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Abstract

Artificial intelligence is increasingly embedded within the everyday practices
of early-stage entrepreneurs, reshaping how they work, coordinate activities,
and navigate uncertainty. Yet existing research has focused primarily on
AI adoption decisions, strategic outcomes, and higher-level organizational
implications, paying limited attention to how AI-enabled systems restructure
entrepreneurial work at the operational level. This thesis examines how
early-stage entrepreneurs integrate AI-enabled systems into their ventures,
and how this integration restructures entrepreneurial tasks, workflows, and
coordination under conditions of uncertainty.

Drawing on a qualitative multiple-case study of three early-stage en-
trepreneurs representing analytically distinct configurations of AI-enabled
entrepreneurship—selective and bounded integration, AI-native workflow or-
chestration, and distributed multi-agent coordination—the study develops
a theoretically grounded account of how AI-enabled systems progressively
reorganize entrepreneurial work itself.

The findings point toward three interconnected analytical contributions.
First, within the examined cases, AI integration appeared to restructure
entrepreneurial task composition into four analytically distinct categories—
modular execution, information processing, contextual judgment, and co-
ordination work—pointing toward a potential extension of the task-based
view of technological change by suggesting that AI may not merely redis-
tribute existing tasks between humans and machines, but also give rise to
new forms of human labor. Second, this study tentatively proposes coordi-
native uncertainty as an emerging analytical concept. The concept refers to
the uncertainty associated with governing distributed AI systems, managing
contextual dependencies, and maintaining coherence across interconnected
workflows. The findings suggest that AI may not simply reduce uncertainty,
but also redistribute it toward coordination and governance activities. Third,
the findings indicate that entrepreneurial agency appeared increasingly ori-
ented toward orchestration within the examined cases, as AI integration pro-
gressively shifted work from direct execution toward the governance of dis-
tributed Human–AI systems—a pattern this study tentatively conceptualizes
as infrastructural judgment.



Together, these contributions suggest that AI-enabled entrepreneurship
increasingly operates through distributed sociotechnical infrastructures, in
which entrepreneurial value creation depends not only on individual judg-
ment and opportunity recognition, but on the ability to coordinate, gov-
ern, and adapt interconnected Human–AI systems under conditions of un-
certainty.
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Chapter 1

Introduction

Technological innovation has long been a core driver of economic progress and
organizational change. A small set of general-purpose technologies — steam
power, electricity, and internal combustion engines — fundamentally re-
shaped industrial structures, organizational architectures, and modes of eco-
nomic coordination (Brynjolfsson and McAfee, 2017). Crucially, the trans-
formative impact of these technologies extended well beyond task-level pro-
ductivity gains: they reorganized how work was coordinated, how responsi-
bilities were distributed, and how organizational structures were governed.
The emergence of modern management science, factory systems, and corpo-
rate hierarchies were not merely responses to new machines, but to the new
coordination demands those machines created.

Artificial intelligence, particularly machine learning and generative AI, is
now widely recognized as one of the most consequential general-purpose tech-
nologies of the digital age. Continuous advances enable modern AI systems
to perform tasks once considered distinctively human — pattern recognition,
trend forecasting, content creation, coding support, and sophisticated infor-
mation analysis (Benbya et al., 2020; Shepherd and Majchrzak, 2022). As AI
capabilities expand, these tools have become embedded within organizational
workflows, reshaping how information is interpreted, how knowledge work is
arranged, and how decisions are coordinated across organizational levels. Yet
the organizational significance of AI extends beyond any particular capabil-
ity: as AI systems absorb increasing portions of execution-oriented work,
they simultaneously introduce new demands for coordination, governance,
and oversight that reshape the structure of human work itself.

The rise of generative AI has accelerated this transformation. Large lan-
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guage models and integrated AI systems can now support diverse knowledge-
intensive work including logical reasoning, business communication, software
development, and creative content production. Empirical evidence con�rms
that such systems improve both the e�ciency and quality of professional task
delivery while lowering barriers to advanced cognitive capacity (Dell'Acqua
et al., 2023; Kusetogullari et al., 2025). Yet the more consequential orga-
nizational development may not be what AI systems do, but what their
integration creates: as AI absorbs execution-oriented activities, human ac-
tors increasingly redirect their attention toward orchestrating, evaluating,
and governing the AI-enabled systems themselves | a structural shift in the
composition of knowledge work that existing frameworks have only begun to
examine.

As with earlier general-purpose technologies, AI's organizational impacts
unfold gradually as �rms readjust their routines, work
ows, and governance
structures in response to new technological possibilities (Brynjolfsson et al.,
2017). Understanding AI's transformative potential therefore requires mov-
ing beyond isolated task performance to examine how AI-enabled systems
become embedded within broader organizational activities and coordination
mechanisms. This embedding does not merely improve the e�ciency of exist-
ing work arrangements | it progressively reorganizes how activities are se-
quenced, how responsibilities are distributed between human and AI actors,
and how coordination is governed across increasingly complex Human{AI
systems.

This transformation is especially signi�cant in the context of entrepreneur-
ship. Early-stage entrepreneurs operate under conditions of incomplete infor-
mation, shifting market dynamics, and unclear customer demand (McMullen
and Shepherd, 2006; Welter, 2011). Unlike established organizations operat-
ing under stable routines, entrepreneurial ventures must develop products,
validate assumptions, and coordinate emerging processes simultaneously. As
AI-enabled systems become embedded in these activities, the organizational
consequences are particularly visible: coordination structures are still form-
ing, work
ows are actively constructed rather than inherited, and the bound-
aries between human and AI contributions remain 
uid and negotiable. En-
trepreneurship thus provides a theoretically revealing context in which to
examine how AI integration reorganizes work, coordination, and agency un-
der conditions of ongoing uncertainty.

Entrepreneurship research has long emphasized experimentation, itera-
tive learning, and adaptive decision-making as central responses to uncer-
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tainty (Sarasvathy, 2001; Bocken and Snihur, 2020). As AI-enabled tools
become embedded in market exploration, product development, and opera-
tional coordination, they increasingly reshape not only what entrepreneurs
do, but how entrepreneurial activities are organized and governed.

Recent developments in generative AI suggest that AI integration is ex-
tending beyond isolated task support toward broader work
ow and coordina-
tion functions. Within early-stage ventures, AI-enabled tools are increasingly
applied to market exploration, software development, prototyping, content
production, and operational coordination (Kusetogullari et al., 2025; Shep-
herd and Majchrzak, 2022). As these systems become more capable and
interconnected, entrepreneurs increasingly coordinate work across multiple
AI-enabled systems | selecting, sequencing, and governing distributed ca-
pabilities rather than simply delegating discrete tasks. Whether and how
this shift transforms the fundamental nature of entrepreneurial work | not
merely what entrepreneurs do, but how their work is composed, coordinated,
and governed | remains an open and consequential question.

Despite this growing integration, existing research o�ers limited under-
standing of how AI-enabled systems restructure the fundamental composition
of entrepreneurial work. Current literature tends to examine AI adoption de-
cisions, strategic implications, or higher-level organizational outcomes, while
paying less attention to how AI integration creates new categories of human
work, redistributes uncertainty across organizational levels, and reorganizes
entrepreneurial agency around the governance of distributed AI-enabled sys-
tems. In particular, existing frameworks have not examined how the progres-
sive absorption of execution-oriented activities by AI systems simultaneously
generates new and distinctively organizational demands | for coordination,
contextual governance, and infrastructural judgment | that reshape the na-
ture of entrepreneurial work itself.

This gap carries concrete practical consequences. Early-stage entrepreneurs
integrating AI-enabled systems into their ventures face a set of organizational
challenges that existing frameworks have not adequately prepared them for.
As AI systems absorb increasing portions of execution-oriented work, en-
trepreneurs must make consequential decisions about how to structure roles
and responsibilities, how to evaluate and govern AI-generated outputs, and
how to maintain strategic coherence across increasingly complex Human{AI
work
ows. These are not merely technical problems of tool selection; they
are managerial and organizational problems of governance, coordination, and
judgment under uncertainty. Entrepreneurs who lack frameworks for navi-
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gating this restructuring risk either under-utilizing AI's productive potential
or surrendering strategic control to systems that lack the situated judgment
required for e�ective entrepreneurial decision-making. Moreover, as AI in-
tegration deepens, these challenges do not diminish | they intensify: the
more capable AI systems become, the more demanding the governance and
coordination work required to manage them e�ectively. Understanding how
AI-enabled systems restructure entrepreneurial work is therefore not only a
theoretical concern, but a pressing organizational challenge for early-stage
ventures competing in environments where AI integration is rapidly becom-
ing a condition of competitiveness rather than a source of optional advantage.

This thesis examines whether and how AI-enabled systems increasingly
function as organizational infrastructures that restructure entrepreneurial
work itself. In particular, it investigates how AI integration in
uences the
composition of entrepreneurial work, the organization of entrepreneurial work-

ows, and the role of entrepreneurs in coordinating and governing increas-
ingly AI-enabled activities. Drawing on a qualitative study of early-stage
entrepreneurs actively integrating AI into their everyday ventures, the the-
sis aims to contribute to emerging research on AI-enabled entrepreneurship
by developing a theoretically grounded account of how entrepreneurial work
evolves through ongoing human{AI interaction.
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Chapter 2

Problem Statement and
Research Questions

2.1 Conceptual Clari�cation of AI-enabled En-
trepreneurial Systems

This thesis uses several related but analytically distinct concepts to describe
di�erent forms and levels of AI integration within entrepreneurial activities.
Clarifying these distinctions is important for understanding how AI integra-
tion evolves across di�erent entrepreneurial contexts and for grounding the
research questions developed in this chapter.

Table 2.1 summarizes these levels, ranging from isolated task-level sup-
port toward increasingly collaborative and coordination-oriented con�gura-
tions of entrepreneurial activity.
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Table 2.1: Levels of AI Integration in Entrepreneurial Activities

Level Core Function Primary
Focus

AI-enabled tools Task support and
operational assistance

Execution

AI agents / agentic
systems

Multi-step task execution
and operational
delegation

Delegation

Human{AI systems Collaborative human{AI
work
ows and iterative
interaction

Orchestration

AI-coordinated
organizational systems

Distributed coordination
across AI-enabled
operational systems

Coordination

AI-native infrastructures Reorganization of
entrepreneurial work,
agency, and governance
around AI-enabled
systems

Reorganization

2.2 Problem Statement and Research Gap

Existing research on AI and entrepreneurship can be broadly organized into
three partially overlapping streams, each of which contributes valuable in-
sights while leaving a distinct gap that motivates the present study.

The �rst stream examines AI adoption in organizational and entrepreneurial
contexts. These studies investigate the factors that in
uence whether and
how organizations decide to integrate AI-enabled technologies, the strate-
gic outcomes associated with adoption, and the performance implications of
AI at the �rm level (Benbya et al., 2020; Dhamija and Bag, 2020). In en-
trepreneurship research, AI adoption has been associated with opportunity
recognition, business model innovation, and data-driven decision-making un-
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der uncertainty (Lupp, 2023a; Omidmand et al., 2025). This stream has gen-
erated valuable insights into the antecedents and strategic consequences of
AI integration. However, by treating AI adoption primarily as a strategic de-
cision or organizational-level outcome, it o�ers limited understanding of how
AI-enabled systems become embedded in the day-to-day practices through
which entrepreneurial work is actually conducted|and how this embedding
reshapes the nature of that work over time.

The second stream examines Human{AI collaboration, focusing on how
humans and AI systems interact within work processes. This literature has
developed frameworks for understanding task division between human and
AI actors, the dynamics of trust and reliance in Human{AI interaction, and
the conditions under which AI augments rather than replaces human judg-
ment (Chalmers et al., 2021b; Shepherd and Majchrzak, 2022; Kusetogullari
et al., 2025). While this stream provides important conceptual tools for
analyzing human{AI interaction, much of the existing research focuses on
dyadic collaboration patterns within relatively bounded task contexts, often
in established organizational settings. Less attention has been paid to how
Human{AI collaboration patterns unfold within early-stage entrepreneurial
ventures|where work
ows are still forming, organizational structures are

uid, and the boundaries between human and AI contributions are actively
negotiated under conditions of uncertainty.

The third and least developed area concerns the organizational restruc-
turing of entrepreneurial work through AI integration. Rather than asking
whether entrepreneurs adopt AI or how they interact with it in discrete tasks,
this perspective asks how AI integration progressively reorganizes the fun-
damental composition of entrepreneurial activities|the types of tasks that
constitute entrepreneurial work, the work
ows through which these activities
are sequenced and coordinated, and the forms of judgment and agency that
entrepreneurs exercise under uncertainty. This is the area in which existing
research remains most limited. As AI-enabled systems extend well beyond
isolated task support toward underpinning prototyping, software develop-
ment, work
ow coordination, and iterative experimentation (Kusetogullari
et al., 2025; Al-Bashrawi et al., 2026), how this embedding reshapes the or-
ganizational logic of entrepreneurial work itself remains poorly understood.

This limitation is especially consequential in early-stage entrepreneurship.
Early-stage ventures operate under high uncertainty while facing resource
constraints, rapid iteration cycles, and evolving organizational structures
(McMullen and Shepherd, 2006; Fisher, 2012). Their work is inherently dy-
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namic, requiring continuous adaptation, iterative decision-making, and 
ex-
ible coordination across multiple operational activities. Early-stage ventures
therefore provide a particularly revealing empirical context for examining
how AI-enabled systems become embedded in entrepreneurial practice|and
how this embedding reorganizes entrepreneurial tasks, work
ows, and coor-
dination under conditions of uncertainty.

2.3 Research Objective

This thesis examines how early-stage entrepreneurs integrate AI-enabled
systems into their everyday work practices, and how this integration re-
structures entrepreneurial tasks, work
ows, and coordination under uncer-
tainty. The study takes a broad view of AI-enabled entrepreneurial activity|
encompassing generative AI tools, AI-assisted coding systems, conversational
AI applications, and more advanced agentic systems|rather than focusing
narrowly on fully autonomous AI agents. \Restructuring," as used here,
refers to reorganization at the level of tasks, work
ows, and organizational
collaboration, not large-scale strategic or structural transformation.

Empirically, the study focuses on early-stage entrepreneurs in digital
product and service development who actively integrate AI into activities
such as market exploration, coding, prototyping, content creation, and oper-
ational coordination. The thesis aims to contribute to emerging research on
AI-enabled entrepreneurship by developing a theoretically grounded account
of how entrepreneurial work evolves through ongoing human{AI interaction|
and by advancing the argument that AI-enabled systems increasingly func-
tion not as peripheral productivity tools, but as infrastructures that reorga-
nize entrepreneurial tasks, work
ows, and agency itself.

2.4 Research Questions

The thesis addresses three progressively connected research questions, mov-
ing from the task level (RQ1) to the work
ow level (RQ2) to the coordination
and uncertainty level (RQ3):

RQ1: How do AI-enabled tools di�erentially support distinct categories
of entrepreneurial work in early-stage startups?
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RQ2: How are AI-enabled tools integrated into and reshaping entrepreneurial
work
ows in early-stage startups?

RQ3: How do AI-enabled systems redistribute and reshape entrepreneurial
coordination under conditions of operational and coordinative uncertainty in
early-stage startups?
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Chapter 3

Methodology

3.1 Research Design

This study adopts a qualitative research design to examine how AI-enabled
tools and systems become embedded within the everyday practices of early-
stage entrepreneurs, and how this integration restructures entrepreneurial
tasks, work
ows, and coordination under conditions of uncertainty.

Given the interpretive and theory-building nature of the research, a quali-
tative approach is considered appropriate. More speci�cally, the study follows
a multiple-case study design. Case studies are particularly suitable for inves-
tigating contemporary phenomena within real-life contexts, especially when
the boundaries between the phenomenon and its context are not clearly de-
�ned (Yin, 2018). The use of multiple cases enables the identi�cation of
patterns and variations across di�erent entrepreneurial settings, with the
goal of developing analytical insights into three distinct con�gurations of AI-
enabled entrepreneurship|ranging from selective and bounded AI integra-
tion, toward AI-native work
ow orchestration, and ultimately toward infras-
tructurally organized forms of AI-enabled coordination. Rather than aiming
for statistical generalization, the study seeks to build theoretically grounded
understanding of how AI-enabled systems reorganize entrepreneurial work in
early-stage ventures.
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3.2 Empirical Context and Sample

The empirical context of this study consists of entrepreneurs engaged in early-
stage digital entrepreneurship across globally distributed contexts, connected
through AI entrepreneurship communities where members exchange project
updates, tool-use experiences, and practical re
ections related to AI-enabled
venture development. While all three participants share Chinese cultural
and linguistic backgrounds, their entrepreneurial activities are not con�ned
to the Chinese domestic market, and their use of AI-enabled tools re
ects
globally available platforms and systems.

Rather than examining all forms of entrepreneurship, the study is specif-
ically bounded to founders who actively integrate AI-enabled tools into their
day-to-day entrepreneurial work
ows, including product development, mar-
ket research, coding, and operational activities. This focus enables the study
to capture how AI-enabled tools are embedded in entrepreneurial practices
within emerging and resource-constrained venture environments.

The empirical material consists of three qualitative case studies. These
cases were selected from a broader set of six interviewed participants using
purposive sampling (Patton, 2002), with the aim of identifying individuals
who have sustained, hands-on experience integrating AI-enabled tools as part
of their entrepreneurial activities. The unit of analysis is the individual
entrepreneur's use of AI-enabled tools in daily work practices.

The selection of these three cases was guided by three considerations in-
tended to strengthen both methodological transparency and analytical rigor.
First, the cases are analytically comparable in that all three entrepreneurs
share a common empirical baseline: they are early-stage digital entrepreneurs
operating under resource constraints, actively and continuously integrating
AI-enabled tools into their day-to-day work
ows across activities such as
product development, coding, content generation, and operational coordina-
tion. This shared foundation makes cross-case comparison meaningful, as
variation in AI integration patterns can be examined against a consistent
empirical backdrop rather than attributed to di�erences in venture type or
industry context.

Second, each case is theoretically interesting in its own right, o�ering in-
sight into a qualitatively distinct mode of AI-enabled entrepreneurial work.
Case D, representing selective and bounded integration, illuminates how en-
trepreneurs make deliberate task-level decisions about where AI involvement
is appropriate and where human judgment must be retained. Case W, rep-
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resenting AI-native work
ow orchestration, illustrates how entrepreneurial
production can be organized around a coordinated ecosystem of specialized
AI models, with the entrepreneur assuming an orchestration-centered rather
than execution-centered role. Case MM, representing distributed multi-agent
coordination, extends this pattern toward its most infrastructurally complex
form, in which entrepreneurial work increasingly involves designing and gov-
erning AI-enabled systems rather than interacting with individual tools.

Third, taken together, the three cases form an analytical spectrum rang-
ing from selective tool-level AI integration, through work
ow-level AI or-
chestration, to system-level AI governance. This deliberate variation was in-
tended to reveal how the organizational consequences of AI integration shift
as the depth and complexity of integration increases|enabling the study to
develop theoretically grounded insights that extend beyond any single con-
�guration of AI-enabled entrepreneurship.

The selected cases re
ect this deliberate variation and represent three
analytically distinct con�gurations of AI-enabled entrepreneurship. Table 3.1
provides an overview of the three cases.

Table 3.1: Case Overview
Case Venture Data Format Duration Conceptual

Identity

D
(Co-founder,
Product
Manager)

Photo album Voice + text �60{70 min Selective and
bounded
integration

W
(Sole Founder)

AI comic-based language
learning app

Text +
product
observation

Longitudinal AI-native
work
ow
orchestration

MM
(Co-founder,
Technical
Director)

Multi-agent systems for
vertical business

Community
posts +
follow-up

Multiple
sessions

AI-enabled
organizational
architecture

Case D concerns a co-founder serving as product manager, with a pro-
fessional background in product management within the Chinese technology
industry, who is developing a digital photo album product. Case W concerns
a sole founder with a technical background who independently developed an
AI-enabled language learning application. Case MM concerns a co-founder
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and technical director with extensive experience in AI systems development,
who has worked with multi-agent architectures for over a year.

3.3 Data Collection

Data for this study was collected through multiple complementary sources,
re
ecting the varied nature of engagement across the three cases. Given the
exploratory nature of the research, a 
exible data collection approach was
adopted to allow respondents to describe their experiences in detail while
ensuring that key topics were covered across cases.

For Case D, data were collected through a semi-structured interview con-
ducted via voice messages, in which the researcher shared a set of guiding
questions and the participant responded in detail. The interview covered how
AI-enabled tools were integrated across di�erent stages of the entrepreneurial
process, what types of tasks were supported by AI, and how AI-enabled tools
in
uenced decision-making under conditions of uncertainty. The total dura-
tion of responses was approximately 60{70 minutes.

For Case W, data were collected through an extended period of longi-
tudinal engagement involving ongoing text-based exchanges, product obser-
vation, and iterative discussion of product development decisions. Rather
than a single formal interview, the researcher maintained continuous contact
with the entrepreneur over an extended period, during which the develop-
ment and re�nement of the AI-enabled product were directly observed and
discussed. This approach provided particularly rich insight into how AI-
enabled work
ows evolved over time and how entrepreneurial decisions were
made in practice.

For Case MM, data were collected primarily from publicly shared prac-
titioner accounts posted within an AI entrepreneurship community, supple-
mented by follow-up discussions with the entrepreneur. These entrepreneurs
provided detailed re
ections on multi-agent system design, architectural chal-
lenges, and real-world implementation experiences. The practitioner's ac-
counts were treated as practitioner-generated qualitative data o�ering direct
insight into advanced forms of AI-enabled system development.

Across all cases, the interview and engagement questions focused on three
core areas: (1) how and at which stages AI-enabled tools are integrated
into entrepreneurial work
ows, (2) what types of tasks are supported by AI-
enabled tools, and (3) how AI-enabled tools in
uence decision-making and
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coordination under conditions of uncertainty. Additional follow-up questions
were used to explore speci�c work
ow examples, challenges encountered, and
situations where AI use led to unexpected outcomes.

Table 3.2 summarizes the core thematic areas covered across data collec-
tion activities.

Table 3.2: Interview and Data Collection Guide: Core Thematic Areas

Area Theme Example Questions

1 AI tool integration
and work
ow stages

At which stages of your entrepreneurial
process do you use AI-enabled tools?
How did AI become part of your
work
ow?

2 Task support and
boundaries

What types of tasks do you delegate to
AI? What tasks remain human-led, and
why?

3 Decision-making
under uncertainty

How do AI-enabled tools in
uence your
decision-making? Has AI ever changed a
decision you would have made
di�erently?

4 Work
ow
coordination and
orchestration

How do you coordinate multiple AI
systems? How do you evaluate and
manage AI-generated outputs?

5 Limitations and
human judgment

Where do AI systems fall short? What
aspects of entrepreneurial judgment
cannot be delegated to AI?

The data collection process was iterative. Initial responses were used
to identify emerging themes, which then informed subsequent questions and
follow-up discussions. This approach enabled a more in-depth exploration of
how AI-enabled tools are embedded in entrepreneurial practice, rather than
relying solely on prede�ned questions. Triangulation across multiple data
sources|including interview responses, community-shared practitioner ac-
counts, and direct product observation|was used to strengthen the validity
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of the empirical material.
An overview of key empirical materials used in this study, translated from

Chinese, is provided in Appendix A.

3.4 Data Analysis

The data were analyzed using a thematic analysis approach that combined
both deductive and inductive coding strategies, aimed at identifying patterns
in how AI-enabled technologies are used across di�erent entrepreneurial con-
texts. Given the exploratory nature of the study, the analysis focused on
uncovering recurring themes related to entrepreneurial tasks, work
ows, and
decision-making processes, corresponding to the research questions guiding
the study.

The analysis was conducted through four iterative steps. First, all em-
pirical materials|including interview transcripts, text-based exchanges, and
practitioner accounts|were reviewed multiple times to gain familiarity with
the data. During this stage, initial observations were noted regarding how
entrepreneurs described their use of AI-enabled tools, including interactions
with AI systems, perceptions of AI capabilities, and approaches to integrat-
ing AI into entrepreneurial activities. A detailed illustration of this process
is provided in Appendix B.

Second, the data were coded using a combination of deductive and in-
ductive approaches. Initial coding categories were informed by the research
questions and existing literature, while additional codes were developed in-
ductively to capture emerging patterns across cases. Table 3.3 illustrates the
coding process through selected examples, showing how raw data segments
were assigned initial codes that were subsequently grouped into broader an-
alytical themes.
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Table 3.3: Illustrative Examples of Coding Process

Data Segment Initial Code Analytical Theme

\Frontend development
was approximately 80%
AI-generated; backend
remained fully
human-controlled due to
complex logic" (Case D)

Task boundary:
modularity vs.
complexity

Selective and bounded
AI integration

\I just tell Claude what
I want, it writes the
code; I evaluate and
redirect" (Case W)

Conversational
delegation; human
as evaluator

AI-native work
ow
orchestration

\The more prompts you
add to a single agent,
the dumber it gets"
(Case MM)

Architectural
limitation:
contextual
overload

Multi-agent
decomposition and
coordination

\AI validates my
decisions but doesn't
change them" (Case D)

AI as validation
tool; human
judgment retained

Bounded Human{AI
collaboration

\Only let AI know what
it needs to know" (Case
MM)

Contextual
boundary
management

Coordinative
uncertainty governance

Third, the coded data were grouped into broader themes to identify
di�erent modes of AI-enabled tool integration across entrepreneurial con-
texts. This process involved comparing and clustering codes based on sim-
ilarities and di�erences in how AI-enabled tools were embedded into en-
trepreneurial practices. Through this iterative process, themes were devel-
oped to re
ect variations ranging from selective and bounded AI use, to
iterative and orchestration-oriented interaction patterns, and more advanced
system-oriented approaches involving coordinated multi-agent structures.

Finally, a cross-case comparison was conducted to examine similarities
and di�erences across the cases. This involved systematically comparing how
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AI-enabled tools were integrated into entrepreneurial tasks, work
ows, and
decision-making processes across di�erent entrepreneurial contexts. Through
this comparison, key dimensions of variation were identi�ed, including the
extent of delegation to AI systems, work
ow coordination structures, levels of
human control, and the role of AI in entrepreneurial decision-making under
uncertainty.

3.5 Researcher Re
exivity and Limitations

Qualitative research requires ongoing re
ection on how the researcher's posi-
tion, background, and relationships with participants may shape the collec-
tion and interpretation of empirical data (Lincoln and Guba, 1985). Several
aspects of the researcher's positionality are relevant to this study and should
be acknowledged transparently.

First, the researcher shares cultural and linguistic backgrounds with all
three participants, which facilitated access to a specialized AI entrepreneur-
ship community and enabled naturalistic communication during data collec-
tion. Familiarity with the Chinese technology and entrepreneurship context
provided contextual sensitivity that may have enhanced the depth and accu-
racy of data interpretation. At the same time, this shared background may
have introduced interpretive assumptions that are not fully made explicit
in the analysis, and �ndings should be read with awareness of this cultural
embeddedness.

Second, the researcher maintained an extended and collaborative relation-
ship with the Case W participant over a prolonged period, involving ongoing
product discussions, direct product use, and material support. While this
longitudinal engagement generated unusually rich empirical material, it also
introduces a potential source of interpretive bias: the researcher's familiarity
with and investment in the product may have in
uenced how the case was
framed and analyzed. To mitigate this, analytical claims drawn from Case
W were cross-checked against patterns observed across the other cases, and
interpretations were grounded in speci�c empirical observations rather than
general impressions.

Third, all participants were recruited through AI entrepreneurship com-
munities characterized by active and enthusiastic engagement with AI-enabled
tools. This sampling context may have introduced a selection bias toward
entrepreneurs with particularly positive orientations toward AI integration,
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potentially limiting the extent to which �ndings re
ect more cautious or
skeptical approaches to AI adoption in early-stage ventures.

Fourth, the data collection formats varied substantially across cases, rang-
ing from a formal voice-based interview in Case D, to longitudinal text-based
engagement in Case W, to community-shared practitioner accounts in Case
MM. While this variation enabled access to qualitatively di�erent forms of
empirical material, it also introduces inconsistencies in the depth and com-
parability of data across cases. Triangulation across multiple sources was
used to partially address this limitation, but readers should be aware that
the evidential basis di�ers across the three cases.

Fifth, the researcher's interpretive role in the coding and analysis process
warrants explicit re
ection. Qualitative thematic analysis inevitably involves
analytical subjectivity: decisions about which data segments are signi�cant,
how codes are grouped into themes, and which interpretive labels are applied
to emerging patterns re
ect the researcher's own conceptual interests and
prior understanding of the phenomenon (Braun and Clarke, 2006). In this
study, the researcher's familiarity with AI-enabled entrepreneurship|both as
a �eld of study and as a personal practice|may have shaped which patterns
were foregrounded during analysis and how they were theorized. In particu-
lar, concepts such as coordinative uncertainty and infrastructural judgment
did not emerge directly from the data. They were developed through an
iterative process of interpretation, comparison across cases, and engagement
with existing theory. While this is consistent with the theory-building goals
of the study, it means that these concepts re
ect the researcher's analytical
judgments as much as the participants' experiences. To partially address
this risk, analytical claims were consistently anchored in speci�c empirical
excerpts, alternative interpretations were considered during theme develop-
ment, and patterns identi�ed in one case were cross-checked against the other
cases before being incorporated into the broader analytical framework. Nev-
ertheless, readers should interpret the �ndings with awareness that they are
the product of an interpretive process shaped by the researcher's own posi-
tionality.

These re
ections do not invalidate the �ndings of the study, but highlight
the interpretive and contextual conditions under which they were produced.
The goal of this thesis is not to produce generalizable �ndings in a statistical
sense, but to develop analytically grounded insights into how AI-enabled
systems are integrated into entrepreneurial practices within a speci�c and
theoretically relevant empirical context.
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AI-Assisted Writing Disclosure

The writing of this thesis was itself organized as a Human{AI collaborative
work
ow, consistent with the practices examined in the empirical cases. The
author used Claude (Anthropic) and ChatGPT (OpenAI) throughout the
writing process to support tasks including language editing, structural feed-
back, and iterative drafting re�nement. The author retained full responsibil-
ity for all analytical decisions, theoretical argumentation, empirical interpre-
tation, and �nal judgments regarding content and direction. AI-generated
suggestions were evaluated, redirected, and accepted or rejected based on
the author's own scholarly assessment|a division of labor that mirrors the
orchestration-centered Human{AI collaboration described in this thesis.
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Chapter 4

Literature Review

This chapter reviews existing literature across six interconnected themes: AI
integration in organizational and entrepreneurial contexts; AI's reshaping of
knowledge work; Human{AI collaboration and co-creation; AI agents and
distributed agency; entrepreneurship under uncertainty; and AI's in
uence
on entrepreneurial decision-making. The chapter concludes with a synthesis
that establishes the analytical foundation for the empirical analysis.

4.1 AI in Organizations and Entrepreneur-
ship

Arti�cial intelligence has increasingly attracted attention as a transforma-
tive technology in contemporary organizations. This is particularly evident
in entrepreneurial contexts, where founders operate under high levels of un-
certainty and rely heavily on experimentation, information processing, and
iterative decision-making (Chalmers et al., 2021a; Lupp, 2023b). As Benbya
et al. (2020) and Shepherd and Majchrzak (2022) suggest, AI systems are
generally understood as technologies capable of performing tasks that require
human-like cognitive abilities|including problem-solving, pattern recogni-
tion, prediction, and decision-making. These capabilities are especially rel-
evant in entrepreneurial environments, where opportunity evaluation, adap-
tation, and rapid experimentation are central activities.

The rapid growth of data availability and computational power has ex-
panded AI applications across a wide range of organizational functions. In
entrepreneurial settings, AI-enabled technologies now support activities such
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as process automation, market analysis, customer interaction, and opera-
tional coordination (Brem et al., 2021; Kakatkar et al., 2020). As a result,
AI is becoming embedded within the everyday processes through which en-
trepreneurial ventures explore and develop new opportunities.

Recent developments in generative AI have further accelerated this inte-
gration. Unlike earlier rule-based systems, contemporary AI demonstrates
greater capabilities for handling unstructured information, generating con-
tent, and supporting analytical tasks (Shepherd and Majchrzak, 2022; Bryn-
jolfsson and McAfee, 2017). Kusetogullari et al. (2025) and Dhamija and Bag
(2020) document how AI-enabled systems are now adopted across multiple
functional domains, supporting automation, optimization, and knowledge-
intensive work at scale.

Despite these opportunities, AI adoption in entrepreneurial contexts re-
mains uneven. Many startups remain in early-stage exploration, constrained
by limited resources, insu�cient data, and a lack of AI-related expertise
(Benbya et al., 2020; Obschonka and Audretsch, 2020). As Hamm and Klesel
(2021) argue, successful AI adoption depends not only on technological ca-
pability, but also on organizational conditions including leadership support,
resource availability, and industry context|factors that vary considerably
across early-stage ventures.

What remains insu�ciently understood, however, is how AI-enabled sys-
tems reshape entrepreneurial work
ows, collaborative work practices, and or-
ganizational coordination at a more granular level (Lupp, 2023b; Townsend
and Hunt, 2019). This gap motivates the present study's focus on how AI-
enabled systems become embedded within entrepreneurial work processes in
early-stage ventures.

4.2 AI and Knowledge Work

Knowledge work lies at the core of entrepreneurial activity, involving com-
plex cognitive processes such as opportunity recognition, market interpreta-
tion, experimentation, and decision-making under uncertainty (Jarrahi, 2023;
Sowa et al., 2021). Traditionally considered resistant to automation, these
activities are increasingly being reshaped by advances in machine learning,
natural language processing, and generative AI.

Brynjolfsson and McAfee (2017) argue that AI represents a general-purpose
technology capable of reshaping industries and organizational structures in
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ways comparable to earlier technological breakthroughs. A key mechanism
through which this occurs is the redistribution of tasks. Rather than directly
replacing human labor, Autor et al. (2003) shows that digital technologies
substitute for routine, rule-based activities while complementing non-routine
cognitive processes such as problem-solving, judgment, and complex commu-
nication. In entrepreneurial settings, this dynamic is particularly salient: AI-
enabled technologies can absorb lower-value or repetitive knowledge work|
including information sorting, market scanning, and content generation|
thereby freeing entrepreneurs to focus on interpretive, strategic, and experi-
mental activities (Bankins et al., 2024).

Empirically, Dell'Acqua et al. (2023) demonstrate that generative AI sys-
tems can signi�cantly improve the speed and quality of knowledge-intensive
tasks while reshaping how individuals allocate cognitive attention. However,
e�ectiveness remains highly task-dependent. As Brynjolfsson et al. (2017)
note, AI performs well in some domains while requiring ongoing human over-
sight and re�nement in others|a pattern that has important implications
for how entrepreneurs selectively rely on AI-enabled systems across di�erent
types of work.

Beyond individual tasks, AI-enabled systems are increasingly embedded
within broader knowledge-intensive work
ows involving ongoing coordina-
tion, information integration, and iterative re�nement (Jarrahi, 2023). This
points to a shift toward more work
ow-oriented forms of knowledge work
in which humans and AI systems continuously interact throughout evolving
operational processes. Rather than functioning only as a technology for im-
proving e�ciency, AI increasingly points toward work
ow-oriented knowledge
work, raising fundamental questions about how responsibilities and agency
are distributed between human and AI actors|questions taken up in the
following section.

4.3 Human{AI Collaboration and Co-creation

Recent research increasingly conceptualizes Human{AI collaboration as a
multidimensional phenomenon involving iterative interaction, coordination,
and coordinated engagement between humans and AI systems (Puerta-Beldarrain
et al., 2025). While earlier organizational applications of AI primarily focused
on task automation and decision support, advances in generative AI have en-
abled AI systems to participate more actively in ongoing work processes and
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collaborative work
ows.
Humans, as Fragiadakis et al. (2025) argue, are not merely passive re-

cipients of AI-generated outputs. Rather, they are active contributors who
continuously interact with, re�ne, and guide AI-supported activities through-
out collaborative processes. This iterative dynamic increasingly characterizes
how knowledge-intensive work is conducted across a range of organizational
contexts.

Figure 4.1: Core elements of Human{AI Collaboration (HAIC) and examples
of their application. Adapted by the author from Fragiadakis et al. (2025).

Bansal et al. (2021) further highlights that collaboration with AI systems
is dynamic and task-speci�c rather than uniform. Individuals selectively rely
on AI depending on task complexity, uncertainty, and their assessment of
AI-generated outputs. As Dell'Acqua et al. (2023) and Sowa et al. (2021)
show, this selective reliance reshapes how individuals allocate attention and
coordinate cognitive activities throughout their work.

Beyond task-level collaboration, recent research frames Human{AI in-
teraction as an iterative co-creation process. Rather than isolated prompt-
response exchanges, collaboration increasingly involves multi-step coordina-
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tion in which AI systems participate in content generation, task decompo-
sition, and iterative feedback cycles (Zhang et al., 2025; Fragiadakis et al.,
2025). As Zhang et al. (2026b) describe, this often unfolds through staged
and incremental mechanisms in which humans intervene, evaluate outputs,
and guide subsequent AI activities throughout the work
ow.

As Human{AI collaboration becomes more integrated and coordination-
oriented, questions concerning how responsibilities and work
ow partici-
pation are distributed between human and AI actors become increasingly
important|a theme taken up in the following section.

4.4 AI Agents and Agency in Human{AI Work-

ows

While the previous section focused on dyadic Human{AI collaboration, this
section extends the discussion toward AI agents, multi-agent systems, and
work
ow-level coordination. In contrast to earlier AI systems designed for
isolated task assistance, AI agents are increasingly conceptualized as active
participants capable of supporting ongoing coordination, work
ow execution,
and structured sequences of activities (Shepherd and Majchrzak, 2022; Zhang
et al., 2026a).

Zhang et al. (2026a) and Zhang et al. (2026b) suggest that AI-enabled
work
ows increasingly involve multiple interconnected stages in which hu-
mans and AI agents collaboratively contribute to contextual interpretation,
goal formulation, task decomposition, and execution. Rather than function-
ing autonomously, AI agents typically operate within humans-in-the-loop
structures where human actors continuously guide, evaluate, and re�ne AI-
supported activities.
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Table 4.1: Stages of Agentic Human{AI Work
ows. Adapted from Caetano
et al. (2025).

Work
ow
Stage

Human Role AI Agent Role Work
ow Function

Contextualization Provide contextual
information

Process and
structure context

Reduce ambiguity and
establish relevant
context

Goal
Formulation

De�ne and re�ne
goals

Recommend and
decompose goals

Support iterative
re�nement and task
clari�cation

Prompt
Articulation

Evaluate and
adjust prompts

Generate
task-speci�c
prompts

Facilitate work
ow
execution and
interaction

As Zhang et al. (2025) argues, agency within Human{AI work
ows is
increasingly distributed rather than centered exclusively on human or AI ac-
tors alone. The distribution of responsibilities is 
uid and task-dependent:
humans tend to maintain greater oversight in activities involving uncertainty,
strategic judgment, and contextual interpretation, while delegating more
structured and repetitive tasks to AI systems (Bansal et al., 2021; Fragiadakis
et al., 2025).

As work
ows grow more complex, multi-agent coordination becomes in-
creasingly important. Rather than relying on a single AI system, com-
plex work
ows increasingly involve multiple specialized AI agents supporting
di�erent operational functions across interconnected stages (Zhang et al.,
2026b,a). Work
ow orchestration relies on decomposition mechanisms in
which broader activities are divided into smaller tasks distributed across
agents and human actors. In these contexts, human actors increasingly as-
sume orchestration-oriented roles involving coordination, supervision, and
adjustment across multiple AI-supported processes.

These developments are particularly relevant in entrepreneurial contexts,
where uncertainty, rapid experimentation, and resource constraints shape
how AI-enabled systems are integrated into operational and decision-making
activities. Understanding how entrepreneurial action unfolds under such con-
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ditions is therefore the focus of the following section.

4.5 Entrepreneurship under Uncertainty

Following Knight (1921)'s classical distinction between calculable risk and
genuine uncertainty, and building on McMullen and Shepherd (2006)'s oper-
ationalization of entrepreneurial uncertainty, this thesis understands uncer-
tainty as conditions in which entrepreneurs cannot reliably predict outcomes
or assign probabilities to future states. In this thesis, uncertainty primarily
refers to the ongoing uncertainty associated with entrepreneurial experimen-
tation, evolving product direction, operational coordination, and incomplete
interpretive knowledge within early-stage ventures.

Entrepreneurial activity is inherently uncertain. Early-stage entrepreneurs
frequently operate where information is incomplete, resources are scarce, and
future outcomes are di�cult to predict (Chalmers et al., 2021b; McMullen
and Shepherd, 2006). As Bylund and McCa�rey (2017) argues, this goes
beyond calculable risk|both possible outcomes and their likelihoods may be
unknown, making conventional planning approaches insu�cient.

To explain how entrepreneurs navigate these conditions, prior research
has distinguished between two complementary decision-making logics. Saras-
vathy (2001) identi�es causation as a goal-oriented logic in which entrepreneurs
begin with prede�ned objectives and select means to achieve them through
planning and analysis. E�ectuation, by contrast, emphasizes a means-driven
approach in which entrepreneurs start with available resources and itera-
tively co-create opportunities through experimentation and 
exible adapta-
tion. Rather than mutually exclusive strategies, Reymen et al. (2015) and
Fisher (2012) show that entrepreneurs shift dynamically between these log-
ics depending on perceived uncertainty, information availability, and venture
maturity.

The Lean Startup approach o�ers a related perspective, conceptualizing
entrepreneurship as a continuous process of hypothesis testing and feedback-
driven learning (Bocken and Snihur, 2020; McGrath, 2010). Through itera-
tive build{measure{learn cycles, entrepreneurs gradually transform uncertain
assumptions into more informed judgments.

AI-enabled technologies increasingly reshape these experimental processes.
As Omidmand et al. (2025) documents, AI can accelerate experimentation
through automated data analysis, predictive modeling, and real-time feedback|
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supporting more systematic forms of hypothesis testing. At the same time,
data-driven approaches may con
ict with the 
exibility and adaptability re-
quired in highly uncertain contexts, suggesting that AI reshapes rather than
replaces entrepreneurial judgment.

More recently, scholars have begun examining how di�erent AI paradigms
align with distinct entrepreneurial decision logics. Lupp (2023a) argue that
supervised learning supports causation through prediction and planning,
while unsupervised and reinforcement learning are more consistent with ex-
ploratory and iterative opportunity development. As AI-enabled systems
become more deeply embedded in entrepreneurial work
ows, understanding
how they interact with entrepreneurial decision-making under uncertainty
becomes increasingly important|a question taken up directly in the follow-
ing section.

4.6 Arti�cial Intelligence and Entrepreneurial
Decision-Making

AI-enabled technologies are increasingly reshaping how entrepreneurs process
information, evaluate opportunities, and make decisions under uncertainty.
As Kusetogullari et al. (2025) and Dhamija and Bag (2020) document, AI
extends the cognitive capabilities of entrepreneurs operating under resource-
constrained conditions by supporting information processing, data analysis,
and pattern recognition at scale.

Generative AI and large language models are particularly relevant in this
regard. Kusetogullari et al. (2025) suggests that these systems increasingly
function as external enablers that support opportunity identi�cation, busi-
ness model exploration, market analysis, and strategic evaluation. Rather
than passive tools, AI-enabled systems actively contribute to iterative en-
trepreneurial processes by helping entrepreneurs generate insights, explore
alternatives, and evaluate opportunities under uncertainty.

However, AI-supported decision-making is not without limitations. Csaszar
et al. (2024) highlights the risk of convergence toward historically domi-
nant patterns, arguing that the data-dependent nature of AI systems may
constrain novelty and reduce the diversity of strategic options considered.
Whether AI enhances or limits entrepreneurial creativity depends largely on
how entrepreneurs deploy these systems|as tools for exploratory ideation or
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as mechanisms for optimization within existing frameworks.
Building on the causation{e�ectuation distinction discussed in the pre-

vious section, Lupp (2023a) further argues that AI does not in
uence en-
trepreneurial decision-making uniformly. Di�erent AI approaches reinforce
di�erent decision logics depending on whether entrepreneurial activities em-
phasize prediction, planning, exploration, or iterative opportunity develop-
ment. AI-enabled systems therefore do not merely support decisions, but
increasingly shape how opportunities are explored and developed under un-
certainty.

What remains less understood is how this in
uence plays out at the level
of everyday entrepreneurial work
ows. As Al-Bashrawi et al. (2026) and
Shepherd and Majchrzak (2022) suggest, AI-enabled systems are increas-
ingly embedded within interconnected entrepreneurial activities|spanning
experimentation, strategic planning, information analysis, and operational
coordination|rather than supporting isolated decision tasks alone. Exam-
ining how this embedding reshapes entrepreneurial work in practice is the
central concern of this thesis.

Synthesis

The six themes reviewed in this chapter collectively establish the concep-
tual foundation for this thesis. Existing research con�rms that AI-enabled
systems are reshaping knowledge work, enabling new forms of Human{AI col-
laboration, and introducing distributed forms of agency within increasingly
complex work
ows. At the same time, entrepreneurship research highlights
the centrality of uncertainty, experimentation, and adaptive decision-making
in early-stage ventures|conditions that make entrepreneurship a particularly
important context for examining how AI integration unfolds in practice.

Yet a signi�cant gap remains. Much of the existing literature examines
AI adoption, strategic implications, or higher-level organizational outcomes.
Less attention has been paid to how AI-enabled systems become practically
embedded within entrepreneurial tasks, work
ows, and coordination pro-
cesses at the operational level|and how this embedding reshapes the nature
of entrepreneurial work itself.

This thesis addresses that gap. Drawing on the task-based view of techno-
logical change (Autor et al., 2003), Human{AI collaboration research (Jar-
rahi, 2023; Fragiadakis et al., 2025), and entrepreneurial uncertainty the-
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ory (Knight, 1921; Sarasvathy, 2001), the empirical analysis examines how
AI-enabled systems di�erentially support and restructure entrepreneurial
work|from the categorization of AI-supported tasks (RQ1), to the integra-
tion and reshaping of entrepreneurial work
ows (RQ2), and �nally to how
AI-enabled systems redistribute coordination and judgment under conditions
of operational and coordinative uncertainty (RQ3).
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Chapter 5

Findings

This chapter presents empirical �ndings from three case studies examining
how AI-enabled tools and systems are used within early-stage entrepreneurial
ventures. The analysis focuses on three interconnected dimensions of AI-
enabled entrepreneurial work: the types of tasks supported by AI-enabled
tools, how these tools become integrated into and reshape entrepreneurial
work
ows, and how AI-enabled systems in
uence entrepreneurial coordina-
tion under conditions of uncertainty.The analysis draws on Autor's (2003)
task-based view to examine how AI restructures task composition, on Human{
AI collaboration research (Jarrahi, 2023; Fragiadakis et al., 2025) to inter-
pret work
ow integration patterns, and on entrepreneurial uncertainty theory
(Knight, 1921; Sarasvathy, 2001) to examine how AI redistributes coordina-
tive demands across cases.

The three cases represent analytically distinct con�gurations of AI-enabled
entrepreneurship. Case D illustrates selective and bounded AI integration,
where AI-enabled tools support modular and execution-oriented tasks. Case
W demonstrates an AI-native work
ow, where multiple AI-enabled systems
are coordinated across content generation, coding, prototyping, and itera-
tive product development. Case MM extends this pattern toward infrastruc-
tural coordination, where entrepreneurial work increasingly involves design-
ing multi-agent architectures, managing contextual boundaries, and coordi-
nating distributed AI-enabled capabilities.

Across the cases, the �ndings reveal a progression from AI as task-level
support, to AI as work
ow infrastructure, and �nally to AI as part of a
broader coordination architecture. As AI-enabled systems absorb more execution-
oriented functions, human entrepreneurial work increasingly shifts toward
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orchestration, contextual judgment, and strategic supervision.

5.1 Case D: Selective and Bounded Integra-
tion of AI-enabled Tools

5.1.1 Selective AI Integration Across Entrepreneurial
Tasks

Case D concerns an entrepreneur developing a digital photo album product,
with a professional background in product management within the Chinese
technology industry. Across the entrepreneurial process, AI-enabled tools
were embedded into multiple operational stages|including market research,
interface design, frontend development, and product promotion. However,
integration was neither uniform nor fully autonomous. Instead, the respon-
dent adopted a selective and bounded approach in which the degree of AI
involvement varied systematically across tasks.

This pattern re
ects what Autor et al. (2003) describes as task-based
technological change: rather than automating the entire entrepreneurial pro-
cess, AI-enabled tools selectively substituted for modular and standardized
activities while leaving more complex, judgment-dependent tasks under hu-
man control. The respondent articulated this distinction directly: \if what
I'm doing is very generic, then the agent's existing knowledge base can basi-
cally search for it online and get it right nine times out of ten." By contrast,
tasks involving novel ideas or internally developed concepts were perceived
as poorly suited for AI delegation, as AI systems lacked the domain-speci�c
knowledge required to generate reliable outputs.

During the early market research phase, the respondent adopted a hybrid
knowledge work
ow combining AI-supported information processing with
personal judgment. Critically, AI-generated outputs were not treated as
authoritative. As the respondent noted, \a lot of data online is in
ated,"
making it necessary to balance AI-generated insights against \personal feel-
ing" and real-world experience. This resulted in approximately 50% reliance
on AI-assisted information gathering during the research phase, with the
remainder driven by experiential judgment and direct observation. This
pattern is consistent with Jarrahi (2023)'s account of Human{AI collabora-
tion, in which AI systems perform e�ectively within bounded task domains
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while humans retain oversight in activities requiring contextual judgment
and strategic interpretation.

AI integration became more di�erentiated during product design and de-
velopment. At the design stage, AI was primarily used to generate rapid
interface sketches and visual drafts using tools such as Lovart, enabling low-
cost experimentation consistent with the iterative prototyping logic of the
Lean Startup approach (Bocken and Snihur, 2020). Frontend development
was estimated to involve approximately 80% AI-generated work, as the re-
spondent explained: \frontend tasks could be more easily standardized and
generated through AI-supported coding processes." Human intervention was
primarily focused on re�nement, adjustment, and integration.

Backend development, by contrast, remained predominantly human-controlled.
The respondent explained that backend systems involved \complex and di�cult-
to-articulate logic structures" that were unsuitable for delegation to AI-
enabled tools. This formed a layered division of labor consistent with the
task-based view (Autor et al., 2003): AI was deployed for modular, execution-
focused tasks, while complex logic and strategically sensitive development
remained �rmly human-led.
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Figure 5.1: Selective AI integration across entrepreneurial tasks in Case D,
illustrating varying degrees of AI involvement depending on task modularity,
contextual complexity, and perceived uncertainty.
Note: Figure developed by the author based on interview data, coding results, and

empirical interpretation of Case D. Image generated by AI.

Taken together, the �ndings from this phase suggest that the boundary
of AI integration in Case D was determined primarily by task modularity
and standardization|consistent with the modular execution and information
processing categories identi�ed in the cross-case framework. Rather than
automating the entrepreneurial process, AI recon�gured the internal task
division within early-stage work
ows.

5.1.2 Interaction Costs and Bounded Collaboration

The respondent's approach to AI-enabled tools was also shaped by resource
considerations, particularly the perceived costs of iterative interaction. The
respondent drew a clear distinction between tasks well-suited for AI delega-
tion and those that were not: \if what I'm making involves my own thinking
that has no corresponding materials online, then the agent calling on exist-
ing knowledge bases will most likely generate outputs that don't meet my
needs|and I'll need multiple rounds of modi�cation." In such situations,
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extensive interaction with AI was perceived as ine�cient, generating \in-
creasing token usage and diminishing returns from repeated prompting."

This observation points to a dimension of Human{AI collaboration not
fully captured by existing frameworks: interaction cost as a governance mech-
anism. Bansal et al. (2021) notes that individuals calibrate AI reliance
based on perceived strengths and limitations, but the resource dimension|
particularly token cost and iteration e�ciency|represents an additional con-
straint speci�c to resource-constrained entrepreneurial contexts. Consequently,
the respondent deliberately con�ned AI to well-de�ned execution tasks, po-
sitioning AI systems explicitly as \executors" rather than collaborative part-
ners: \I don't want it to collaborate with me|in the process of collaborative
communication it just wastes my tokens."

This �nding suggests that AI integration in early-stage ventures is gov-
erned not only by task characteristics and technological capability, but also
by entrepreneurs' ongoing assessment of interaction e�ciency under resource
constraints|a dynamic that existing literature on Human{AI collaboration
has yet to fully theorize (Jarrahi, 2023; Bankins et al., 2024).

5.1.3 Human Judgment and Strategic Control

Despite extensive AI integration across operational tasks, the respondent
maintained clear boundaries around strategic judgment and decision-making.
AI outputs primarily served to validate existing human judgments rather
than reshape strategic directions. As the respondent noted: \generally, de-
cisions made by humans will be validated by AI, but AI won't change our
decisions."

The respondent repeatedly emphasized the importance of \personal feel-
ing" and practical experience when evaluating opportunities and assessing
product direction. AI-generated insights functioned as supplementary refer-
ences requiring human �ltering rather than as inputs capable of replacing
situated entrepreneurial understanding.

Importantly, AI did contribute to decision con�dence. The respondent
noted that AI made them \both more con�dent and faster"|suggesting that
even where AI did not reshape strategic direction, it reinforced and acceler-
ated human judgment.

Overall, Case D illustrates a selective and bounded mode of AI integration
in which task modularity, interaction cost, and the irreducibility of experi-
ential judgment collectively determined the boundaries of AI involvement.
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Rather than enabling automation, AI selectively restructured task execution
within entrepreneurial work
ows while leaving strategic coordination and
contextual judgment �rmly in human hands.

5.2 Case W: AI-native Work
ow Orchestra-
tion and Iterative Co-Creation

5.2.1 AI-native Work
ow Architecture

Case W concerns an entrepreneur developing an AI-enabled language learn-
ing product that generates anime-style comics based on English vocabulary
de�nitions in order to support memorization and language learning. Un-
like more traditional entrepreneurial work
ows in which AI-enabled tools
support isolated tasks, the entrepreneurial process in Case W was deeply
organized around a distributed ecosystem of specialized AI-enabled systems.
AI-enabled tools were embedded not only into operational activities such as
coding and content generation, but also into the core production logic of the
product itself.

The product relied on a multi-stage AI work
ow in which di�erent AI-
enabled systems were assigned specialized functions across the content gen-
eration pipeline. Story generation, storyboard planning, text re�nement,
image generation, and OCR-based image veri�cation were distributed across
multiple AI models, including Grok, GPT-5.4, Gemini Flash Image, GLM-
5, and Kimi-K2.5. Rather than relying on a single AI model to perform
all tasks, the respondent deliberately orchestrated di�erent AI-enabled sys-
tems according to their perceived strengths, limitations, cost structures, and
operational characteristics. The respondent explained this allocation logic
directly: \di�erent stages need completely di�erent things|story genera-
tion needs creativity and long-context stability, so I use Grok; scene plan-
ning needs structured instruction-following, so I use GPT; image generation
needs to be fast and cheap, so I use Gemini Flash." This suggests that model
selection was not arbitrary, but re
ected a systematic form of task-based spe-
cialization in which each AI system was evaluated according to its functional
�t with speci�c work
ow stages (Autor et al., 2003).
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Table 5.1: Multi-Agent Work
ow Allocation in AI Comic Generation

Work
ow
Stage

Model Used Selection Logic Work
ow Role

Story
Generation

Grok 4.20 /
GLM-5

Creativity,
long-context
generation, low
cost

Narrative
generation

Scene
Generation

Grok 4.20 /
GPT-5.4

Structured
planning and
instruction-
following

Storyboard
decomposition

Re�nement GPT-5.4 Stable reasoning
and formatting

Output
re�nement

Image
Generation

Gemini 3.1
Flash

Fast generation
and low API cost

Comic rendering

OCR Checking Kimi-K2.5 OCR capability
and multimodal
recognition

Veri�cation and
quality control

As shown in Table 5.1, entrepreneurial production was organized through
a distributed AI-enabled work
ow in which specialized AI models were al-
located to distinct cognitive and operational functions according to their
capabilities, stability, and cost-performance characteristics.

The entrepreneurial opportunity itself also emerged through an iterative
and experimental process rather than through a clearly prede�ned product
vision. The respondent described this directly: \originally I wanted to make a
listening product, but I accidentally discovered that generating comics from
vocabulary words was easier to remember|you don't forget the meaning
the way you do with traditional memorization." This emergent pattern is
consistent with e�ectuation theory (Sarasvathy, 2001), in which opportunity
directions are not predetermined but co-created through ongoing interaction
with available means and experiential feedback. Rather than following a
�xed development plan, the entrepreneur progressively re�ned the product
concept based on observed outcomes and continuous testing of AI-generated
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outputs.
At the same time, the respondent's approach re
ected a strong empha-

sis on rapid validation and adaptive experimentation. Product development
was organized around minimum viable functionality, iterative re�nement, and
continuous testing of di�erent work
ow con�gurations, including alternative
model combinations, comic formats, and generation pipelines. This allowed
the entrepreneur to quickly explore trade-o�s between generation quality,
production cost, and user experience while maintaining relatively low devel-
opment barriers through AI-enabled prototyping (Bocken and Snihur, 2020).

In addition to coordinating multiple AI-enabled systems, the entrepreneur
continuously optimized the work
ow according to cost-performance trade-o�s
and operational scalability. Rather than pursuing maximum output quality
across all stages of production, the respondent actively di�erentiated be-
tween higher-cost and lower-cost work
ow con�gurations. As the respondent
explained: \the expensive work
ow uses Grok for everything and produces
better eight-panel comics, but costs thirty cents each; the cheap work
ow
swaps Grok for GLM-5, produces four-panel comics, and costs ten cents|
I need both depending on what the user needs." This re
ects an ongoing
process of work
ow-level cost engineering in which AI-enabled systems were
managed not only as creative tools but as economically optimized production
infrastructures (Benbya et al., 2020).

Table 5.2: Comparison Between Template 1 and Template 2

Aspect Template 1 Template 2

Cost per Comic �30 cents �10 cents

Story Complexity Higher Simpler

Comic Length 8 panels 4 panels

Work
ow
Con�guration

Grok + GPT-5 +
Gemini + Kimi

GLM-5 + GPT-5 +
Gemini + Kimi

Image Quality Higher Moderate

Typical Problems Spelling mistakes Missing text or
incomplete panels

Work
ow Goal Higher-quality output Lower-cost scalable
generation
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The comparison illustrates how entrepreneurial decision-making increas-
ingly involved con�guring and coordinating AI-enabled systems according to
quality requirements, operational constraints, and economic considerations.
This pattern points toward a form of work
ow governance that appears to re-
ceive limited attention in existing entrepreneurship research (Jarrahi, 2023).

Importantly, the entrepreneur did not position AI-enabled systems as au-
tonomous strategic actors. As the respondent stated explicitly: \the plan
still has to come from me|AI is just an employee that gets things done.
Sometimes I ask it to validate my thinking, but I won't follow its advice."
This positioning of AI as execution-oriented rather than strategically au-
tonomous is consistent with prior research on Human{AI collaboration, in
which humans retain responsibility for strategic direction while delegating
operational execution to AI systems (Fragiadakis et al., 2025; Zhang et al.,
2025).

5.2.2 Conversational Development and Vibe Coding

The development process itself was also deeply shaped by conversational in-
teraction with AI-enabled coding systems. Rather than directly writing large
portions of the underlying codebase, the entrepreneur primarily interacted
with Claude Code and Codex through natural language instructions, itera-
tive feedback, and work
ow-level guidance. This practice is commonly known
as \vibe coding"|driving development through communicating intentions,
evaluating outputs, and continuously re�ning generated functionality rather
than writing code directly.

Within this work
ow, the entrepreneur primarily retained responsibility
for de�ning product objectives, evaluating user experience, prioritizing func-
tionality, and determining acceptable trade-o�s between quality, cost, and
development scope. The respondent described the division of labor directly:
\I just tell Claude what functionality I want|it reads the codebase, �nds the
relevant �les, writes the implementation, connects the APIs, and handles the
debugging. I decide what to build and whether the result is good enough."
AI-enabled coding systems handled decomposing requirements, generating
implementation logic, writing frontend and backend components, integrating
APIs, and running tests. Product development therefore emerged through
an iterative interaction process in which human actors guided strategic di-
rection while AI-enabled systems increasingly handled operational execution
(Zhang et al., 2026a).
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Figure 5.2: AI-enabled entrepreneurial work
ow in Case W
Note: Figure developed by the author based on interview data, coding results, and

empirical interpretation. Image generated by AI.

The development work
ow was organized around conversational coordi-
nation rather than traditional coding practices. New features were typi-
cally initiated through high-level natural language descriptions, after which
AI-enabled systems proposed architectural structures, decomposed work-

ows into functional modules, and generated implementation plans. The
entrepreneur then selectively evaluated, re�ned, and redirected the outputs
through repeated interaction cycles. As the respondent noted: \if the out-
put doesn't meet expectations I keep pushing back|sometimes you revise
it, sometimes you have to tear it down and start over." This iterative pat-
tern is consistent with Bansal et al. (2021)'s account of dynamic Human{AI
collaboration, in which humans continuously evaluate and redirect AI out-
puts throughout ongoing work
ows rather than accepting generated results
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as �nal.
These �ndings suggest that AI-enabled coding systems may substantially

reduce the technical barriers associated with early-stage digital product de-
velopment. At the same time, entrepreneurial work shifts toward orches-
tration, evaluation, and work
ow supervision|a redistribution of human
attention consistent with the coordination work category identi�ed in the
cross-case framework.

5.2.3 Human Judgment and the Experiential Limits of
AI

Despite the extensive integration of AI-enabled systems throughout the en-
trepreneurial work
ow, the respondent consistently emphasized their limita-
tions in relation to strategic judgment, product intuition, and experiential
understanding. The respondent explained the underlying reason directly:
\AI only reasons from text|it has never actually felt what it's like to use
a product, so it can't judge whether something genuinely feels good or cre-
ates real engagement." This observation points to a fundamental limitation
of AI systems in entrepreneurial contexts: the inability to develop situated,
experiential understanding of product quality (Dell'Acqua et al., 2023).

Consequently, the respondent expressed limited trust in AI-generated
strategic recommendations. As the respondent noted: \I can basically pre-
dict what AI will say|it always gives stock answers like `this project has
potential but also faces challenges.' It doesn't understand my project at all.
The real solution still has to come from me; AI is just an employee that gets
things done."

Although AI-generated suggestions often appeared reasonable on the sur-
face, they were frequently perceived as lacking the situated understanding
necessary to evaluate whether certain features genuinely \feel right" in prac-
tice. The respondent elaborated: \sometimes I ask AI to assess whether a
feature is worth doing|it gives me a very logical answer, but the logic doesn't
match reality because it has never actually experienced using the product."
Consequently, the entrepreneur positioned AI-enabled systems primarily as
execution-oriented collaborators rather than autonomous strategic actors,
maintaining full responsibility for product direction, feature prioritization,
and user experience evaluation.

In this sense, Case W illustrates how the increasing operational integra-
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tion of AI-enabled systems reshapes the nature of entrepreneurial work to-
ward orchestration, evaluation, and strategic supervision. While AI-enabled
systems increasingly perform execution-oriented and knowledge-intensive tasks,
human actors remain responsible for interpreting uncertainty, evaluating ex-
periential quality, and maintaining overall strategic coherence within en-
trepreneurial work
ows (Jarrahi, 2023; Shepherd and Majchrzak, 2022).

5.3 Case MM: Multi-Agent System Architec-
ture and AI-enabled Organizational Co-
ordination

5.3.1 From Single-Agent Limitations to Architectural
Decomposition

Case MM concerns an entrepreneur who has worked extensively with AI
agents for more than one year and gradually transitioned from single-agent
systems toward more complex multi-agent architectures. Unlike Cases D
and W, where AI-enabled systems primarily supported entrepreneurial tasks
or work
ow execution, Case MM focused on the architectural organization
of AI-enabled systems themselves. Re
ecting on this progression, the re-
spondent described a rapid developmental trajectory: \from 2024, we went
through work
ow design, then single agents, then various multi-agent archi-
tectures, and now skill-based paradigms with MCP. The whole �eld moved
fast." This arc provides useful context for the architectural challenges de-
scribed below, as each transition appeared to be driven by practical limita-
tions encountered in earlier con�gurations.

The respondent explained that earlier development e�orts initially relied
on single-agent architectures, where one AI agent was expected to handle
a growing number of business functions, prompts, and operational respon-
sibilities within a uni�ed interaction framework. While this approach per-
formed relatively e�ectively in simpler scenarios, increasing business com-
plexity gradually exposed signi�cant scalability limitations. The respondent
described the core problem directly: \as the business grows, you keep adding
prompts and functions to the single agent|but even if you don't touch the
existing prompts, the new ones interfere with the old ones, and the whole
thing becomes unstable and hard to control." This suggests that architectural
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overload|rather than model capability alone|was the primary constraint
on single-agent scalability.

The respondent identi�ed function-calling complexity as a second ma-
jor limitation. As business operations expanded, the number of available
functions increased substantially, in some cases exceeding twenty within a
single agent environment. As the respondent noted: \when there are only
three or �ve functions, the AI chooses well because it's basically a �ve-way
choice. But when you have twenty-plus functions, the AI starts making
wrong choices even when the function descriptions are carefully written."
Rather than improving capability, excessive functional exposure weakened
the agent's ability to make accurate operational decisions. The respondent
therefore argued: \my principle is to only let AI know what it needs to know
and only let it do what it can do."

As a result of these limitations, the respondent gradually shifted toward
a multi-agent architectural approach in which complex entrepreneurial op-
erations were decomposed into multiple specialized agents. Rather than ex-
pecting one generalized agent to manage all prompts, functions, and business
logic simultaneously, the respondent designed separate agents with narrowly
de�ned operational domains. The respondent explained the core advantage:
\each agent only handles its own domain|user management, package man-
agement, course operations|and because the scope is bounded, you can ad-
just, reuse, and expand each one independently without breaking the whole
system. It's like backend microservices." This architectural decomposition
signi�cantly improved modularity, scalability, and operational reliability in
comparison to heavily overloaded single-agent environments (Zhang et al.,
2026b).

45



Figure 5.3: Scalability limitations of centralized single-agent architectures in
Case MM
Note: Figure developed by the author based on interview data, coding results, and

empirical interpretation. Image generated by AI.
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