

orchestration is selective, as firms apply AI differently depending on the task's criticality and the 

tolerance for error. Effective orchestration, therefore, depends not only on coordinating tools but 

on determining where and how AI can be reliably used within organizational processes. 

The AI Orchestrating Capability is distinguished from the Technological IC (Figure 3) by 

technological control. The Technological IC treats technology as something the startups deploy: 

the startup owns, licenses, or internally develops the technology, and the capability involves 

using it effectively. AI Orchestration Capability addresses the coordination of externally 

ongoing, evolving AI vendors whose outputs are opaque, operate as black boxes, and are 

governed by a third party, requiring selective deployment, iterative validation, and structural 

workflow adaptation that Technological IC does not capture. AI Orchestration Capability maps 

back to our results in the second-order code “Dependency Risk from AI”, under the aggregate 

theme “Constraints and risks of AI adoption” (Appendix B). Its mechanisms were illustrated in 

Section 4.2.2, including the S3 statement that the nature of the task was central to whether 

dependency was an issue, and were analyzed in Sections 5.2.1 and 5.2.2. 

The second capability we propose, namely the Data Sovereignty Capability (Figure 4), concerns 

that the more data startups share with the AI vendor, the more effective the solution becomes. As 

our findings show, there is significant concern about confidentiality and the loss of proprietary 

knowledge, with participants expressing reluctance to share sensitive data due to unclear data 

governance and the risk of proprietary information being leaked (Section 4.3.3). This creates a 

trade-off between performance gains and control over critical data resources. The Data 

Sovereignty Capability covers data flows and strategic data-sharing decisions. 
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The Data Sovereignty Capability extends beyond the information-sharing and networking 

activities under Relational Capability (Figure 3). While Relational Capabilities treats external 

information flows as enabling co-creation and network access, Data Sovereignty Capability 

addresses a fundamentally adversarial dimension: AI vendors extract value from shared data by 

improving models that serve all users, including competitors, creating a structural incentive for 

startups to withhold the proprietary data that would maximize AI performance due to better 

contextualization. Managing the asymmetric trade-off requires a distinct governance logic that 

covers strategic data classification, sharing policies, and active monitoring of vendor data use, 

fundamentally different from a cooperative logic. The Data Sovereignty Capability traces back to 

our second-order code “Dependency Risk from AI” under the aggregate theme “Constraints of 

AI adoption” and the second-order code “Organizational dynamics of AI adoption” under the 

aggregate theme “Organizational and human adaptation to AI” (Appendix B). It is grounded in 

examples such as E14’s refusal to share proprietary data with LLMs (Section 4.2.2) and S4’s 

framing of governance risks and data liabilities as central constraints on AI adoption (Section 

4.3.3). 

We propose a third capability, the Cognitive Control Capability (Figure 4), to address the 

changes AI adoption brings to skills and activities, as founders and employees must filter and 

manage AI tools to avoid hallucinations, unproductive interaction loops, and the risk of cognitive 

deterioration with increasing reliance on AI. Our findings support the view that decisions remain 

a human activity, as outputs must be verified and AI does not replace human accountability 

(Section 4.2.1). Cognitive Control Capability concerns the validation, filtering, and governance 

of AI outputs.  

The Cognitive Control Capability requires distinguishing between the Learning Capability 

(Figure 3) and absorptive capacity (Cohen & Levinthal, 1990). The distinction lies in what 

triggers the need for the capability and what failure in those capabilities looks like. The Learning 

Capability operationalizes absorptive capacity. Absorptive capacity addresses a deficit problem: 

firms fail to extract value from external knowledge because prior knowledge is insufficient. The 

Cognitive Control Capability addresses a surplus problem: as AI generates outputs at a volume 

and speed that exceed evaluation capacity, failures shift from under-assimilation to uncritical 

65 



 

over-assimilation, manifested as cognitive outsourcing, reduced cognitive monitoring, and 

dependence on AI-generated reasoning, as described by the not-yet-peer-reviewed paper by 

Kosmyna et al. (2025). Managing the surplus problem requires active practices such as 

verification routines, accountability structures, and decision-governance protocols that counteract 

the systematic drift toward AI dependence. The Cognitive Control Capability traces to the 

second-order theme "Human guidance and verification of AI outputs" under the aggregate theme 

“Organizational and human adaptation to AI” (Appendix B). It is grounded in S3's argument that 

evaluation requires prior task knowledge (Section 4.3.1), the pattern of source-checking reported 

across multiple informants, and the cognitive trade-off analysis in Section 5.3.1. 

The extension of the framework with the three foundational capabilities–namely, AI 

Orchestration Capability, Data Sovereignty Capability, and Cognitive Control 

Capability–introduces a distinct layer of AI-mediated capabilities and explains how AI 

reconfigures the enactment of dynamic capabilities in early-stage startups. While sensing, 

seizing, and transforming remain central to adapting to changing environments, the foundations 

supporting these processes are now complemented by AI-mediated capabilities. In this context, 

competitive advantage is not only a function of how firms develop and recombine internal 

resources, but also of how they orchestrate AI tools, govern data flows, and maintain control 

over decision-making processes. Consequently, the effective use of AI requires entrepreneurs to 

actively manage these boundaries, balancing efficiency gains with control, learning with 

validation, and external enablement with internal capability development. 
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7. Conclusions 
 

This final chapter presents the key findings and contributions of this thesis. It begins by 

answering the research questions and summarizing the main results. It then outlines the thesis's 

theoretical and practical implications, followed by its limitations and directions for future 

research.  

 

AI tools have become widely available since 2022. Despite the potential applications of this 

technology, its impact on business processes remains mostly underexplored in the literature. AI 

is discussed as reshaping processes, business models, and labor relationships. However, the 

literature is based on case studies and individual situations, which limits the scope for broader 

theoretical generalization. In this context, this thesis investigates how AI is reshaping early-stage 

startups through a qualitative research strategy based on semi-structured interviews. We focused 

on the early phase of startups, assuming they move and adapt quickly, to ensure up-to-date 

results, and on commercially available AI tools, i.e., tools that any entrepreneurs can access 

without dedicated proprietary infrastructure. 

Additionally, we interviewed venture capitalists and AI specialists to contribute with a systemic 

view of the startup’s environment. The full study was conducted in Silicon Valley, a cluster of 

innovation and venture capital. Interviews were analyzed using an abductive approach, with the 

coding process iterating between theoretical lenses and emerging themes. 

7.1. Answering the research questions 

Our first research question–How is AI applied in early-stage startups to perform and 

enhance business activities?–aimed to explore applications of AI in early-stage startups and 

provide empirical insight into how entrepreneurs embed AI tools in their daily practices. The 

motivation for this question was to create a foundational understanding of which activities AI 

was affecting. During our interviews, we found consistent results of AI adoption and application 

across a broad array of activities. Not only were entrepreneurs applying AI across all layers of 
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their businesses–from automating routine tasks to supporting business model decisions–but 

venture capitalists were also largely adopting AI to inform investment decisions. 

We organized our findings around the taxonomy proposed by Gama and Magistretti (2023): 

Replace, Reinforce, and Reveal. Our findings supported both the Replace and Reinforce 

applications of AI: AI substitutes for employees in tasks and accelerates the execution of others, 

respectively. In contrast, we find limited empirical evidence supporting the Reveal dimension. 

Our interviews did not provide concrete examples of AI creating new business models or 

generating novel solutions that would not be possible through human effort alone. This suggests 

that early-stage startups using commercially available AI tools predominantly apply AI to 

enhance or accelerate existing activities, rather than to fundamentally redefine how value is 

created. Although we have interviewed individuals with technological literacy, AI was still used 

mainly as a support tool rather than taking the lead in decision-making. 

AI has extended what entrepreneurs can do, for instance, allowing coding for people with 

non-technical backgrounds. Beyond accelerating access to information, AI also serves as an 

intermediary that structures, frames, and interprets knowledge, shaping how entrepreneurs 

engage with and apply information in their decision-making. These findings indicate that AI 

expands the range of accessible opportunities without fundamentally transforming business 

models. Although AI tools are accelerating various business processes, our findings support that 

starting and sustaining a venture relies on social networks, which limits the scope of AI-driven 

transformation. 

While AI increases efficiency and expands what entrepreneurs can do, it simultaneously reduces 

differentiation, as widely accessible tools provide similar capabilities across firms. Lastly, due to 

the emergent characteristics of AI, with new features continuously released to the market, 

adoption has been driven by experimentation and continuous upskilling, as entrepreneurs seek 

successful use cases for these tools. 

Our second research question–What limits and trade-offs arise when integrating AI into 

early-stage startups?–was motivated by the constraints and risks associated with AI adoption. 

We found that the technical features of AI models bound their application. AI models are trained 
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on existing data and knowledge, limiting their ability to reason beyond previously explored 

domains. Although AI can accelerate innovation by recombining existing solutions, it remains 

limited in its ability to drive truly novel innovation and disrupt markets. Additionally, AI models 

are trained to provide an answer most of the time, increasing the risk of hallucinations. These 

characteristics reshape tasks, shifting founders and employees toward roles centered on 

orchestration, filtering, and accountability for outputs, even when the outputs are AI-generated. 

Rather than replacing decision-making, AI reconfigures it, shifting human roles toward 

supervision, validation, and judgment under uncertainty. This shift in tasks drives both individual 

and organizational changes for AI adoption. 

We found evidence of top-down and bottom-up adoption dynamics, as well as resistance driven 

by constant pressure to upskill, data confidentiality concerns, and fear of missing out. The data 

confidentiality aspect was particularly frequent. Entrepreneurs were concerned about which 

information to share with AI models, fearing the leakage of proprietary data and, consequently, 

the loss of their differential knowledge. 

Data sharing also entails dependency risks for early-stage startups on AI tools. As AI is trained 

on data, the more data that is provided, the more models evolve and expand their capabilities, 

including the potential to replace entire workflows. Entrepreneurs can outsource full capabilities, 

such as product development, to AI models, creating dependency dynamics that influence the 

startup's value capture. 

In this context, AI adoption shifts capabilities beyond firm boundaries, as critical activities 

increasingly depend on externally governed systems. If the AI model is responsible for core 

development processes, questions arise regarding control and ownership of these capabilities. 

These limitations and trade-offs form the basis for the theoretical contributions of this thesis. 

7.2. Theoretical contributions 

We contribute to literature in two ways. First, we clarify how AI reshapes the relationship 

between value creation and value capture in early-stage startups. Second, we extend the startup 
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dynamic capabilities framework by identifying three AI-Mediated Capabilities: AI Orchestration 

Capability, Data Sovereignty Capability, and Cognitive Control Capability.  

Our first theoretical contribution is to explain how AI reshapes the relationship between value 

creation and value capture in early-stage startups. While AI expands value creation by 

accelerating execution and increasing access to capabilities, value capture becomes increasingly 

constrained by dependence on external AI vendors that control critical complementary assets 

such as models, infrastructure, and data. As AI capabilities become broadly accessible across 

firms, differentiation shifts toward complementary assets, organizational integration, and the 

ability to govern relationships with AI vendors. Furthermore, our findings suggest that AI does 

not replace entrepreneurial judgment, but reconfigures it by increasing the importance of 

validation, interpretation, and oversight, while also introducing risks of cognitive dependence on 

AI-generated outputs. 

Our second theoretical contribution is to extend the startup dynamic capabilities framework 

proposed by El Hanchi and Kerzazi (2020) to the context of AI adoption. Our findings suggest 

that AI enables firms to outsource cognitive tasks to external AI vendors. To address this shift, 

we introduce a transversal layer of AI-Mediated Capabilities, comprising the AI Orchestration 

Capability, Data Sovereignty Capability, and Cognitive Control Capability. These capabilities 

address the management of outsourced capabilities, dependence on AI vendors, data governance, 

accountability, and the risks of cognitive over-reliance on AI-generated outputs. Furthermore, 

our findings suggest that competitive advantage increasingly depends not only on access to AI 

but on the firm’s absorptive capacity and ability to integrate and govern AI within its 

organizational processes. 

Together, these contributions show that AI reshapes early-stage startups not only by expanding 

value creation but also by altering how firms capture and sustain competitive advantage. In this 

context, startups must balance the benefits of AI adoption with control over critical resources, 

capabilities, and relationships with AI vendors. 
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7.3. Practical contributions 

This Master’s thesis was developed under the Innovation and Industrial Management Master’s 

Program. Given the nature of business science and its relationship to strategy and business 

development, we argue that the thesis should yield actionable implications for founders, venture 

capitalists, and business leaders. 

The AI landscape is still evolving, and new features are constantly emerging as “silver-bullet” 

solutions. Our recommendation is that business leaders must first understand their strategy and 

needs before adopting available AI solutions. Once priorities are set, adoption should follow an 

exploratory approach, with leadership support and space for bottom-up experimentation. 

However, experimentation must be guided rather than uncontrolled. Several interviewees 

reported that AI adoption was most effective when tools were tested directly in workflows and 

successful use cases shared internally. In practice, this entails establishing organizational routines 

for experimentation, such as internal demonstrations, pilot projects, and team discussions about 

successful and unsuccessful applications. Opportunities that emerge from the team should not be 

pursued with a high burden of proof: adding excessive organizational effort to demonstrate the 

tool's value may lead to resistance and reluctance to experiment. Instead, firms should initially 

prioritize low-cost, low-risk applications that can deliver quick operational gains, such as 

summarizing meetings, preparing first drafts, automating repetitive documentation, or supporting 

market research. The balance lies in selective adoption aligned with strategic priorities, rather 

than indiscriminate implementation. 

Leaders also need to reflect on the current efficiency gains from outsourcing capabilities to AI 

and the long-term potential losses. Applying AI in the short term may increase efficiency, but it 

can also create technical and cognitive debt, reducing the organization’s ability to understand and 

control its own processes. In this context, over-reliance on AI may weaken internal capabilities 

and increase dependency on external providers. Some interviewees noted that excessive reliance 

on AI-generated outputs may, over time, reduce individuals' ability to critically assess 

information quality, particularly when they lack prior domain expertise. As a practical 

implication, firms should avoid fully replacing analytical and creative processes with 

AI-generated outputs. Instead, organizations should preserve human validation mechanisms, 
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maintain internal knowledge development, and ensure that employees continue to understand the 

reasoning behind critical decisions and processes. This is particularly important in activities 

involving customer understanding, market positioning, and relationship-building, where 

interviewees consistently argued that human judgment and interaction remain difficult to replace. 

Finally, we suggest that firms adopt AI in a structured manner. It is crucial to have a data 

sovereignty policy and a data strategy to define what constitutes proprietary and confidential 

information, and what can be shared with the AI vendor. This implies treating data as a strategic 

resource rather than an operational input. Interviewees frequently expressed uncertainty about 

how AI vendors use uploaded information, particularly regarding model training, data retention, 

and future reuse. As a result, several participants avoided sharing customer data, internal 

documents, or strategic information with publicly available AI systems. Mostly, if the 

information creates a competitive advantage, leaders must balance the efficiency of sharing with 

the AI vendor against the risk of data leakage and loss of their market differential. Such decisions 

should be explicitly linked to the firm’s long-term positioning, rather than short-term efficiency 

gains. In practical terms, firms should establish clear internal policies on what employees may 

upload to AI systems, define approval procedures for sensitive information, and periodically 

reassess their dependence on specific AI vendors as switching costs and integration complexities 

increase over time. 

7.4. Limitations of the thesis 

This thesis relies on cross-sectional qualitative data collected through semi-structured interviews 

with multiple informants, which introduces important limitations. Perceptions captured at a 

single point in time do not capture the temporal dynamics of AI adoption. As a result, our 

findings reflect how actors currently interpret and apply AI, rather than how these practices 

evolve over time or translate into long-term outcomes. 

Despite the richness of qualitative data in capturing participants’ experiences and interpretations, 

this approach does not enable the quantification of the benefits of AI adoption. Consequently, 

although we gathered evidence suggesting that AI adoption is beneficial for early-stage startups, 
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these findings are based on participants’ perceptions rather than objective performance metrics or 

causal impact measurement. 

Additionally, this research focuses on Silicon Valley, a region characterized by high 

technological adoption, dense innovation networks, and strong spillover effects. Entrepreneurs in 

this context are frequently exposed to emerging technologies and business practices, which may 

limit the transferability of findings to other geographical or institutional settings with different 

levels of technological maturity. 

Furthermore, the rapid evolution of AI technologies suggests that some findings may become 

outdated as tools, capabilities, and use cases evolve. This reinforces the temporal limitation 

inherent in studying a fast-moving technological landscape. 

While these limitations do not invalidate the findings, they define the scope of their 

interpretation. The results should be understood as context-dependent insights into early-stage AI 

adoption, rather than universally generalizable conclusions. 

7.5. Future research 

We propose several directions for future research, organized into four main research streams. 

First, longitudinal and process-based studies could provide deeper insight into the evolution of 

AI adoption in early-stage startups. This thesis relied on data collected at a single point in time; 

therefore, future research could adopt a longitudinal case study approach to track how AI 

adoption unfolds over time and its effects on firm performance, capability development, and 

decision-making. One approach is to follow a cohort of startups and compare outcomes across 

different levels or modes of AI adoption. 

Second, research on alternative AI architectures and ownership models is needed. This thesis 

focused on commercially available AI tools; however, on-premise and proprietary LLMs are 

becoming increasingly accessible. Future research could examine how the adoption of 

proprietary or internally governed AI systems affects value creation and value capture dynamics, 

particularly with respect to dependence on external vendors and control over critical resources. 
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Third, comparative and cross-contextual studies could expand the external validity of our 

findings. While Silicon Valley represents a leading environment for technological adoption and 

venture capital, future research could explore whether similar dynamics emerge in other 

geographic, institutional, and industrial contexts. Such studies could assess how differences in 

ecosystem structure, regulation, and resource access influence AI adoption and its outcomes. 

Fourth, organizational and managerial studies on AI adoption are needed to better understand 

how firms can integrate AI effectively. Future research could investigate mechanisms to reduce 

resistance, design effective adoption processes, and accelerate the realization of value. In 

particular, studies could explore how firms develop internal capabilities to govern AI use, 

including orchestration, data management, and cognitive control, and how these capabilities 

influence performance over time. 
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Appendix 

Appendix A: Interview guide 

Opening & Background 

Can you briefly describe who you are and what you are currently working on? 

How would you describe your relationship with AI, in your work and more broadly? 

AI Usage 

How do you use AI in your work? 

Can you walk me through a recent example? 

Impact on the Business 

In what ways has AI affected how you create and deliver value? 

Has it changed your competitive position or how you think about strategy? 

Adoption 

How did you come to use the AI tools you use today? 

Are there concerns that shape how far you are willing to go with AI? 

Enablers & Challenges 

What has made it easy or hard to integrate AI into your work? 

The Bigger Picture 

Do you think AI is changing what it means to be an entrepreneur? 

Looking ahead, how do you expect this to evolve? 

Closing 

Is there anything we have not covered that you think matters here? 
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