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Abstract

Over the past decade Artificial Intelligence (AI) has become subject to public debate
where it is increasingly understood that it is a key driver for economic and social
development change. It is also understood that innovation happens primarily in the
US and China and Europe falling behind the curve. In order to catch up, it is thus
important to understand how AI Startups understand the innovation process, which
factors they see important and hence how they evaluate their future.

The literature so far has identified the following criteria: Access and quality of Data,
investor influence and networks, compliance and ethics, business model innovation and
sustainability, and talent and skills. While the literature has reached consensus that they
are important, there is little that we know about how founders themselves prioritize
these factors. This thesis therefore asks how founders understand and prioritize these
and how they think AI will shape them. In doing so, the study provides a founder-
centric view on responsible and strategic AI integration in the European regulatory
ecosystem and market conditions.

This Thesis is based on 17 semi-structured Interviews combined with a structured
literature review. Participants were drawn from startups operating within the European
Union with the sample being skewed toward micro-sized firms. During the interviews,
founders reflected on the expected influence of AI on each success factor and completed
a ranking exercise, ordering the factors by perceived importance. The resulting ranking
patterns and narrative accounts were analyzed qualitatively and quantitatively to
uncover recurring reasoning, tensions, and priorities that shape founders’ decisions in
practice.

The interviews reveal that AI founders highlight the potential to make every economic
process faster. In line with the literature, innovators identify Data Access and Quality
and Business Model Innovation and Sustainability as primary drivers for success.
They emphasize that AI can improve data integration and accelerate innovation cycles.
This is particularly important as innovators regard the European Union’s attempt
to link AI to regulation as problematic. Following this reasoning, the majority of
founders ranked Compliance and Ethics lowest in the ranking exercise. They also
express caution regarding reliability and privacy, emphasizing that trust and legitimacy
are not automatically solved by more capable models and often require additional
organizational routines. Overall, the findings suggest that while AI enables speed,
competitive advantage ultimately depends on pairing this speed with robust reliability
measures and organizational trust-building practices that customers recognize as
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1. Introduction

1.1. Problem Statement and Motivation

Artificial intelligence has emerged as a transformative ’super tool’ that goes beyond
simple automation to fundamentally augment human intelligence and entrepreneurial
potential [1]. It has been widely recognized as a technology with disruptive potential
that affects every layer of the economy[2]. For the startup ecosystem, this shift is
especially relevant. It allows founders to completely rewrite the defining rules of
venture building by reducing cost of experimentation, enabling faster minimum viable
product (MVP) generation, allowing hyper-scaling with smaller teams, and altering the
barriers to entry for new competitors [3].

Consequently, the impact of AI is not limited to deep-tech or AI-only ventures.
It affects a broad spectrum of startups that are integrating intelligent systems to
differentiate their products and optimize their operations [3]. As AI capabilities
particularly generative AI have become more accessible, founders across all industries
are forced to rethink their product strategies [4]. They face a new reality where
traditional rules may vanish and where the integration of non-deterministic systems is
becoming a competitive necessity rather than a luxury [1].

However, while the macroeconomic potential of this transformation is increasingly
documented, the academic understanding of how it alters the internal reality of building
a startup remains fragmented and theoretically uneven [2]. A large share of existing
research emphasizes outcomes such as growth, funding, or survival, or focuses on
ecosystem and institution-level determinants rather than on the day-to-day strategic
reasoning of founders themselves [5]. As a result, we still know relatively little about
how AI reshapes founders’ priorities in practice.

This gap is particularly relevant in the European context. Unlike their US or Chinese
counterparts, European founders must navigate a unique tension: the pressure to
innovate at the speed of global competition while adhering to rigorous regulatory
frameworks such as GDPR. Prior work shows that data protection requirements can
materially influence AI-driven ventures’ data strategies and resource allocation, turning
regulation and data access themselves into critical success conditions for AI-intensive
startups [6].

The goal of this research is to capture this shift. It aims to understand how the inte-
gration of AI alters the strategic landscape and perceived success factors for founders in
Europe. By examining founders’ perspectives, the thesis seeks to move beyond abstract
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1.2. OBJECTIVE

claims about AI’s transformative potential and instead identify the concrete ways in
which AI is reshaping the factors that define what it takes to build a successful startup
in an AI-intensive environment [3, 2].

1.2. Objective

To guide this research, the following research questions are formulated:

RQ1: What are the key success factors that shape founders’ perspectives when
integrating AI into their products and services?

RQ1 aims to identify and structure the core considerations that founders regard
as most critical for building and scaling AI-intensive startups. It provides the con-
ceptual foundation for this research by clarifying which dimensions (e.g., data, users,
organization, funding, governance) are perceived as most important success factors in
AI-driven ventures. This question is primarily addressed through the literature review
and conceptually presented in Chapter 4, where existing research on AI adoption, data
governance, trust, entrepreneurial decision-making, and startup success conditions is
integrated into a set of factors tailored to AI startups.

RQ2: How and why do founders expect AI to positively or negatively affect each of
the success factors?

RQ2 moves from identifying relevant success factors to understanding founders’
expectations and reasoning. It explores how founders perceive the potential benefits
and risks of AI with respect to their most important success conditions and which
trade-offs or tensions they anticipate in practice. This question is answered empirically
through the qualitative study of European founders described in Chapter 3, combining
a ranking survey and exercise with semi-structured interviews to uncover underlying
thought processes.

1.3. Thesis Structure

The remainder of the research is structured as follows. Chapter 2 reviews the relevant
literature on AI adoption in startups and related fields, identifies research gaps, and
outlines the contribution that this empirical study will bring. Chapter 3 describes
the research design, including the preparation phase, the development of the survey
and interview guide, the sampling strategy, the data collection procedures, and the
qualitative data analysis.

Chapter 4 and Chapter 5 present the results. Chapter 4 introduces and justifies the
five factors that the study examines. Chapter 5 summarizes the areas that founders

2



1.3. THESIS STRUCTURE

mentioned without probing and reports the factor-by-factor findings as well as the
outcomes of the ranking exercise and survey. Chapter 6 interprets how AI reshapes
each factor and outlines practical implications for founders, along with methodological
reflections and limitations. Finally, Chapter 7 concludes the thesis by summarizing the
answers to the research questions, highlighting the core contributions, and offering an
outlook for future research.

3



2. Related Work

This chapter reviews previous research at the intersection of artificial intelligence (AI)
and entrepreneurship to motivate a founder-centric investigation of how AI impacts
startups and their scaling. It does not introduce or theorize the five empirical factors
examined in this thesis (Data Access and Quality, Investor Influence and Networks,
Compliance and Ethics, Business Model Innovation and Sustainability, and Talent
and Skills). Their detailed definition and operationalization are provided in Chap-
ter 4. Instead, the purpose of this literature review is threefold: (1) to situate the
AI–entrepreneurship nexus as an emerging but fragmented research area, (2) to sum-
marize what is currently known about AI’s influence on entrepreneurial processes
and scaling, and (3) to derive the research gaps that justify a founder-perception and
mechanism-focused qualitative design.

Following Schulte-Althoff, Fürstenau, and G. M. Lee [3], we classify an AI startup
as “a digital startup having AI as a core component of its business model.”[3] This
definition is consistent with the thesis’ empirical focus on ventures for which AI is not
merely an auxiliary tool but materially shapes product development, operations, and
scaling trajectories.

2.1. The Emerging Field of AI and Entrepreneurship

The intersection of AI and entrepreneurship has developed into a fast-growing, in-
creasingly visible research domain. Recent reviews document rapid expansion in
publication activity, but also emphasize that the field remains theoretically and empir-
ically uneven.Uriarte, Baier-Fuentes, Espinoza-Benavides, and Inzunza-Mendoza [2]
synthesize prior work and conclude that, despite growth, much of the literature is still
relatively superficial and fragmented across disciplines. A complementary bibliometric
analysis by Redondo-Rodríguez, Díaz-Garrido, Pérez-Bustamante Yábar, and Ramón-
Jerónimo [5] similarly maps the dispersion of contributions across thematic clusters
(e.g., digital transformation, business model innovation), while underscoring that the
AI–entrepreneurship domain is still in a formative stage.

Beyond mapping exercises, a recurring theme in the literature is that AI should be
treated as a general-purpose technological shift whose entrepreneurial implications
are not exhausted by performance improvements or automation alone. Conceptual
work argues that AI can augment entrepreneurs in opportunity identification, decision-
making, and experimentation, but that the conditions under which such augmentation

4



2.2. WHAT WE KNOW SO FAR: KEY STREAMS AND FINDINGS

translates into venture success remain under-specified[1]. This under-specification is
particularly relevant for generative AI, where adoption is accelerating while robust
evidence on organizational consequences, governance, and entrepreneurial practice
is still developing[7]. Recent contributions therefore call for empirically grounded,
mechanism-oriented research that can establish clearer scholarly foundations in this
comparatively uncharted space[8].

2.2. What We Know So Far: Key Streams and Findings

Although the literature is broad and heterogeneous, several findings and research
streams are directly relevant for motivating a founder-centric study of prioritization
and trade-offs in AI startups.

2.2.1. AI as an Enabling and Augmenting Technology in Entrepreneurial
Work

A core line of work conceptualizes AI as an augmentation technology that can expand
entrepreneurial capacity in sensing opportunities, processing information, and iterating
on solutions[1]. Related management-oriented syntheses link AI adoption to changes
in entrepreneurial judgment, experimentation, and market adaptation, and explicitly
connect these dynamics to behavioral and decision-oriented perspectives[9]. However,
while this stream clarifies what AI could enable, it is less insightful on how founders
evaluate these potential benefits relative to the costs, constraints, and risks they face
during venture building.

2.2.2. Scaling, Resource Mobilization, and Uncertainty in AI Startups

How AI startups scale and mobilize resources under pronounced uncertainty is subject
to a second stream of literature. A scaling perspective highlights recurring tensions
such as capability building versus hype dynamics, and suggests that AI ventures
face different scaling challenges beyond those of digital startups[3]. Research on
resource mobilization further indicates that narratives and expectations can shape
outcomes: Rady, D. Townsend, R. Hunt, and Simpson [10] show that hype can have
contingent value in resource mobilization processes, but that excessive hype can become
counterproductive. Founder-centric qualitative evidence likewise points to strategic
patterns founders use to mobilize resources and manage constraints in AI-intensive
settings[11]. In parallel, evidence from finance highlights how AI-related capability
formation can be connected to talent dynamics and entrepreneurial outcomes[12].
Together, these contributions suggest that founders operate in a context where resources,
credibility, and capability building are jointly negotiated, precisely the type of setting
where prioritization and sequencing decisions should matter.

5



2.3. RESEARCH GAPS

2.2.3. Ecosystems, Coordination, and Context Dependencies

A third stream emphasizes that entrepreneurial outcomes depend on ecosystem condi-
tions and coordination mechanisms, including social capital and institutional support.
Previous work directly links startup survival to innovation ecosystems and social capital
configurations.[13] Coordination-focused research also shows how organizational and
inter-organizational mechanisms can structure AI development and deployment[14],
while multi-criteria approaches have been proposed to evaluate and accelerate AI-
related innovation processes[15]. While these studies illuminate context dependence,
they normally do not explain how founders themselves weigh ecosystem constraints
against firm-internal constraints when making strategic trade-offs.

2.2.4. Regulation, Ethics, and Data Governance as Cross-Cutting Constraints

Finally, regulation and responsible innovation concerns recur as cross-cutting themes
for AI startups. Work on the European Union’s data protection regime suggests that
GDPR-related requirements can shape AI startups’ data strategies and resource alloca-
tion, implying real strategic implications for ventures for which data is a core input[6].
Related research links data access to AI startup growth[16] and highlights that ethical
AI development can impose meaningful costs on AI startups[17]. A socio-technical
perspective on German AI startups further illustrates how AI ethics becomes opera-
tionalized and assessed within startup settings[18]. Collectively, this work suggests that
European-style governance and ethics expectations are not peripheral; rather, they can
shape feasibility, timing, and credibility of AI venture strategies.

2.3. Research Gaps

Despite these advances, the literature leaves several gaps that are directly relevant to
the research design of this thesis.

2.3.1. Founder Perceptions Versus Documented Outcomes

A large share of research emphasizes outcomes (e.g., growth, survival, funding) and
ecosystem or institutional determinants[13, 12]. Yet multiple reviews stress that the
field remains fragmented and lacks fine-grained, empirically grounded understanding
of entrepreneurial practice[2, 8]. This matters because founder perceptions are impor-
tant: they shape strategic choices, sequencing, and resource allocation. Consequently,
understanding how founders perceive AI’s impact on key success conditions is essential
for explaining why startups pursue particular scaling paths and why they invest in
some constraints before others.
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2.3. RESEARCH GAPS

2.3.2. Priority-Setting Under Resource Constraints and Uncertainty

Research on scaling and resource mobilization implies that AI startups operate under
distinct tensions and expectation dynamics[3, 10]. However, we still lack systematic
evidence on how founders prioritize competing demands (e.g., capability building, cred-
ibility signaling, governance requirements) when resources and time are constrained.
Founder-centric qualitative insights exist in specific domains[11], but comparative evi-
dence across founders and sectors, especially focused on priority-setting logics, remains
limited.

2.3.3. Multi-Factor Interactions and Contingencies

Existing work often treats determinants of success (talent, data, capital, ethics, ecosys-
tem conditions) as separable research topics, even though the same studies implicitly
point to interdependence (e.g., data governance shaping growth, ethical development
shaping costs, hype shaping resource mobilization)[16, 17, 10]. This leaves open how
founders understand factor complementarity, substitution, and sequencing: for exam-
ple, whether perceived constraints in one area (e.g., governance) are viewed as delaying
mechanisms, as quality signals, or as strategic differentiators.

2.3.4. European-Context Specificity

While the literature recognizes that governance regimes and institutional context matter,
European-specific mechanisms are still under-developed in mainstream AI–entrepreneurship
work[2, 5]. GDPR-focused evidence indicates that European data protection can shape
AI startup strategies[6], and German startup research shows how ethical expectations
are interpreted and implemented in practice[18]. Nevertheless, we lack a deeper
founder-centric account of how European founders interpret such constraints relative to
other bottlenecks, and whether they frame governance pressures primarily as obstacles,
as legitimizing signals, or as sources of competitive advantage.

2.3.5. Need for Qualitative Depth and Mechanism Explanations

Finally, several authors call for deeper, mechanism-oriented research capable of ground-
ing theory in entrepreneurial reality[1, 8]. Reviews of generative AI in entrepreneurship
similarly emphasize that research is expanding faster than consolidated understanding
of organizational consequences and governance[7]. In-depth qualitative inquiry is
therefore well-suited to capture how founders articulate causal narratives, trade-offs,
and contingencies—particularly where formal metrics lag behind practice or where
strategic choices depend on interpretation and judgment.
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2.4. Position of This Research

This thesis addresses these gaps through a founder-centric, mechanism-focused, and
European-contextualized study design. In contrast to work that primarily infers impli-
cations from outcomes or macro-level patterns, it examines how founders themselves
interpret AI’s impact on the success conditions they manage while building and scaling
ventures. The contribution is fourfold:

• Founder-centric perspective: Shifting attention from what AI is expected to
enable to what founders believe it changes in practice and why[1, 2].

• Mechanism-rich qualitative evidence: Using semi-structured interviews to elicit
trade-offs, sequencing rationales, and context conditions, responding to calls for
deeper empirical grounding[8].

• European grounding: Situating founder perceptions within a context where
data protection and responsible innovation expectations can shape strategy and
resource allocation[6, 18].

• Multi-factor prioritization lens: Examining how founders prioritize and connect
interdependent success conditions under uncertainty, complementing existing
scaling and resource mobilization perspectives[3, 10].

By focusing on founder perceptions and the mechanisms underlying prioritization
and trade-offs, the thesis contributes to bridging the gap between AI’s theorized trans-
formative potential and the daily experience of entrepreneurs building AI ventures.
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3. Methods

This chapter outlines the methodological approach that is used to investigate how
European startup founders perceive the impact of Artificial Intelligence in and on their
ventures. The overarching aim of the Methods section is to answer the "how" of the
research eg. how data was generated, how the study was designed, and how insights
were systematically derived.

The study follows a qualitative research design based on semi-structured interviews
with founders of AI-driven startups across multiple European industries and countries,
complemented by a factor-ranking exercise. A predefined set of factors and sub-factors
was developed in advance to guide the interviews, yet intentionally not shared with
founders beforehand. This ensured that the first part of each interview captured
the founders’ unbiased views about which considerations they themselves regard as
most relevant for their startup. Only after eliciting these initial perspectives were the
predefined factors introduced.

This combined approach enabled both breadth and depth: the ranking exercise
provided a structured basis for comparing perspectives across founders, while the open,
conversational nature of the interviews created space for richer explanations, examples,
and spontaneous insights. In several cases, founders explored topics or mechanisms
that had not been anticipated when designing the interview survey, thereby extending
the analytical scope of the study and revealing patterns not captured by the initial
factor set.

A structured interview approach was deliberately not chosen. While structured
interviews allow for maximum standardization, they restrict participants to predefined
response categories and leave little room for elaboration or reflection. Such rigidity
would have constrained the founders’ ability to articulate the nuanced thought processes
behind their rankings or to introduce additional factors and/or themes. Since the aim of
this research is not only to compare founders across a fixed set of factors and subfactors,
but also to understand why they prioritize certain factors and how they expect AI to
influence them, a structured format would have not been suitable. The semi-structured
approach ensured comparability while still allowing founders to expand, challenge,
or reinterpret the predefined factors, thereby generating richer and more authentic
insights.
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3.1. Research Design

3.2. Preparation Phase

3.2.1. Literature review

As part of the preparation phase, a structured literature review was conducted to derive
the initial set of success factors relevant in AI startups. Although the focus of this study
are startups as a whole we choose AI Startups as focus for the Research. Focusing the
review on AI startups was also a deliberate decision: founders of AI-native ventures
are particularly well-positioned to provide qualified, experience-based accounts of how
AI reshapes core success conditions, because they confront AI-related constraints and
leverage points (e.g., data dependence, model risk, governance, and talent requirements)
as part of their day-to-day work. Accordingly, the literature review prioritizes AI-
startup research to derive a factor basis that supports mechanism-level inference and
is subsequently discussed for its relevance beyond AI-native ventures as AI diffuses
across the broader startup ecosystem. The process began with the development of a
comprehensive search string that combined terms related to AI startups and factors
influencing adoption, performance, or product development. Because each academic
database requires a different query syntax, the search string was adapted individually
for Scopus, IEEE Xplore, ACM Digital Library, and Google Scholar, while maintaining
identical conceptual search logic (see Appendix A).

All retrieved records were exported and merged into a single dataset. Duplicate
entries were removed by normalising titles and comparing them across sources, and the
resulting cleaned dataset was stored in CSV format for further analysis (see Appendix B
for the data-processing script). This ensured a non-redundant set of papers for screening.
The dataset was then screened in two stages. First, titles and abstracts were assessed
against predefined inclusion and exclusion criteria to filter out clearly irrelevant studies.

Papers were included if they examined AI startups, AI adoption in entrepreneurial
contexts, success factors or barriers relevant to AI ventures, investor ecosystems,
product-level challenges, regulatory dynamics (e.g., GDPR, AI Act), or organisational
and design factors such as trust, usability, innovation, or data management. Studies
focusing on startup scaling, business model innovation, training data, ethical develop-
ment, or customer impacts were also included when they contributed to understanding
product-level factors relevant to founders.

Papers were excluded when they lacked an explicit AI-startup focus, addressed
only general entrepreneurship without AI relevance, discussed collaboration factors
unrelated to AI, or examined niche sectors (e.g., freight logistics, metaverse-specific
adoption) without meaningful transferability. Purely technical optimisation papers or
analyses without product-level implications for founders were likewise excluded.

To ensure coverage beyond database indexing, both backward and forward snow-
balling were applied. This involved reviewing reference lists of included papers
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3.2. PREPARATION PHASE

(backward snowballing) as well as identifying newer works citing them (forward
snowballing). These additional papers were screened using the same criteria and incor-
porated when relevant. After determining the final set of literature, all included papers
were examined in detail with a focus on sections relevant to this study’s scope, such as
methodological design and identified factors. Recurring themes were consolidated into
a coherent set of factors and sub-factors, which subsequently informed the design of
the interview survey.

3.2.2. Derivation of the Survey and Interview Guide

3.2.3. Sampling & Participants

When recruiting participants, four inclusion criteria were defined to ensure the relevance
and comparability of the sample:

1. Use of AI in the core product or service. The startup had to use artificial
intelligence as an integral part of its core product or service. This ensured that
participants had a thorough, practice-based understanding of AI integration and
could provide substantive answers to the second research question.

2. Operating within the European Union. Companies had to be based or operate
within the European Union. This created a shared regulatory and jurisdictional
context (e.g., GDPR, emerging AI regulation) and made participants’ responses
more comparable.

3. Founder or senior manager with AI responsibility. Interviewees had to be
founders or senior managers with a clear focus on, or responsibility for, AI-
related decisions. This criterion ensured that participants could speak to both
strategic and product-level implications of AI.

The primary recruitment channel for this study was LinkedIn. Startups were initially
identified through several online databases, including Y Combinator1, the EU-Startups
database2, Dealroom3 and Wellfound4. On these platforms, keyword-based searches
were conducted using terms such as “Europe” and “Artificial Intelligence” to locate
relevant AI ventures. Once a suitable company was identified, the next step was to
determine its founders. If this information was not directly available on the respective
platform, the company’s own website, its LinkedIn page, or Google search results were
used to identify the founding team.

After identifying founders, the main contact method was LinkedIn, either via direct
messages or connection requests. In a smaller number of cases, it was possible to

1https://www.ycombinator.com
2https://www.eu-startups.com
3https://dealroom.co
4https://wellfound.com
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3.3. DATA COLLECTION PROCEDURE

obtain a direct e-mail address and contact the founder via e-mail instead. In addition
to these platform-based searches, potential interviewees were approached through
personal and professional networks, including contacts from university, industry events
and prior collaborations. At the end of each interview, participants were invited to
suggest further founders from their networks (snowball sampling). By combining these
channels, the study was able to reach a diverse set of founders and senior managers
who met the inclusion criteria outlined above.

3.2.4. Interview Guide

To support a consistent structure across interviews, a short interview guide was
developed based on the research questions and the conceptual framework of product-
level factors derived from the literature review (see Chapter 2). The guide described the
purpose of the study, the expected interview duration, the recording and anonymisation
procedures, and the overall flow of questions. Importantly, it did not list the predefined
factors in advance. This omission was intentional: participants were first invited to
describe, in their own words, which considerations they regarded as most important
when integrating AI into their products or services, so that their initial responses would
not be biased by the researcher’s terminology or factor selection.

Where requested and possible, the interview guide was shared with founders prior to
the interview, either together with the invitation or after they had agreed to participate.
It was intended to provide the layout about the procedure rather than to introduce a
detailed preparation from the founders (see Appendix C for the full interview guide).

3.3. Data Collection Procedure

Interviews were conducted over a period of two months, resulting in a total of 18
conversations with founders and senior managers. All interviews were carried out
by the same researcher. Scheduling took place either via e-mail or through an online
scheduling tool (e.g., Calendly5). All conversations were held in English and conducted
remotely via video-conferencing software (Zoom or Google Meet), depending on the
founder’s preference.

At the start of each session, the researcher briefly reiterated the purpose of the
study, explained confidentiality and consent procedures, and requested explicit permis-
sion to record the conversation. For analysis purposes, all interviews were audio- or
video-recorded; in one case, the founder additionally activated an AI-based transcrip-
tion service (Fireflies.ai6). In every case, participants consented to recording and the
described data handling procedures (see Appendix C).

5https://calendly.com
6https://fireflies.ai
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3.4. DATA ANALYSIS

The interview itself followed a three-part structure. In the first part, participants
were asked about the basic characteristics of their startup (e.g., team size, founding
year, industry) and how AI was currently integrated into their product or service. After
several early interviews, an additional open question on the perceived influence of AI
on the wider European startup ecosystem was added to this section to capture broader
contextual perceptions.

The second part focused on five predefined areas derived from the literature review,
each consisting of three to five sub-areas. These areas were not disclosed to participants
in advance and did not appear as a list in the interview guide. This design choice
was intended to elicit founders’ spontaneous reflections on AI-related challenges and
opportunities, rather than steering them toward the researcher’s conceptual categories.

In the third part of the interview, participants completed a brief ranking exercise.
They were asked to order the five areas according to their perceived importance for
the current success of their startup and, where time allowed, to explain the reasoning
behind their choices. This exercise elicited explicit prioritisation and reduced ambiguity
in the qualitative material by forcing trade-offs between areas, thereby providing a
structured complement to the preceding open-ended discussion.

Each interview concluded with an open question inviting participants to raise any
topics they felt had not been sufficiently covered and to share their view on whether
the overall development of AI is beneficial or detrimental for startups. This final step
offered participants space for additional reflections and ensured that salient issues
outside the predefined framework could still enter the analysis.

3.4. Data Analysis

The interview data were analysed using a thematic content analysis framework follow-
ing Braun and Clarke[19], with a hybrid inductive–deductive approach as described
by Fereday and Muir-Cochrane[20]. The overall analytical framework was derived
from the interview guide and consisted of a general section on AI and the startup,
five predefined factors, a ranking exercise, and a final set of closing questions. These
sections were treated as top-level themes, reflecting the main dimensions of the research
questions and prior literature, and thus functioned as an initial category system that
structured the analysis.

All interviews were audio-recorded (see Section 3.3) and transcribed using a local
installation of WhisperX (see Appendix E for the full script). Running the transcrip-
tion pipeline locally ensured that no audio data were uploaded to external servers,
which helped protect sensitive founder information and provided full control over the
processing environment. WhisperX was used in this study to produce segment-level
transcripts with speaker labels (founder vs. interviewer). Transcribing one interview
took approximately 60–90 minutes, depending on interview length.

After transcription, each transcript was read carefully to gain an initial impression
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of the data. The transcripts were then imported into Excel sheets organised by section
(general section, factors 1–5, ranking exercise). Each row contained one meaning
unit consisting of a representative quote, the founder label, and theme and subtheme
assignments.

The coding process followed a structured yet flexible approach that combined de-
ductive and inductive elements[20]. For the five predefined factors, the analysis used a
two-level deductive structure. First, each factor was treated as a top-level theme and
organised as a separate Excel sheet. Second, within each factor, the sub-factors from
the interview guide (e.g., for data access: availability, quality, and sensitivity of data;
for investor influence and networks: access, support, and expectations) were used as a
priori categories. Each meaning unit within a factor section was initially assigned to
one of these predefined sub-factors to ensure that the analysis remained closely aligned
with the research questions and the interview design.

Within these a priori sub-factors, meaningful quotes and statements were then
examined inductively. Rather than applying line-by-line open coding with discrete
code labels, the analysis proceeded by reading through all statements within a given
sub-factor, identifying recurring ideas and patterns, and grouping similar quotes
together[19]. These clusters of related statements were then labelled with descriptive
subtheme names that captured their shared content or underlying concern. For instance,
under the sub-factor of data access, clusters emerged around topics such as “AI-enabled
data access” or “Expanded access through technical bridges,” each of which became a
named subtheme.

This process aligns with Braun and Clarke’s emphasis on identifying patterns of
meaning across the dataset and developing themes at a semantic or latent level[19]. It
also reflects the hybrid approach described by Fereday and Muir-Cochrane, in which
theory-driven categories7 provide an initial structure, while data-driven subthemes
emerge through iterative reading and comparison of participant statements[20].

After the initial round of subtheme identification, the coding structure was refined
through an iterative review process. At the same time, the analysis remained open to
data-driven insights that did not fit the predefined structure. Whenever founders’ state-
ments addressed topics not explicitly covered by the interview guide, new subthemes
were created and linked to the most relevant top-level theme, or noted as emergent
themes for separate discussion. This flexibility ensured that the analysis captured
the full range of founders’ perspectives while remaining consistent with the research
framework[20].

The final coding structure thus consisted of (1) top-level themes based on the in-
terview sections, (2) a priori sub-factors within each of the five main factors, and (3)
inductively developed subthemes within these sub-factors, generated by clustering and
labelling meaningful quotes. This structure was documented in an Excel file that links
each theme and subtheme to illustrative interview quotes and forms the basis for the

7In this study, these categories correspond to the predefined sub-factors.
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presentation of findings in Chapter ?? (see Appendix ?? for the full codebook).

3.5. Deviations from Planned Design

The overall research design remained stable throughout the study, but several minor
adaptations were made after the first two interviews, which were not included in the
analysis, and throughout the whole interview process. These refinements concerned
both the structure and wording of questions to improve clarity, relevance, and fit
with founders’ time constraints, while at the same preserving the core meaning of the
questions.

3.5.1. Addition of new Questions

Two new questions were added following the pilot interviews. First, a question
on current team size was introduced to the fifth factor Talent and Skills. Second,
recognizing that external infrastructure dependency emerged as a concern in the pilot
interviews, a question was added on how AI might change the startup’s reliance on
external infrastructure providers (e.g., AWS, OpenAI, Google Cloud) versus building
systems in-house in factor Business Model Innovation and Sustainability. This addition
ensured that an important founder concern was directly captured in the survey instead
of simply relying on emergent themes in open discussion.

3.5.2. Streamlining and Refinement

In the early stages of the interview phase, the survey included granular follow-up
questions within each factor section asking founders to explain their opinions in
their own words. However, these were discontinued after the first few interviews
because they extended the total interview duration beyond what was feasible for
most participants. Similarly, after-factor checkpoint questions asking whether any
relevant aspects had been overlooked were also removed due to the same reason.
These streamlining decisions balanced research comprehensiveness with the reality of
time-sensitive founders.

Following several additional interviews and iterative feedback from founders, the
wording of questions in the factor sections was refined to increase transparency of intent
and to encourage more concrete and comparable responses. The underlying constructs
and dimensionality of each factor remained unchanged. For example, questions in
the compliance and ethics section were reformulated to explicitly reference relevant
regulations such as GDPR and the EU AI Act, and to highlight practical challenges such
as meeting requirements, proving compliance. In the business model and sustainability
section, the wording was tightened to clarify that the question concerned how AI might
affect the integration of sustainability into operations, product decisions, and resource
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use. Questions on partnerships and talent were likewise adjusted to provide concrete
examples (e.g., tech firms, research institutions, government bodies) and to clarify that
talent-related questions focused on competitiveness in attracting and retaining top
performers.

3.5.3. Survey Response Scales

The response scales for two items were simplified to reduce ambiguity. For the question
on team size, the answer options were rephrased to focus explicitly on whether the
founder expected the team to become samller or bigger under AI adoption. For the
question on reliance on external versus in-house infrastructure, the scale endpoints
were relabelled to read external” and in-house” rather than more generic anchor labels,
ensuring that respondents’ mental models aligned with the intended constructs.

3.5.4. Data Consistency

All changes to the interview guide were documented, and interviews conducted with
slightly different wordings were kept in the dataset. Since the core meaning of each
question and the underlying conceptual factors did not change, the resulting material
was considered sufficiently comparable for the qualitative thematic analysis.
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4. Results I: The Success Factor Framework

This chapter addresses the first research question by defining a framework of success
factors derived from the literature and preparatory synthesis. It formally introduces
the five factors with their respective subfactors, as well as their justification. Specifically,
it defines the conceptual boundaries and sub-dimensions for Data Access and Quality
(Section 4.1.2), Investor Influence and Networks (Section 4.1.3), Compliance and Ethics
(Section 4.1.4), Business Model Innovation and Sustainability (Section 4.1.5), and Talent
and Skills (Section 5.7). This framework serves as the conceptual basis for the empirical
study presented in Chapter 5.

4.1. Survey Design and Factor Justification

4.1.1. Factor Framework Overview

4.1.2. Data Access and Quality

The first factor, Data Access and Quality, was included because the literature consistently
identifies data as the central resource and success factor for AI startups. Studies on AI
startup growth show that access to relevant datasets is a key differentiator between firms
that can scale their AI products and those that fail to do so. Bessen et al., for example,
highlight that AI startups with privileged access to proprietary or user-generated data
have a structural advantage over competitors that rely only on public or third-party
data, both in terms of model performance and their ability to attract funding[21, 16].
In the European context, this question of access is further complicated by GDPR and
emerging AI regulation, which shape what kinds of data can be collected, stored, and
processed in the first place[6].

Subfactors and Definitions

To reflect the nuances of this factor, it was broken down into three sub-dimensions that
mirror the discussion in the literature: data availability, data quality and accuracy, and
data integration and processing.

• Data availability captures whether startups can obtain enough relevant data at
all. Empirical work on AI adoption in industry and startups points to limited
availability of suitable datasets, especially in Europe, as a major barrier to effective
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AI deployment[6]. The distinction between firms with rich proprietary data and
those without is one of the main structural divides in the AI startup landscape[21,
16]. Another study by Zahlan et al.[11] highlights that in regulated domains
such as healthcare, access to clinical and organizational data remains a central
bottleneck for AI ventures.

• Data quality and accuracy address how reliable, clean, and representative the
available data actually is. In sensitive domains such as healthcare, founders and
managers consistently rank data quality, robustness, and security among their top
concerns, because noisy or biased data directly undermines model performance
and patient safety[11, 22]. More general studies on AI implementation list low
data quality and insufficient data quantity as critical technical risk factors that
can derail projects even when algorithms and talent are in place[23].

• Data integration and processing refer to the ability to combine and transform
data from multiple sources. Research on data management in AI startups shows
that building robust pipelines for cleaning, transforming, and integrating het-
erogeneous datasets is a core enabler for scaling AI products[24]. Reviews of
AI meets digital entrepreneurship likewise mention that startups often face a
paradox of needing data to generate better data, which makes integration and
feedback loops a strategic capability rather than a purely technical detail[25].

This framework establishes Data Access and Quality as a separate factor and op-
erationalizes it through three sub-dimensions: availability, quality and accuracy, and
integration and processing. This structure allows the thesis to capture not only whether
founders see data as important in general, but also which specific aspects of working
with data they expect AI to influence positively or negatively in the future.

4.1.3. Investor Influence and Networks

The second factor addresses the influence of investors and their networks and is
included because research consistently shows that access to capital alone is not sufficient;
the type of investors, their networks, and the non-financial support they provide
strongly shape how AI ventures develop[21, 26]. Studies on AI entrepreneurship
highlight that investors reduce uncertainty around novel technologies, provide crucial
market access, and can accelerate or slow down AI adoption depending on their
expectations and risk perceptions[27, 10]. Empirical work on AI and generative AI
startups shows that founding teams often depend on investors not only for runway but
also for signaling credibility to other stakeholders and enabling entry into regulated or
complex markets[28, 29].
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Subfactors and Definitions

The factor is broken down into three sub-dimensions: the role of investors, the ability
to secure funding, and networks and strategic support, to capture the full picture of
investor influence.

• The role of investors reflects the relational capital of investors—their connections
to other funds, corporates, and ecosystem partners[26, 30]. Research on venture
capital syndication in AI and deep-tech contexts suggests that broad and experi-
enced syndication networks help reduce technological and market uncertainty,
making it easier for startups to legitimize their AI-based offerings and access
follow-on funding or corporate partners[27]. Similarly, work on strategic resource
mobilization in AI healthcare startups shows that founders leverage investor
and ecosystem networks to access hospitals, regulators, and domain experts that
would otherwise be hard to approach[11].

• The ability to secure funding addresses the more traditional financial dimension:
the availability, timing, and scale of capital required to build and scale AI products.
AI models often require significant upfront investment in data, infrastructure, and
specialized talent, which makes external equity and growth capital particularly
salient[21]. Studies on AI ventures and growth equity underline that well-timed
funding rounds enable startups to move from experimentation to scalable produc-
tization, while funding constraints can limit the ability to invest in robust data
pipelines, compliance structures, or talent[29]. In addition, work on generative AI
startups points out that investor sentiment and hype cycles directly affect which
AI ventures receive capital and under what conditions[28].

• Strategic support captures the non-financial contributions of investors—such as
advice on product-market fit, introductions to key customers, hiring support, and
guidance on navigating regulation in AI-sensitive domains[31]. Qualitative studies
of AI founders show that smart money investors can be instrumental in shaping
go-to-market strategies, positioning AI capabilities, and balancing innovation
with privacy or compliance concerns[29]. Likewise, policy and industry analyses
emphasize that European AI startups benefit when investors actively support
responsible AI practices rather than focusing solely on rapid growth[28].

Collectively, these insights justify treating Investor Influence and Networks as a
separate factor: for AI startups, investors are not just financial backers but key actors
who shape access to resources, legitimacy, and strategic direction. By distinguishing
between networks, funding access, and strategic support, the thesis can capture which
aspects of investor involvement European founders see as most critical today and how
they expect AI to change these dynamics in the future.
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4.1.4. Compliance and Ethics

The third factor, Compliance and Ethics, is included because the literature shows that
legal and ethical considerations are not a side issue for AI startups—they are a central
constraint and, at the same time, a potential source of competitive advantage, especially
in Europe. Work on GDPR and AI startups demonstrates that data protection rules
can impose significant compliance costs and shape fundamental product decisions,
particularly for small and young firms with limited resources[6]. At the same time,
studies in highly regulated sectors such as healthcare show that founders must pri-
oritize regulatory compliance, data security, and patient safety to even gain access to
partners and markets, making compliance a precondition for innovation rather than an
afterthought[11].

Subfactors and Definitions

To operationalize this factor, the literature suggests breaking it down into four interre-
lated dimensions: the regulatory environment, privacy and data protection standards,
ethics and trust, and internal governance mechanisms.

• Regulatory environment captures the evolving legal framework surrounding AI
in Europe. Policy analyses point out that the AI Act will introduce risk-based
obligations for AI systems, with stricter requirements for high-risk applications
(e.g., in health, employment, credit)[6, 11]. For startups, this creates both uncer-
tainty (which rules will apply, how they will be enforced) and new administrative
burdens (documentation, transparency, monitoring)[22]. At the same time, some
authors argue that clear regulation can also provide legal certainty and help
responsible actors distinguish themselves from less compliant competitors[15].
Understanding how founders anticipate these dynamics is therefore crucial in a
European study of AI startups.

• Privacy and data protection standards In the European context, compliance is
tightly intertwined with privacy and data protection. GDPR affects not only data
access but also compliance burden and strategic choices for AI startups[6]. Survey
evidence and industry reports on European AI startups highlight that concerns
around data privacy, security, and responsible data use regularly appear among
the top challenges founders report when integrating AI into their products[23,
11]. These concerns arise both from legal obligations (e.g., GDPR, sector-specific
rules) and from expectations of customers and partners, who may be skeptical
about opaque or data-hungry AI systems[22]. As a result, European AI startups
often build privacy-by-design or privacy-preserving solutions as part of their core
value proposition, turning compliance into a differentiating feature rather than
merely a constraint[17].
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• Ethics and trust A second major dimension in the literature is ethics and trust.
Studies analyze how AI startups engage with ethics not just as a set of prin-
ciples but as an everyday practice shaped by funding, customer expectations,
and internal values, highlighting tensions between genuine ethical reflection
and ethics washing[25]. Other studies and surveys emphasize that fairness,
transparency, and explainability are increasingly seen as necessary to gain and
maintain customer and societal trust in AI products, especially when models
make consequential decisions about individuals[17, 22]. Work on AI augmenting
entrepreneurial judgment discusses ethical implications of relying on machine
recommendations[1], while research on creativity and judgment in the age of AI
explores perceived fairness and autonomy[32]. For startups, this means that ethi-
cal considerations are directly connected to reputation, adoption, and long-term
viability.

• Internal governance mechanisms Finally, several contributions point to the impor-
tance of internal governance structures to operationalize compliance and ethics.
Work on AI-first organizations notes that leadership, clear responsibilities, and
formalized processes are needed to ensure that legal and ethical requirements
are consistently reflected in product development and deployment rather than
handled ad hoc[4, 33]. Empirical studies of AI implementation list governance
and management support among critical success factors[23]. Studies mention
emerging practices such as assigning dedicated roles (e.g., data protection officers,
AI ethics leads), establishing review routines for models, and creating documen-
tation practices that make systems auditable[33]. Research on AI ecosystems
similarly emphasizes coordination and governance mechanisms within collabora-
tive networks[15, 14]. These governance elements are particularly demanding for
small teams but are also central for meeting regulatory expectations and building
trust with partners and regulators.

In synthesis, this evidence confirms Compliance and Ethics as a separate factor,
motivating the chosen sub-dimensions: regulatory environment, privacy and data
protection, ethics and trust, and internal governance structures. This structure allows
the research to move beyond generic "compliance is important" statements and instead
examine how European founders think AI will change these specific facets, for example,
whether they expect AI tools to make compliance easier or fear that increasingly
complex regulation will intensify the burden on resource-constrained startups.

4.1.5. Business Model Innovation and Sustainability

The fourth factor, Business Model Innovation and Sustainability, is included because the
literature consistently shows that AI does not merely improve existing operations—it
fundamentally reshapes how startups create, deliver, and capture value[3, 34, 25].
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Research on AI ventures demonstrates that the technology enables novel business
models, shifts in revenue logic, and new forms of ecosystem collaboration that differ
markedly from traditional software or service firms[21, 33]. At the same time, European
policy debates increasingly emphasize that innovation must be sustainable—not only
economically viable but also environmentally and socially responsible[15, 9]. This dual
focus on business model transformation and sustainability makes it a distinct and
crucial dimension for understanding how AI startups navigate growth and competitive
positioning in the European context.

Subfactors and Definitions

To operationalize this broad factor, it is broken down into five sub-dimensions that
reflect different facets of how AI shapes startup strategy: new business models, sustain-
able revenue streams, sustainability integration, partnerships and ecosystem collabora-
tion, and reliance on external infrastructure providers.

• New business models refers to the way AI can change the underlying logic of
the venture—how it delivers value, which problems it solves, and how deeply AI
is embedded in the core offering. Empirical and conceptual work on AI ventures
shows that some startups are AI-first, building their entire business around AI
capabilities, while others gradually transform existing models as AI becomes
more mature and trusted[3, 34, 35]. These transformations can include moving
from one-off consulting to scalable tools, from manual services to AI-enabled self-
service platforms, or from static products to continuously learning solutions[25,
33].

• Sustainable revenue streams capture how AI startups monetize their capabili-
ties—for example, through subscriptions, usage-based pricing, freemium tiers,
or transaction and performance fees. Studies on scaling AI ventures and growth
equity emphasize that sustainable scaling often depends on finding a revenue
model that matches the cost structure and risk profile of AI (e.g., high upfront
investment in data and infrastructure, relatively low marginal cost per additional
customer)[21, 29, 36]. The literature also notes tensions between project-based
revenues (which may provide early cash flow) and more scalable recurring models
(which investors often prefer but require productization and standardization)[31,
33].

• Sustainability integration addresses how AI startups embed environmental,
social, and governance considerations into their operations, product decisions,
and resource use. Research explicitly linking AI application in new ventures
to sustainable practices shows that responsible AI use is increasingly seen as
a competitive differentiator and a requirement for long-term legitimacy[37, 15].
Work on behavioral economics and AI entrepreneurship discusses how founders
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can design AI systems that align with responsible and sustainable business
models[9], while broader analyses outline potential societal and environmental
implications of AI-driven entrepreneurship and the need for startups to actively
manage these impacts[38].

• Partnerships and ecosystem collaboration acknowledge that AI startups rarely
innovate in isolation. Research on AI and digital entrepreneurship repeatedly
highlights the importance of ecosystems—collaborations with larger tech com-
panies, research institutions, corporates, and public actors[15, 14]. Partnerships
can provide access to data, distribution channels, domain expertise, or regulatory
legitimacy that young ventures cannot easily build alone[2]. Studies examine
collaboration challenges in commercializing AI[39] and highlight the role of
academic-market partnerships in AI venture development. In European analyses
in particular, partnering is often portrayed as a way for small AI startups to
navigate complex regulatory environments and compete in markets dominated
by large incumbents.

• Reliance on external infrastructure providers captures the strategic choice be-
tween building AI capabilities in-house versus depending on third-party platforms
such as AWS, OpenAI, or Google Cloud. This sub-factor was added after feedback
from founders during pilot interviews (see Section 3.5).

These sub-dimensions collectively establish Business Model Innovation and Sus-
tainability as a separate factor, as it captures how AI affects the economic logic and
long-term positioning of startups, not just their technology stack[3, 34, 33]. By structur-
ing the factor into five dimensions—new business models, sustainable revenue streams,
sustainability integration, partnerships and ecosystem collaboration, and external infras-
tructure reliance—the thesis can investigate which of these aspects European founders
see as most affected by AI and how they expect AI to reshape the way their startups
create, deliver, and capture value in the future.

4.1.6. Talent and Skills

The fifth factor, Access to Talent and Skills, is included because virtually all strands
of the AI startup literature underline that people—not just technology—are a decisive
constraint for building and scaling AI ventures[8, 31]. AI startups require specialized
skills in machine learning, data engineering, and software development, but they also
need people who understand domains such as law, regulation, healthcare, or finance
and who can translate AI capabilities into viable products and business models[1,
38]. Several studies on AI implementation and AI-focused ventures describe talent
shortages as one of the most persistent barriers to realizing AI’s potential, especially for
small and young firms that cannot match the salaries and benefits offered by large tech
companies or established corporates[39]. Moreover, research emphasizes that talent is
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not only about hiring—it is also about retention, skill composition, and building teams
that can sustain both technical depth and strategic agility[9, 40].

To reflect how multi-dimensional this challenge is, the factor is broken down into
four sub-dimensions: attraction of top talent, mix of technical and non-technical skills,
retention of top talent, and evolution of team size.

Subfactors and Definitions

• Attraction of top talent captures the ability of AI startups to recruit highly skilled
individuals in a competitive labor market. European AI startups consistently cite
strong teams and technical talent as central success factors, yet they face intense
competition from large tech firms, established corporates, and well-funded rivals.
Industry and policy analyses emphasize that talent and organizational culture
are strategic levers that European AI startups must actively manage to compete
globally. Bibliometric reviews confirm that talent acquisition recurs as a major
theme across AI and entrepreneurship literature[5].

• Mix of technical and non-technical skills addresses the need for interdisciplinary
capabilities that combine AI expertise with domain knowledge, business acumen,
and regulatory understanding. Research shows that AI-specific technical capabil-
ities (e.g., machine learning, data engineering) are core to competitiveness and
scalability[31, 24], while ambidextrous AI-driven ventures require technical depth
to pursue both exploitation and exploration[40]. At the same time, studies demon-
strate that AI augments rather than replaces entrepreneurial judgment, implying a
need for hybrid skills that blend human creativity, critical thinking, and AI-driven
insights[1, 32]. Work integrating behavioral economics, AI, and entrepreneur-
ship further highlights the importance of cognitive and decision-making skills
in AI venture settings[9], while case studies of academic entrepreneurs illustrate
how founders bridge AI research and market needs through complementary
capabilities[38].

• Retention of top talent reflects the challenge of keeping skilled people once
they are hired. Studies note that competition and uncertainty affect staffing
and capability-building in AI ventures, making retention a strategic concern[39].
Research on responsible AI use suggests that entrepreneurs who design environ-
ments where people can work with AI in meaningful and ethically grounded ways
may improve retention and team cohesion[9]. Broader reviews confirm that talent
retention, alongside attraction, is a recurring focus in the AI and entrepreneurship
literature[5].

• Evolution of team size captures how AI adoption might change the optimal
size and structure of startup teams—for example, whether AI tools enable leaner
teams or whether complexity and compliance demands require more people. This
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sub-factor was added after feedback from founders during pilot interviews (see
Section 3.5).

This multi-dimensional view underscores Access to Talent and Skills as a separate
factor in the study. For AI startups, talent is not just an input but a strategic resource
that shapes what is technically feasible, how quickly AI can be integrated, and how
well the venture can respond to regulatory and market demands[8]. By distinguishing
between attraction, skill mix, retention, and team-size evolution, the thesis can explore
which aspects of the talent challenge European founders experience most strongly and
how they expect AI itself to change their future skill needs and their ability to build
and sustain effective teams.
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5. Results II: Empirical Founder Perceptions

This chapter presents the empirical findings as described by the second research ques-
tion. It first introduces the participant sample (Section 5.1.1), contact characteristics
(Section 5.1) and venture characteristics (Section 5.2), including geographic and sectoral
scope, funding stage, organizational size, and founders’ prior experience, in order
to contextualize the analyses. Next, it identifies cross-cutting themes and contextual
constraints (Section 5.2). The chapter then reports founders’ assessments of AI’s influ-
ence across the five identified success factors: Data Access and Quality (Section 4.1.2),
Investor Influence and Networks (Section 5.4), Compliance and Ethics (Section 4.1.4),
Business Model Innovation and Sustainability (Section 4.1.5), and Talent and Skills
(Section 5.7), before summarizing the results of the ranking exercise (Section 5.8), which
reveals which factors are perceived as most critical in practice. Finally, the chapter
offers a future outlook as given by founders (Section 7.2).

5.1. Participants

In total, 98 startups were contacted during the recruitment phase, which led to 18
completed interviews. One interview was subsequently excluded from the final dataset
because the founder’s startup did not sufficiently meet the inclusion criterion of using
AI as an integral part of the core product or service as mentioned in Section 3.2.3.
This exclusion ensured that all analyzed interviews reflected substantive product-level
engagement with AI, as required by the research focus. The final analytical sample
therefore comprised 17 interviews. Of those 17 interviews, 2 were treated as pilot
interviews to refine the interview structure and survey; as a result, they were not
included in the final analysis.

Table 5.1 summarizes the recruitment outcomes by contact channel, based on the
field “Contacted through” in the recruitment log. The effectiveness of the different
connection points can be summarized as follows:

• Personal contacts (e.g., friends, colleagues, previous professional contacts) proved
to be the most effective contact method, with 6 of the 13 contacted founders
agreeing to an interview, yielding an acceptance rate of 46.2%. In several cases,
founders explicitly referred to the existing connection as a reason for accepting
the request.
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• Cold LinkedIn outreach (direct messages and InMails) was the primary recruit-
ment channel and the broadest source of potential participants. In total, 65
founders were contacted via LinkedIn, resulting in 10 completed interviews with
an acceptance rate of 15.4%. While this response rate was lower than for personal
introductions or conference-based contacts, LinkedIn enabled systematic outreach
across countries and sectors. Overall, it offered moderate efficiency combined with
wide coverage and therefore formed the backbone of the recruitment strategy.

• Conference contacts. Follow-up messages to founders met at conferences were
used for 5 startups. These contacts led to 2 interviews (40.0% acceptance). The
relatively high rate likely reflects that a short face-to-face interaction had already
taken place, lowering the barrier to participation. This indicates that networking
at relevant events can be a valuable complement to purely online recruitment.

• Email and contact forms. Pure email or contact-form outreach was applied to
15 startups, but none of them resulted in an interview. These messages were
typically cold outreach without a prior relationship or interaction. A possible
explanation is that founders are flooded with emails and either did not notice the
messages or chose to ignore them.

A summary of the recruitment channels can be seen in Table 5.1.

Table 5.1.: Recruitment outcomes by contact channel.

Channel Agreed Declined Total Acceptance Rate

Personal 6 7 13 46.2%
LinkedIn 10 55 65 15.4%
Email / Mail 0 15 15 0.0%
Conference 2 3 5 40.0%

Total 18 80 98 18.4%

5.1.1. Sample Characteristics

The final sample comprises 17 AI startups, all of which integrate artificial intelligence
into their core product or service offering. Sixteen of 17 participants were founders;
one interview partner (F3), a non-founding Head of Consulting, was included because
his role as an AI strategy advisor with three to five years of AI-related experience made
his perspective comparable to that of the founding team for understanding strategic AI
decisions in early-stage ventures.

Among the founders, formal titles were heterogeneous and reflected the early-stage
nature of the ventures, including roles such as CEO, CTO, CPO, CMO, and Head of
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AI Solutions. In cases where formal roles had not yet been established, interviewees
were listed simply as Founder, indicating broad, overlapping responsibilities within the
team. Detailed information on each participant’s role and company characteristics can
be seen in Table 5.2.

5.1.2. Geographic and Sectoral Scope

The ventures operate primarily in Europe, with most based in Germany (n = 11),
alongside additional ventures from the Netherlands, Lithuania, Sweden, and Portugal
(n = 1 each). Three US-based companies were included because they operate within
European markets and were founded by European founders, making them compatible
with the research focus as allowed by the inclusion criteria mentioned in Section 3.2.3.
The ventures cover a broad spectrum of AI applications, including developer and
infrastructure tools (e.g., AI development platforms, data workflow automation), sales
and marketing solutions (e.g., pipeline management, customer outreach optimization),
HR and coaching (e.g., recruiting and coaching tools), and vertical applications in
domains such as fashion, trading, and esports coaching. This diversity reflects the
cross-industry diffusion of AI and enables insights into different use cases and business
models.

5.1.3. Stage and Size

Most firms are early-stage ventures founded between 2016 and 2025, with the majority
established from 2022 onwards. The ventures typically employ small teams, with most
being micro firms (1–10 employees); only two ventures exceeded 10 employees, compris-
ing one small firm (11–50 employees) and one medium-sized firm (51–250 employees).
This composition ensures that interview partners speak from the perspective of young,
growing companies actively shaping their product strategy and AI roadmap.

5.1.4. Experience Profile

Educational backgrounds were relatively high: eight held a bachelor’s degree, seven
held a master’s degree, one held a PhD, and one reported A levels as their highest
formal qualification. In terms of general professional experience, 13 of 17 founders
had at least five years of industry experience, with seven reporting ten to twenty years.
AI-specific experience was more heterogeneous: six founders had zero to three years
of AI-related experience, five had three to five years, and six had five to ten years.
Overall, the sample reflects the perspectives of early-stage European AI ventures led by
founders with substantial industry experience but varying levels of AI expertise.
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5.1.5. Interview Duration

The 17 interviews ranged from 21 to 80 minutes (M = 45.5 min, SD = 18.4 min, Mdn =
46 min). Variation in duration reflected differences in founder availability, the depth of
introductory questions, closing questions, and engagement with the overall questions
and ranking exercise. All interviews yielded substantive data on the five factors
and founders’ overall perspectives on AI’s direction for startups. A full summary of
participant and startup characteristics is provided in Table 5.2.

Table 5.2.: Interview founder and startup characteristics.
ID Edu. Industry Size Country Founded Exp. Field Exp. AI Position

F1 BA Finance (Tax) Micro Germany 2025 0–3 0–3 Co-founder
F2 MA Education Micro US 2023 5–10 5–10 Co-founder & CEO
F3 MA Consulting Small Germany 2024 5–10 3–5 Head of Consulting
F4 A levels Info. Tech. Micro Germany 2016 3–5 0–3 Co-founder
F5 MA Info. Tech. Medium US (EU founder) 2025 10–20 5–10 Co-founder & CTO
F6 MA Info. Tech. Micro Germany 2025 10–20 5–10 Co-founder & CEO
F7 BA HR/Recruiting Micro Germany 2025 10–20 0–3 Co-founder & CEO
F8 BA Finance (Trading) Micro US (EU founder) 2024 3–5 0–3 Co-founder & CEO
F9 BA Info. Tech. Micro Sweden 2025 5–10 0–3 Co-founder

F10 BA Sports/Gaming Micro Portugal 2022 10–20 5–10 Co-founder & CEO
F11 BA Sales Tech Micro Germany 2024 5–10 3–5 Co-founder & CPO
F12 MA Coaching Micro Germany 2024 10–20 3–5 Founder/CEO
F13 BA Fashion/Retail Micro Netherlands 2024 10–20 0–3 Co-founder & CEO
F14 BA Info. Tech. Micro Germany 2025 3–5 3–5 Co-founder & Head

of AI Solutions
F15 PhD Marketing/Sales Micro Lithuania 2025 10–20 5–10 Co-founder & CTO
F16 MA Info. Tech. Micro Germany 2024 5–10 5–10 Co-founder & CEO
F17 MA Marketing/AdvertisingMicro Germany 2024 5–10 3–5 Co-founder & CMO

5.2. Founder Perceptions of AI Impact: Contextual Themes and
Constraints

Having established the participant and startup characteristics, this chapter now turns to
the empirical findings. It begins with founders’ open-ended (unprompted) reflections
on where AI will have the greatest impact on their startups, before moving to the
factor-level analysis across the five predefined dimensions.

In these open-ended responses, founders highlighted multiple dimensions of change.
They repeatedly emphasized (i) productivity gains through automation and faster
iteration, (ii) shifts in required skills and the internal organization of work, and (iii)
rising baseline expectations that software products must be AI-enabled. Several of these
themes—particularly team productivity, skill shifts, and the automation of technical
work—are examined systematically in the subsequent factor sections (Talent and Skills,
Data Access and Quality, Business Model Innovation). The present section instead syn-
thesizes the cross-cutting context required to interpret the factor-level findings: (1) AI as
an operational necessity, (2) institutional constraints that limit operationalization (e.g.,
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regulation, capital access, infrastructure), (3) perceived shifts in competitive geography,
and (4) strategic positioning responses founders adopt under these conditions.

5.2.1. The Paradox of AI Necessity and Institutional Constraint

Founders perceive AI as reshaping both competitive geography and organizational
possibility simultaneously, yet this perception collides with institutional structures that
constrain their ability to fully operationalize this vision. This central tension—between
perceived necessity and actual constraints—shapes how founders’ strategic aspirations
translate into operational reality.

Strategic Reshaping: How AI Changes the Competitive Game

AI’s emergence as a capital-intensive, speed-critical technology has amplified existing
structural differences between regions in ways founders perceive as fundamentally
reshaping competitive viability. F13 captured the scale: the US “put in motion a fund of
200 billions to foster innovation in AI. . . the European Commission came up. . . with a fund. . . 1
billion.” F9 noted this translates directly to venture capital: “The total VC1 funding in the
US is like 10 times all of Europe despite having a smaller population.”

Beyond capital, AI’s competitive dynamics demand rapid iteration. Founders perceive
European regulatory environments as structurally misaligned. F9 stated that “the
bureaucracy and regulation and all this stuff is a huge hurdle to, I think, being able to compete
with the US.” F15 contrasted institutional priorities: “I see USA startups. . . [they go]
business first. . . whereas [European programs] regulation comes first documentation compliance
and some sort of bureaucracy comes first.” In the AI era, where capabilities evolve monthly,
this inversion of priorities becomes a competitive constraint.

Infrastructure gaps compound the issue. F7 observed: “We have applied for the Microsoft
for Startups Founders Hub. . . you get some credits on the Azure cloud. . . Why don’t we have
such solutions from European bodies?” This forces European startups into dependencies
on US providers at the moment AI is becoming foundational.

How Founders Must Respond

Within this constraining landscape, founders perceive AI as operationally necessary. F3
stated: “In our startup, we can’t really work without AI anymore.” This is not hyperbole
but structural necessity, particularly in data-intensive domains. F11 explained: “We are
basically building a sales intelligence solution based on AI. . . this task could never be done by a
human being on their own.” F9 similarly emphasized: “The ability to process vast amounts
of information and turn it into relevant insights for users is the biggest. . . obviously without AI,
this would not even be close to being possible to manually process thousands of articles a day.”

1Venture Capital
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This dependence extends across organizations. F5 observed: “I have seen more or less
every department integrate AI in one way or another,” and described systematic knowledge-
sharing: “We do have a bi-weekly meeting where the whole company presents how they are
using AI.” When asked if integration could extend further, F5 responded: “Could it be
more? Yes. And that’s why we’re also actively pushing for it.”

Founders anticipate this deepening. F3 stated: “In the future, it will be even more of
the agents coming up. . . and we also try to highly leverage them.” F11 captured the velocity:

“We started using machine learning, natural language processing. . . very, very time consuming.
When starting using AI, all of this changed because you can do so much better, you can be so
much more efficient in building things.”

Why Strategic Choices Become Necessary

The collision between strategic necessity and institutional constraint forces specific
adaptations. For some, relocation emerges as a rational response. F13 explained: “I
incorporated almost a year ago here in the Netherlands and I am going to move the company
before we get funding to Delaware just because the getting fundraising process here is too
tedious.” AI’s maturity enables this: F10 noted, “If I find something hard to overcome
here. . . I can quite easily open a remote company in Delaware. . . and still manage everything
from Lisbon.”

Others accept dependence on US infrastructure despite sovereignty concerns. F7
noted they are “highly dependent on solutions from the US. . . which are in contradiction to
German or European data privacy policies,” yet must rely on these solutions to access
compute resources.

Some advocate for structural reform. F9 called for an “EU incorporated. . . EU wide
business. . . entity,” while F15 emphasized the need for “as easy as possible way to de-
ploy an experiment into the market.” Yet even these voices acknowledge institutional
fragmentation prevents pan-European market agility.

What unites these responses was captured by F7: “I think the impact of AI on business
or startup development is something that. . . startups cannot manage independently where we
need to have the proper ecosystem in place.”

5.2.2. Strategic Positioning: Navigating Constraints Through Differentiation

The paradox of necessity and constraint does not paralyze founders. Instead, they
actively navigate around structural limitations through deliberate positioning strategies.

Sovereignty as Competitive Differentiation

Rather than viewing regulatory constraints purely as burdens, one founder repositioned
them as trust signals. F7 noted: “We are a German startup and we see any progress that we
make in sovereign AI technology here in Europe as a major influence for our business.” This
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works particularly in B2B contexts where compliance expertise has value. F7 observed
that foreign organizations “see ’Made in Germany’ or ’GDPR compliant’ as a good sign,”
and in emerging markets, “if you say we are a European, a German-based solution, we are
GDPR compliant, EU AI Act compliant, they see this as a very important selling point.”

Notably, he explicitly accepted performance trade-offs: “We know it may be not as good
in performance right now. . . but we use. . . German technology. . . because we want to be really
compliant.” However, this strategy is segment-specific. F7 noted: “In B2C we are more
reluctant. . . In regards of business, people are much more aware of that.”

AI-First as Market Necessity

Across sectors, founders face a different market shift: products without AI integration
are becoming unviable. F16 stated: “If you have a software product which is not AI-focused,
it’s not as interesting anymore. So basically, AI has to be the center of software products.” This
is a threshold effect. F16 contrasted past and present: “Maybe three years ago, where AI
wasn’t that big, this would have been really cool. . . Nowadays you can vibe code. So people ask,
’Hey, why am I not just vibe coding and I’m done?’“ Traditional features are commoditized
by accessible AI tools. F16 explained: “Users expect to interact with the prompt now,”
requiring both technical and UX adaptation. The pace is relentless: “People expect you to
build very fast.” The implication is categorical: “If you come up with a new software which
doesn’t have AI, forget it.”

Key Findings: Founder Perceptions of AI Impact

1. Founders see AI as operationally necessary for their startups, but their ability
to use it is heavily constrained by regulation, capital access, and infrastructure.

2. These constraints are structural rather than temporary: US–EU gaps in funding,
speed, and cloud and model availability shape where companies incorporate,
which markets they target, and which providers they rely on.

3. In response, founders position strategically around institutions—using EU
compliance and sovereignty as trust signals in B2B, while adopting AI-first
product expectations to stay relevant for buyers.

4. Founders describe their agency as adaptive: they can route around constraints
(e.g., relocate, go AI-first, niche focus), but cannot fully control the ecosystem
conditions that determine how far AI potential can be realized.

5.3. Factor 1: Data Access and Quality

The analysis first addresses data access and quality, starting with founders’ perceptions
of their ability to obtain high-quality data (Sec. 4.1.2). It then examines reliability and
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precision (Sec. 5.3.1) and the integration of multiple data sources (Sec. 5.3.2), before
finally discussing synthetic data (Sec. 5.3.3).

Table 5.3.: Founder rankings: Factor 1 – Data Access and Quality (1–5 scale)

Founder Data Access Reliability and Precision Integration and Processing

F3 4 4 4
F4 3 5 4
F5 4 4 4
F6 5 3 5
F7 4 5 5
F8 4 3 4
F9 5 3 5

F10 5 4 5
F11 5 4 5
F12 5 4 4
F13 3 4 5
F14 3 4 5
F15 4 2 5
F16 3 3 5
F17 5 4 5

Median 4 4 5
Mean 4.13 3.80 4.67

SD 0.83 0.83 0.62

Founders rated the expected impact of AI on data access, reliability, and integration
on a scale from 1 to 5, with medians of 4–5 across all three sub-factors. The mean ratings
indicate particularly high optimism for the integration and processing of data (mean
4.67, SD 0.62), while views on data access and reliability are slightly more dispersed
but still clearly positive (mean 4.13 and 3.80, SD 0.83 each).

AI-Enabled Data Access

Across all interviews, founders consistently described AI as a key enabler for accessing
and processing large volumes of data, particularly where datasets are publicly available
or semi-public. Without AI-based tools, working with such data at scale would be
infeasible. Founders framed AI as a fundamental lever that expands not only data
volume but also opportunities for value creation, thereby enabling automatic access
to large amounts of resources and supporting exploration of different applications to
create better client outcomes.

When comparing current AI-enabled practices with earlier manual data access,
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founders emphasized the dramatic shift in capability. Accessing relevant research
materials previously required library visits and weeks of waiting; now, founders can

“access such a mass of data in such a short point of time.” (F7). This acceleration is particularly
consequential for startups, where speed and scale directly affect competitive advantage.
F11 noted that AI tools—such as Perplexity—actively surface sources that would
otherwise remain unnoticed, including niche publications and specialized research,
while simultaneously reducing noise compared to traditional search engines.

Expanded Access through Technical Bridges

A smaller group of founders emphasized that AI could expand access by enabling tech-
nical bridges across otherwise restricted environments, such as paywalls and restricted
APIs2. This capability could broaden the set of datasets available for integration into
products and analyses. F3 stated:

“With the help of AI, you have the opportunity to really gain access to data sets that are
behind paywalls or have restricted API access, to build the bridges or connections via MCP.”

However, potential risks were also mentioned regarding MCPs. Security con-
cerns emerged, particularly around autonomous AI connections to external systems.
Founders expressed caution about delegating connector logic entirely to AI, with F12
stating: “I believe we should not leave it to AI to connect to APIs. I think that’s a massive
security risk.” This tension illustrates that although AI can lower technical integration
barriers, maintaining control over access pathways remains a critical consideration.

Improved Discovery of Public Datasets

Rather than changing which datasets exist, AI was characterized as improving the
efficiency with which founders can identify available resources. Founders emphasized
AI’s capability to structure and index information more effectively than conventional
search, describing how users can articulate a problem and ask “what kind of publicly
available dataset is there?” (F6). This improved indexing reduces search friction and
supports faster assessment of relevance and quality.

Another dimension of this benefit involved filtering and precision. Founders con-
trasted AI-supported querying with traditional search, with F11 noting that “when you
Google, you get a lot of trash. By using the right prompt, you are very focused on the right
datasets and relevant datasets.” AI thus improves access not only through speed but
also by reducing noise and guiding users toward narrower, more relevant subsets of
available data.

2Application Programming Interface
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Access Inequality and Structural Constraints

Not all founders viewed AI as uniformly expanding dataset access. A recurring
limitation concerned structural inequality, particularly where high-value datasets are
proprietary, non-public, or sensitive. In such cases, AI does not solve underlying access
constraints; instead, it can reinforce dependency on those who control the data. As
F5 stated: “A lot of the data that we are dealing with is not public, and that means the AI
cannot be trained.” This constraint was reinforced by confidentiality and regulatory
boundaries. F14 described contexts where “there is too much sensitive information and
organizations are not allowed to use AI on the sensitive information,” leading to a neutral
overall evaluation. In such settings, AI may improve peripheral tasks but cannot change
whether relevant data can be accessed at all. Another dimension of this constraint,
introduced by F17, involved resource-intensive primary data collection—for instance,
research panels where “it’s people that we are paying for attending these studies.” In such
cases, access remains a bottleneck that AI cannot directly address.

Key Findings: Data Access

1. AI significantly accelerates access to public data and improves search precision
by filtering noise.

2. AI can bridge technical barriers to restricted data (e.g., via APIs), though this
introduces security risks.

3. Structural, legal, and cost barriers remain the primary bottlenecks for accessing
proprietary or sensitive datasets.

5.3.1. Reliability and Precision of Data

Data Understanding and Human Interpretation

Founders frequently linked expected improvements in reliability and precision to
AI’s ability to reduce manual handling errors and to convert previously unusable,
unstructured inputs into structured, analyzable data. In several accounts, AI was
described as already producing “high-quality data” (F4), with F4 also noting that “our
AI has already looked into that and automatically recognizes and produces high-quality data.”
Others emphasized an iterative trajectory, expecting gradual improvement “step by
step” as systems mature over time. In this view, AI enhances reliability less by making
individual outputs perfectly accurate and more by systematically reducing error-prone
manual work and expanding the share of data that can be processed at all.

A concrete mechanism repeatedly cited was OCR3 and automated structuring. F4
argued that “with AI, we can apply OCR and convert text into structured data, so I expect

3Optical Character Recognition

35



5.3. FACTOR 1: DATA ACCESS AND QUALITY

reliability and precision to go up,” highlighting enterprise use cases such as contract
processing in ERP systems: “Without AI, we couldn’t use this data at all, which is why I
think it will highly affect the reliability and precision of the data.” Here, reliability is framed as
a shift from inaccessible or inconsistent inputs to standardized, machine-readable data,
which in turn increases the robustness of downstream analytics and decision-making.

Founders also contrasted AI-supported workflows with earlier manual research
and aggregation. F13 mentioned that previously they “browsed Internet sources using
Google” and compiled information manually, a process described as more error-prone
compared to AI-assisted aggregation. He added that there “were more mistakes than
now” in human-aided search, arguing that automation and consistency can reduce
certain types of human errors even if AI is not perfectly correct. Reliability gains are
thus understood as relative: AI is expected to lower error rates compared to manual
compilation, not to eliminate errors altogether.

This optimism was tempered by two recurring reservations. First, F14 expressed
concerns about over-reliance and loss of oversight, stating that AI “helps you to be more
precise and more reliable,” he also warned that “on the other side you can lose track because
you rely on AI too much,” suggesting that perceived reliability depends on maintaining
critical scrutiny rather than deferring judgment to the system. Second, founders pointed
to hallucinations as a limiting factor. F9 explained his neutral rating by arguing that
AI “often makes things up,” concluding that he would be “pretty neutral on that right now.”
Here, reliability was positioned as constrained not only by data pipelines but also by
models that can introduce fabricated or inaccurate outputs.

Related to this, founders emphasized that reliability is conditional on how AI is
being used. F11 pointed out that “reliability and precision depend on the prompt,” stressing
that output quality varies with user skill and input specificity: “When you are writing a
very good prompt, then you get very reliable and precise data.” F12 framed improvements
as achievable but not automatic, noting that gains depend on “using the right systems”
and combining automation with “hardcoded moderation and quality checks” that can “spot
inconsistencies and fill gaps,” but that “you need to know how to use it.” Overall, founders
expected reliability improvements primarily where AI is embedded in well-designed
workflows with explicit guardrails rather than used as a standalone black box.

AI Supported Data Cleaning

Founders repeatedly described AI as most immediately valuable in the intermediate
layer between raw inputs and final outputs, particularly in cleaning, structuring, and
preparing data. Several participants emphasized that this stage accounts for a large
share of operational effort and therefore offers particularly high leverage for AI support.
F4 argued that AI “will do a great job because of all the summarization and categorization
. . . that’s the bulk of work in getting our records into a usable state,” framing AI primarily as
a preprocessing accelerator rather than a purely analytical or decision-making tool.
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F15 emphasized that “data management, because we do a lot of that. Data cleaning, dataset
building” constitutes a substantial component of development workflows. F10 added:

“we are collecting hundreds to thousands of articles a day with scraping and other data collection
methods. And then we’re analyzing every single one of them with AI and then extracting the kind
of key parts out of that and then turning that into custom information . . . for each user.” This
illustrates how AI-based cleaning and structuring can operate at scale, transforming
high-volume raw data collection into refined, actionable outputs. Similarly, F17 framed
data adjustment as central to business intelligence operations: “We basically need to
adjust the data with AI or with the help of AI and answer these business questions automatically,”
indicating that data preparation is not merely a technical prerequisite but also part of
the decision-making infrastructure.

Finally, F5 linked preprocessing to broader expectations about future dataset usability,
especially where input data is currently unstructured. F5 explained that “right now it’s
quite difficult to get good data,” but expected AI to improve the situation over time since
“there will be more we can feed in, even if some of it starts out messy.”

Overall, participants consistently identified AI as a tool for accelerating intermediate
data processing by reducing manual effort in cleaning and structuring.

Reliability Risks and Limitations

Alongside expectations of improvement, founders also articulated several risks that
could constrain, or at least reduce, data reliability and precision. A primary concern
was false or fabricated outputs. F7 highlighted that generative AI “tends to provide also
false information,” arguing that it becomes increasingly important to distinguish between

“scientifically proven information” and content from broader user-generated “swarm intel-
ligence.” In this framing, the reliability challenge is that founders anticipate growing
difficulty in verifying whether information is evidence-based or merely prevalent in
training data.

Related concerns centered on usage patterns and control mechanisms. F12 noted
that outcomes depend heavily on “how you use AI,” pointing to a blind spot where
users drift into overreliance and assume correctness without verification. As a result,
“reliability and precision” are not guaranteed due to hallucinations. F4 also expressed
uncertainty about longer-term trajectories: while AI may enable access to “much more
data,” much of it may “be poor quality,” making it “hard to foresee” the net effect.

F15 adopted a more explicitly negative near-term outlook, rating the impact as low
and expecting reliability to “decrease by a little bit.” F15’s reasoning extended beyond
model errors to underlying data quality: much available data “was not that good of a
quality to begin with,” and scaling production “will sway it towards worse.” Notably, F15
distinguished temporal horizons, expecting reliability to be “either worse or neutral” over
the next five years, but anticipating potential recovery “beyond five years, ten years” as
practices mature.
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These accounts converge on technical and behavioral risks: hallucinations and false
information as persistent limitations; overreliance and reduced oversight as behavioral
risks; and uncertainty about whether increased data volume will be matched by
improvements in validation and data-quality practices.

Neutral Stance

A second cluster of responses positioned the expected impact of AI on reliability and
precision as broadly neutral. F17 described the effect as “neutral,” stating that reliability
and precision will not “massively improve” but also “will not get worse.” He added
that data quality is “always on the same level” and “quite good” overall, even though
some users continue to “tweak the system,” suggesting that reliability challenges are
present but manageable. F9 likewise rated the impact as neutral, explaining that AI
mainly processes data and can even hallucinate or “make things up,” meaning its current
contribution to reliability and precision is limited.

Data Literacy

F7 warned against the assumption that more data automatically enables better decisions,
describing it as “a trap.” The underlying need is the ability to understand data in order
to interpret both the calculation itself and its causal drivers. This was illustrated
through an HR example: while the team reported a headline metric of “20% fluctuation,”
they could not understand “what is the input of this calculation” or connect the number
to underlying operational events, such as a production site closure driving turnover.

Role of Human Oversight

Alongside data literacy, founders also mentioned oversight as a core condition for
maintaining reliability and precision. F3 stated that “the most important skill for humans
in the future will. . . be the verification and the checking of the answers,” explicitly warning
against “solely rely[ing] on the AI.” According to this view, AI can support analysis and
preprocessing, but reliability ultimately requires active supervision, deliberate checks,
and a clear sense of responsibility on the human side.

This oversight theme was also expressed through cautious trust. F5 explained, “I
do trust the outcome of AI if I’m very, very precise with the prompt,” but added that they

“wouldn’t trust [it] to integrate and process data,” indicating that trust is narrowly scoped
to certain use cases. F5 also noted that they “still do it mostly manually. . . ask AI for some
data but then you just still review it manually,” positioning AI as a productivity layer that
speeds up structuring and enrichment while humans retain control over final quality.
F14 held a similar view, framing AI as making solutions “more reliable” and precise, yet
warning against overreliance: “You can lose track because you rely on AI too much.”
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A more formalized version of this hybrid approach was articulated in the context
of scaling data enrichment. F4 described enriching product catalogues “through optical
recognition using AI” while stressing “a hybrid approach,” which involves a human early
on, adding “a second layer of review,” and finally running an “AI evaluation sheet.” This
allows controlling reliability “depending on the scale in which you are creating data.” The
reliability gains from AI-supported preprocessing are therefore real but conditionally
dependent on process design, including review layers, checks, and evaluation routines
rather than on model capability alone.

F10 argued that once “the information is found” and “the source is mentioned,” the critical
step becomes evaluating “if that information is not made up.” He explicitly rejected blind
acceptance: “I ask Perplexity for the research, I do not take it blindly.” His verification routine
included “analysis by sampling,” reading “one or two papers” to assess whether claims
match the sources, and comparing “different providers against each other,” essentially
creating a peer review process by triangulating outputs across tools.

F8 emphasized oversight as an ongoing requirement rather than an occasional
safeguard. He argued that “we need someone to supervising the AI. . . we need to be behind
this AI to see if he cannot make some error and to fix it,” and insisted that this will remain
important “10, 20, 30 years” into the future because “everyone makes error, same for
computer.” In this framing, reliability depends on maintaining a human-in-the-loop
posture even as systems become more capable. Taken together, these findings highlight
the necessity for human oversight even in the long term.

Domain Dependence

A final nuance raised by F6 was that the expected impact of AI on reliability and preci-
sion is strongly contingent on data modality and domain-specific exposure to online
noise. He pointed out that “it depends on the data set,” noting that if the underlying data
is “not text and not video or audio,” it may be “totally unaffected” by broader information
quality issues. By contrast, where reliability depends on information “that people pump
into the internet,” he anticipated a growing problem of degraded signal quality. As a
result, they expected opposing forces to balance out: while AI may improve certain
aspects of processing, extraction, and cleaning, the broader information environment
could deteriorate, meaning that “overall the reliability and precision. . . will cancel each other
out.” This account reinforces the broader pattern that founders do not treat reliability
as a uniform outcome, but as a domain-dependent property shaped by both technical
pipelines and the characteristics of upstream data generation.
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Key Findings: Reliability and Precision of Data

1. AI enhances reliability primarily by automating data cleaning, structuring,
and OCR, thereby reducing manual error rates.

2. Improvements are not automatic; they require skilled prompting, hybrid
human-AI workflows, and active verification layers.

3. Significant risks remain, including model hallucinations, user overreliance,
and the degradation of online information quality.

5.3.2. Integration and Processing Data Across Sources

Acceleration of Integration Workflows

Founders largely agreed on viewing AI as a strong catalyst for accelerating integration
and processing workflows across multiple data sources. F14 argued that embedding AI
into structured workflows means that “the integration and processing of much data will be
much easier and faster,” while F13 emphasized that approaches like retrieval-augmented
generation, which inherently depend on integrating multiple sources and real-time
data, will be influenced “very positively.” F10 similarly noted that AI “solves all of this,”
eliminating the learning curve of importing knowledge in different formats.

The efficiency gains were articulated across multiple dimensions. F7 highlighted
ecosystem-level benefits, describing how AI enables building “integrated microservice
ecosystems” and “integrated ecosystems of sales agents,” something that “hasn’t been possible
prior to this breakthrough in generative AI.” F17 framed integration as fundamentally
about “data cleaning, bringing it in the right order, and integrating it in all processes,” rating
the impact as “massively” positive. F16 focused on technical acceleration, emphasizing
that AI makes building connectors “faster,” whether scraping websites or connecting
images to language models.

F15, F12, F8, and F11 echoed this consensus, with some noting nuances. F12 distin-
guished processing as “the interesting one,” rating it “massively. . . very positively,” yet
still choosing only a positive instead of a very positive ranking because integration is

“very different from the processing.” F8 linked acceleration to scale, suggesting AI enables
handling “1,000 information in one second,” while F11 described the pipeline as becoming
“very lean and very easy.”

Overall, these accounts reveal broad founder consensus that AI fundamentally re-
shapes multi-source workflows through connector acceleration, real-time orchestration,
and system-level automation, though some perceive uneven progress across different
pipeline components.
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Standards, Workflows, and Agent-Based Acceleration

Several founders described integration and processing gains as increasingly driven by
workflow architectures and agent-like automation. F4 outlined an event-based setup
where AI is embedded as a sequence of nodes: “When an entity is created. . . then there’s an
event and we can hook up our AI calls on that to enrich the data,” combined with a workflow
system that routes tasks through “multiple AI nodes” to “categorize that email. . . [and] drop
an email proposal. . . to send to the insurance company. . . or the handyman.” This positions AI
as an orchestration layer that automates integration work continuously, triggered by
system events.

F3 anticipated that rapidly evolving standards and agentic tooling will further
increase integration importance. They noted that “on a weekly basis, there are new
standards coming out. . . we are at the beginning of this path, but it will be expanding quite
quickly. . . with the agents coming up. . . integration [is] even more important.” This framing
positions integration as a moving target: as standards, interfaces, and agents proliferate,
the ability to reliably connect and process across sources becomes a strategic capability
rather than a fixed technical task.

Organizational Bottlenecks

Despite strong optimism, founders highlighted bottlenecks that can limit AI’s practical
impact on integration and processing, particularly where underlying data is highly
unstructured or poorly maintained. F3 noted that “underlying data is so unstructured and
even the most advanced copilot isn’t able to access or make sense out of the data,” and that “if
you want to have a good AI solution, you need the data structuring and data processing as one
of the core competencies at the beginning,” implying that technical AI capability does not
automatically translate into processing gains if enterprise data foundations are weak.

F5 expressed skepticism regarding complex merging requirements, commenting that
“if AI needs to merge the data really well, and if it’s very, very specific information, I still have my
doubts,” suggesting that edge cases and high-specificity integration tasks may remain
difficult even as baseline automation improves. Together, these observations point to a
common constraint: integration acceleration depends not only on AI capability but also
on the quality and structure of underlying data assets.
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Key Findings: Integration and Processing Across Sources

1. Founders view AI as a powerful accelerator for integration, speeding up
connector development and enabling complex, real-time orchestration across
diverse data sources.

2. Emerging architectures, such as event-based workflows and autonomous
agents, are shifting integration from static connections to dynamic, continuous
automation.

3. Success depends on strong data foundations: unstructured legacy data and
complex merging requirements remain significant bottlenecks that AI cannot
automatically solve.

5.3.3. Synthetic Data

Opportunities of Synthetic Data

A theme that was not initially considered in the survey emerged during interviews:
synthetic data as a mechanism to improve data availability and quality. As F3 stated:
“With synthetic data, you can really enhance the data quality and the precision.”

F17 emphasized synthetic data as a way to address cost and feasibility constraints in
primary data collection: “It’s quite costly to recruit a thousand participants for a study,” and
positioned synthetic data as a potential substitute if comparable quality can be achieved,
describing the prospect as “crazy positively” because “if we manage to produce equal quality
compared to research panels. . . it will be a huge leverage.” F6 similarly highlighted synthetic
data for exploration and de-risking: “For exploration, it’s awesome. . . creating a synthetic
dataset for exploring what you need for this application. . . you basically de-risk the whole project.”
He framed it as inevitable: “100%. . . it’s not the question if, it’s just a question of when.”

Founders differentiated use cases across maturity levels. F13 noted that synthetic data
“is sometimes not something you use for production system, but you use it for training the models
and for example AB testing,” suggesting that synthetic data is viewed as complementary
to real-world data rather than a universal replacement. F6 supported this, noting that
“using synthetic data for basically doing your raw models and then fine tune them with actual
data is a valid approach.”

Together, these accounts indicate that founders view synthetic data as a strategic
pathway to expand usable datasets under resource constraints, particularly for exper-
imentation and model development, even if production-grade substitution remains
cautious.
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Limitations and Risks of Synthetic Data

While synthetic data was described as a major opportunity, some concerns were raised.
F12 captured this conditional value directly, stating that “synthetic data is great. . . if we
don’t have any real-world data available and we want to test something,” but immediately
countered that “there is also a lot of bias in synthetic data,” with the key question being
“what do we want to get out there.” This echoes the view of F13 in Section 5.3.3.

Although F17 was positive about the general direction of synthetic data (Section 5.3.3),
he also noted some limitations concerning modeling nuanced human behavior. He
explained that the challenge extends beyond generating survey responses to mimicking
complex, emotionally driven decision-making: “It’s not about just answering a survey. . . it’s
really about what are the emotions when you’re dropping a product? On which products are you
clicking? And what is really driving your decisions?” This implies that synthetic data may
fail to capture the behavioral texture of real-world actions if the underlying mechanisms
are not adequately represented.

F15 raised concerns about self-referential data generation, where synthetic data
“based on what AI knows” could produce poor-quality outputs rather than genuine
empirical grounding. More critically, he highlighted the “sim to real” problem in
embodied domains like robotics: while systems can be trained in simulation, “it’s very
hard to deploy into reality.” Robotics startups are “all mistrustful of synthetic data,” as
real-world systems require grounded data: “We have teleoperation. . . we have a robot at
home. . . you can’t just simulate that.” However, F15 acknowledged that in other domains
like computer vision synthetic data remains practical for generating training examples,
hinting at domain dependence.

Key Findings: Synthetic Data

1. Founders see synthetic data as a high-leverage way to cut costs and speed
up development, especially for exploration, model training, and early-stage
de-risking rather than production use.

2. Its value is conditional: synthetic data can embed biases, miss nuanced human
behavior, and become self-referential, so it often is treated as a complement
when real data is scarce, not a full replacement.

3. Utility is domain dependent; it is promising for tasks like computer vision but
faces fundamental sim-to-real limits in embodied systems and robotics, which
keeps founders cautious about overreliance.
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5.4. Investor Influence and Networks

This section examines how AI affects funding dynamics across three dimensions: the
evolving role of investors as strategic partners (Sec. 5.4.1), founders’ ability to secure
funding (Sec. 5.4.2), and the degree of investor influence and strategic support (Sec.
5.4.3).

Table 5.4.: Founder rankings: Factor 2 – Investor Influence and funding (1–5 scale)

Founder Role of investors Secure funding Investor influence / strategic support

F3 4 5 4
F4 2 4 3
F5 1 5 4
F6 4 5 5
F7 4 3 3
F8 4 4 4
F9 3 5 2

F10 4 4 3
F11 2 3 3
F12 3 3 4
F13 2 4 2
F14 2 3 3
F15 3 3 2
F16 3 4 3
F17 1 5 5

Median 3 4 3
Mean 2.80 3.93 3.20

SD 1.03 0.85 0.94

As shown in Table 5.4, founders were more cautiously positive about the role of
investors and the strategic influence of funding partners (means 2.80 and 3.20, standard
deviations of approximately 1.03 and 0.94, respectively). By contrast, expectations for
AI’s ability to help secure funding were clearly more optimistic (mean 3.93, SD 0.85).
This pattern suggests that founders view AI as useful for accessing capital, but remain
divided on whether investors themselves will become more valuable strategic partners
in an AI-driven environment.

5.4.1. Role of Investors

Increased Investor advantage through AI

Several Founders argued that well-resourced investors may gain competitive advantage
through AI-powered systems. F12 described VCs compressing due diligence timelines
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using AI models that check "signals from your LinkedIn, from Seamrush, from many different
places", enabling investment decisions in as little as three days. More significantly, F12
highlighted investors deploying real-time monitoring systems that "integrate into your
Stripe payment, into your Google Analytics and so forth and spot trend", allowing them to
identify issues like f.e. "why is this 10% down?" and provide targeted support. F12
concluded that "investor influence will grow through AI" because these systems overcome
the time constraints that typically limit investor attention.

However, F15 questioned whether this advantage is sustainable. While acknowledg-
ing that "it’s much easier to build startups in lots of different spaces"4 with AI, they
noted that "everyone is doing it so suddenly the niches are becoming smaller". He remained
ambivalent about net effects: "having an investor could technically put you ahead of the
pack. . . and therefore, I don’t know in which direction".

Reduced dependency on Investors

A counterpoint also emerged in the dependency on investors lowering resource require-
ments, particularly in software-heavy contexts. F4 stated that "AI is clearly helping to
bootstrap a product without investors", especially for products that previously "needed
multiple employees" 5 while F13 noted that AI helps startups "become autonomous or break
even without even needing funding". F12 added to this as a broader trend, citing examples
of companies reaching "1 billion revenue in less than four years. . . fully bootstrapped. . . it’s
massive if you have a small team of highly knowledgeable and highly executable people". F17
similarly reflected that they "would have never had this speed" without AI-enabled tools,
reducing the funding needed to reach their current stage.

However, founders emphasized that capital needs remain strongly tied to business
model. F17 noted that hardware startups "need a lot of capital", while F10 explained
that "if it’s all software, it might be cheaper", but hardware components like "AR glasses,
wearables. . . takes money. . . investors are important in the cash advance".

Shifting Selection Criteria

Founders also highlighted new barriers arising from the rapidly expanding pool of
AI-enabled startups. F7 observed that “this is becoming more and more the investment and
investor game because it gets easier to start a business with AI,” noting that capable founders
can “easily turn [an idea] into a flourishing front end” using AI. In this environment, simply
using AI is no longer a differentiator. F3 added that “you need to have like some unique
technology. . . to really gain a high investor interest.”

Founders therefore stressed that investors increasingly scrutinize the underlying
product, problem, and business model rather than AI usage alone. F4 contrasted their
own product with incumbents that “integrate a chat window. . . which is just a ChatGPT

4More thoroughly covered in Sec. 5.6
5The effect of AI on team size is observed in Sec. 5.7
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wrapper,” arguing that deeper integration is “one of the main factors we would use. . . to get
new funding from an investor.” F14 similarly emphasized that AI by itself is insufficient:
“It doesn’t necessarily help to get the funding because it’s more important the business model
that you have and not just that you leverage AI,” noting that while some investors “just
hear AI and they’re like oh yeah that’s cool,” many are explicitly avoiding “just. . . ChatGPT
wrappers.” F11 echoed this by stressing that startups must have “very, very good and
competing arguments” in crowded AI markets.

Several founders reported that investors are becoming more selective in response to
this saturation. F16 argued that “an investor doesn’t look for AI alone. . . they’re interested in
what you’re solving,” with AI valued primarily as an enabler of a compelling solution
rather than an end in itself. F7 framed this as a diagnostic challenge on the investor
side: “The investor game is becoming more tricky because investors have to be very keen in
really understanding what’s a real product and what’s just a ChatGPT and a nice front end.”

F17 summarized the new baseline succinctly: if “the founders and the business model
and the company are not. . . interesting they wouldn’t invest,” because “every competition is
using AI and the market is very crowded.” Together, these accounts suggest that AI raises
the bar for differentiation in fundraising, making distinctive technology, problem focus,
and positioning more critical than AI adoption alone.

Key Findings: Role of Investors

1. Investors are leveraging AI to compress due diligence timelines and imple-
ment real-time monitoring of portfolio companies, potentially increasing their
operational influence.

2. AI reduces capital dependence for software startups, enabling leaner bootstrap-
ping, though hardware and asset-heavy models remain reliant on traditional
funding.

3. The investment bar has risen: as AI lowers barriers to entry, investors are
shifting focus from AI adoption itself to business fundamentals, actively
filtering out "wrapper" solutions.

5.4.2. Secure funding

AI Investment Bias

Founders widely perceived a strong investment bias toward AI startups, resulting in a
tangible shift in power dynamics during fundraising. F11 noted that because investors
are “always looking for disruptive technologies,” it is “clearly more easy to get money from
investors by being an AI-native startup.” F17 captured this advantage bluntly, stating that
“funding, it’s fucking easy to get money. . . I don’t have the dependency anymore. I can select
basically who I want.”
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This sentiment was echoed across the cohort. F5 summarized the market reality by
stating that “AI is all the rage. . . if you do not have any AI focus right now it is very difficult
to find investors; investors want to put money into AI startups.” F15, when asked directly
whether it is easier for AI startups to get funding, responded: “Well, yeah, definitely.”
Consequently, several founders described deliberately using AI as a strategic narrative:
F4 noted that they “would use AI as a selling point” because many competitors only
offer “a ChatGPT wrapper,” making deeper AI integration “one of the main factors. . . to
get new funding.” F13 similarly argued that being AI-driven “is going to help positively,”
suggesting that “everything now should incorporate a piece of AI.”

However, several founders supported F13’s view that this bias signals market exuber-
ance or a potential bubble. F3 observed that “you can see that there’s some signs of a bubble
evolving,” while F9 pointed to “an AI and investor-based bias towards AI startups. . . 100%.”
F9 further estimated that “50% of all funding went to AI-first startups over 2025 so far” and
highlighted high-profile outliers raising funds “at a two or five billion dollar valuation, no
product, no revenue,” bluntly assessing this valuation environment as “completely insane.”
F10 agreed there is “a bias towards investors to invest into AI startups right now,” citing the
concentration of capital in firms like OpenAI and Anthropic, though he concluded that
in terms of startup numbers “there is a bias. . . I would not say a bubble. . . I would say an
opportunity, probably.”

At the same time, some founders highlighted that this bias is contingent and po-
tentially reversible. F6 noted that current enthusiasm “depends completely on how the
public opinion of AI will develop in the future. . . right now it’s rather very positive. . . but that
might change.” F11 captured this ambivalence: on the one hand, “AI. . . is always better
right now as related to not AI”; on the other, markets are “very crowded,” leading some
investors to step back from generic software plays. While F17’s experience of securing
six positive responses from seven angels reinforced the perception that AI affiliation
makes fundraising “quite easy,” F3 cautioned that in such conditions “you have to make
strategic investments with no operative impact,” underscoring the risk that capital may
chase AI narratives faster than sustainable value creation.

Finally, one founder pointed to counter-movements that temper pure hype investing.
F7 explained that they “experienced that traction-oriented investment game,” contrasting
the current environment with a time “ten years ago” when it was possible “to raise a lot of
money with just an idea. . . in a PowerPoint.” Now, investors expect founders to “showcase
traction” and demonstrate “a real need” with a working MVP. This suggests that even
within an AI-biased market, parts of the investor ecosystem are reasserting traction and
evidence of demand as prerequisites for funding.

AI-Enabled Fundraising Efficiency

Founders described AI as a lever that accelerates and reduces the cost of fundraising
processes by leveling information asymmetry. F3 stated that “the funding process to
get funding will be shorter, but also less costly.” This efficiency stems largely from im-
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proved discovery capabilities; F10 highlighted that AI enables searching for grants and
“European funds. . . that typically for a person not using any AI tools will be hard to become
aware that they exist,” as well as mapping investors in new geographies who “might
be interested in investing in AI startups.” Beyond discovery, F10 noted using tools like
“ChatGPT for Business” to identify investor fit and “prepare the pitch. . . towards the angle
that will be better fit to that investor.” In this context, AI functions purely as a research and
communication accelerator, making outreach more targeted regardless of the startup’s
core business model.

Simultaneously, founders of explicitly AI-focused ventures reported a secondary
advantage where the AI label itself acts as a magnet for capital. F6 observed that “it’s
easier for investors to find startups and quickly sift through everything. . . the rate of being
detected is higher,” while F9 reported receiving “cold DMs every single week asking to have
a call from investors. . . I don’t think this would happen if we didn’t have AI in part of our
business.”

Key Findings: Securing Funding

1. A strong market bias favors AI startups, often easing access to capital, though
several founders warn of "insane" valuations and potential bubble dynamics.

2. AI tools significantly accelerate the fundraising process itself by streamlining
investor discovery, grant matching, and pitch customization.

3. Despite the hype, investors are increasingly demanding "traction-oriented"
evidence (MVPs, real demand) rather than funding ideas on AI narratives
alone.

5.4.3. Strategic Support by Investors

Persistent Importance of Networks and Geography

Despite AI-enabled efficiency gains in outreach, founders emphasized that traditional
access channels (particularly warm introductions, geographic proximity, and personal
networks) remain dominant in securing funding. F5 stated bluntly: “I would not check
AI. . . I would go through my network. . . most of the time you need an introduction anyway to an
investor.” F4 similarly argued that “I don’t think it will change much, except maybe LinkedIn
outreach. . . lots of networking work is important for finding funding,” suggesting that while
AI may streamline certain touchpoints, the core relationship-building process remains
largely unchanged.

Strategic Value Beyond Capital

Founders consistently emphasized that investor value is increasingly defined by re-
lational and strategic capital rather than financial capital alone. F11 remarked that
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“the investor network is still very, very important,” a view shared by F9, who argued that
while some questions might be outsourced to AI, “the value that an investor provides
[via connections] is much more difficult for an AI to kind of capture.” F17 exemplified this
shift, noting that their primary motivation for raising funds was not cash, since they
already had significant income, but rather “to get access to a network where we got basically
introductions to new companies.”

Beyond introductions, founders highlighted the irreplaceable nature of human judg-
ment in strategic guidance. F16 argued that “you don’t just get an investor for the money.
You get them for everything else,” such as navigating co-founder disputes or employee
stock options, areas where F12 noted “the moment the human factor is involved, AI can
only do so much.” F3 added that while “AI helps you to gain strategic benefits,” it does so
only “not extremely,” because “this unique deep-dive knowledge from your investors, your
strategic partners is extremely important.”

This shift has effectively raised the bar for what founders expect from investors. F17
articulated this new selectivity: “I only need the people that really can benefit me in terms of
introductions,” suggesting that because AI reduces financial dependency,6 it increases
the premium on strategic and network value. Taken together, these accounts portray
AI as a complementary layer that can support analysis but cannot substitute for the
relational reach and contextual experience that human investors provide.

Counterpoint: Investor Networks will Decrease in Importance

However, a subset of founders articulated a contrasting view, arguing that AI tools
will erode the relative importance of investor networks for strategic guidance and
decision-making. F13 predicted that as AI helps startups generate proposals and ideas,

“static support investors [will be] less relevant.” He further reasoned that while previously
founders needed seasoned investors with deep industry experience to solve difficult
questions, “as long as you are able to phrase those questions correctly, you don’t need an
investor because you can put it in Perplexity, ChatGPT, Grok and Gemini and see which ones
you like.”

F15 similarly expressed that they could increasingly rely on AI as a sounding board
for investor-related questions, stating they could “always go and chat with ChatGPT about
my investors and ask what other investors would advise me.” While acknowledging that
“assuming the AI is at least 50% right,” it remains “useful. . . to clarify my thinking.” F15
concluded that “AI helps me learn much faster about this field, which I don’t have that much
experience with,” and expressed being “slightly to the side where I will need less help from an
investor, given that I have AI.”

F6 offered a related but more nuanced view: rather than eliminating investor involve-
ment, AI might reshape it by reducing the “consulting part” where investors explain
basics. As startups offload foundational learning to AI, “meetings can be much more

6As discussed in Section 5.4.1.
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focused and there’s more time for the real important stuff,” freeing investors to concentrate
on deeper strategic questions rather than foundational education. This perspective
suggests investor value could shift rather than disappear, moving toward depth of
engagement on problems that AI cannot easily solve.

These accounts sketch a minority position in which AI substitutes for investor
advisory capacity, particularly for questions where structured knowledge and pattern
recognition suffice, though even proponents acknowledge the remaining utility of AI
as a thinking tool rather than a complete replacement.

Key Findings: Strategic Support by Investors

1. Relational capital remains irreplaceable: founders prioritize investors for
trusted networks, customer introductions, and navigating complex human
factors (e.g., co-founder disputes) where AI falls short.

2. AI is eroding the "general advisory" role: founders increasingly use AI to
answer foundational strategic questions, reducing dependence on investors
for basic education and problem-solving.

3. The investor role is evolving toward high-level specialization: as AI handles
routine consulting tasks, investor meetings are shifting focus to deeper, context-
specific strategy that requires human experience.

5.5. Factor 3: Regulation and Ethics

The study now addresses the regulatory and governance landscape. Starting with the
burden of regulatory pressure (Sec. 5.5.1), it examines privacy and data protection
standards (Sec. 5.5.2) and the role of ethics (Sec. 5.5.3), before concluding with internal
governance mechanisms (Sec. 5.5.4).
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Table 5.5.: Founder rankings: Factor 3 – Regulation, Privacy and Ethics (1–5 scale)

Founder Reg. compliance Privacy Ethics and Trust Internal Controls and Oversight

F3 2 3 3 4
F4 3 2 3 4
F5 3 3 2 2
F6 2 3 1 2
F7 4 2 5 4
F8 3 4 4 3
F9 2 2 3 4

F10 1 3 5 5
F11 2 2 2 3
F12 4 3 3 4
F13 2 2 4 4
F14 3 2 3 3
F15 2 4 1 4
F16 5 4 3 5
F17 1 2 3 5

Median 2 3 3 4
Mean 2.53 2.73 3.00 3.73

SD 1.14 0.79 1.27 0.99

Founders’ expectations for AI’s impact on regulation, privacy, and ethics are more
muted and heterogeneous than for technical factors. Median ratings cluster around 2–3
for regulatory compliance, privacy, and ethics and trust, with higher scores for internal
controls and oversight (median 4). The relatively low means for compliance and privacy
(2.53 and 2.73) combined with comparatively large standard deviations, especially for
ethics and trust (SD 1.27), indicate substantial disagreement across founders about
whether AI will ultimately ease or exacerbate their regulatory and ethical challenges.

5.5.1. Regulatory Compliance

Regulatory Pressure and Burden

Founders broadly framed regulation as a mounting operational burden, with a pro-
nounced asymmetry between large incumbents and early-stage startups. F5 argued that
frameworks such as GDPR and the EU AI Act are “more positive for larger companies. . . it
is much, much, much harder for small companies.” When asked directly whether it is
more difficult for startups in general to stay compliant, he responded unequivocally:
“Yes, absolutely.” This imbalance reflects the opportunity costs of compliance work for
resource-constrained teams. F15 captured this trade-off bluntly: “We are at an early
stage. . . if we waste time, we die,” explaining that startups “cannot afford to spend the time
in keeping up to the AI Acts,” even though they would ideally like to.
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Several founders also anticipated intensifying regulatory workload. F13 and F14
both expected “more and more regulations” (F14), with F13 noting the current trajectory
is “negative” if the EU continues releasing requirements, though they acknowledged
potential policy shifts toward fostering innovation. F3 added: “The speed of AI is so
fast. . . the regulatory really needs to keep catching up,” and that current frameworks contain

“so many gaps.” This creates a window where founders operate in regulatory ambiguity.
Founders identified AI itself as a core compliance challenge. F7 described it as a

“trap of relying on data generated from artificial intelligence based on algorithms that none of
us understands,” concluding that “AI itself is the challenge in compliance and regulations.”
Simultaneously, AI paradoxically increases formalization demands: F7 expected AI to
“serve as a significant factor to increase the documentation practices,” while F6 noted that
although “it will be much easier to do all the paperwork because we have AI now,” this benefit
is offset by the need for “more governance and compliance stuff” and “more attack vectors”
that could be interpreted as violations.

A recurring concern was the practical impossibility of understanding and maintaining
full compliance. F17 expressed deep frustration: they use AI “in every single piece” of
operations yet cannot track “where this data is going, what is happening with the data,
who’s using that data.” F17 acknowledged they would be lying if they claimed to be
“perfectly compliant,” because “I don’t even know when are you compliant and whatnot.”
More fundamentally, F17 questioned whether compliance is even a coherent standard,
arguing that “it’s all super difficult to even understand the requirements” and that even
EU commissioners could not “summarize what are basically all the regulations. . . it’s not
possible to know all of them.” This sense of regulatory opacity leads them to conclude
that unintentional violations are inevitable: “One day there’s an audit and someone tells us
we did something wrong because how do we know.” This framing positions compliance not
as an achievable target but as a latent liability.

F10 stated that AI will shape compliance in Europe “very negatively,” creating “road-
blocks” that push startups toward jurisdictions without such constraints. F5 drew a
direct contrast: “the US startup can really focus on selling. . . while the EU startup is still
checking if everything is compliant,” potentially delaying EU product launches by three to
six months and surrendering competitive advantage. F9, operating in the EU, assigned
regulatory burden a high rating of difficulty, “especially. . . because new things are going to
come out around AI it’s more difficult to stay compliant.” This geographic disparity suggests
that European regulatory policy may inadvertently disadvantage European startups
relative to less-regulated competitors.

AI as Enabler for Compliance

Alongside framing regulation as burdensome, founders also described AI as an en-
abling tool for faster learning and interpretation of complex legal requirements. F15
characterized this as the obvious benefit: AI helps them “understand these things better
because it lets me learn faster.” F6 articulated a concrete use case: regulation is increasingly

52



5.5. FACTOR 3: REGULATION AND ETHICS

document-heavy and exhausting to process manually, but “having a chatbot where I can
just type in, okay, I want to do this. What do I need to do in order to be compliant?” reduces
the comprehension barrier. F6 also emphasized that AI output serves as a starting point
for expert validation: “I get an answer that I then can fact check with an expert, with an
actual lawyer or something. It’s much more efficient and easier.”

This framing was echoed by multiple founders who positioned AI as a research
and summarization layer rather than as a final compliance authority. F4 referenced
regulated industries where “some insurance companies. . . their AI had a big role for new
regulations,” allowing firms to query what they need to “implement. . . to be compliant
with this regulation.” F7 similarly stated that “AI gives you the opportunity to understand
what kind of regulations you have to carry on and you have to comply with,” enabling quick
orientation on “what do we need to deliver when we want to be XYZ compliant?” F7 linked
this to personal capability, describing how “the ability to comply with such regulations. . . is
depending on the level of my personal knowledge,” and that “with the help of generative
AI, I am able to quickly ramp up my knowledge in certain spaces,” resulting in a positive
second-order effect on overall compliance ability.

However, founders articulated clear limits to AI’s role, particularly given model
reliability constraints and high downside risk. F12 acknowledged that AI can support

“going through these regulation texts and. . . answering to you what you want,” but cautioned
against treating AI as a compliance guarantee, since the “risk of not being compliant. . . is
too great,” models “make things up too much,” and may miss awareness of the regulatory
corpus without careful controls. More critically, F12 highlighted that generic AI outputs
can miss business-model-specific nuances, describing a case where “AI models miss
important nuances to your business model,” for instance, recommending whether a joint-
controllership agreement is necessary without understanding the startup’s specific
partnership structure and data flows.

Interestingly, one founder articulated an emerging strategy in which regulatory
compliance is reframed as a competitive asset rather than a pure cost. F3 described
their company as “branding ourselves as the most compliant and one of the most secure startups
in Europe or in Germany,” and underscored this positioning by obtaining “ISO certification
this year to be fully certified for all the data structuring, data processing, data storage and
everything.” This framing suggests that as regulatory requirements intensify, founders
who successfully navigate compliance may gain market advantage, particularly in
sectors or geographies where regulatory assurance is valued. For such founders, AI
and formal certifications jointly enable a compliance-first go-to-market strategy rather
than compliance as a regulatory obligation.

Compliance as a Market Gating Condition

While generally viewed as a burden, a smaller subset of founders noted that compliance
shifted from a legal obligation to a prerequisite for market access. F5 reported that
winning B2B customers now triggers extensive due diligence where “20 of [the] 25
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[questions] are regarding AI,” explicitly stating that “if you’re not compliant, they will not
do business with you.” This creates a binary gating effect: compliance is no longer just
about avoiding fines but about unlocking revenue. Responding to this pressure, F3
described a strategy of “branding ourselves as the most compliant and one of the most secure
startups in Europe,” leveraging certifications like ISO as trust signals to differentiate in
a risk-averse market. For these founders, regulatory rigor effectively functions as a
competitive moat, barring non-compliant competitors while securing access to sensitive
European clients who prioritize data sovereignty.

Key Findings: Regulatory Compliance

1. Founders see AI-related regulation as a growing burden that hits early-stage
startups hardest, due to limited capacity, fast-moving technology, opaque AI
workflows, and uncertainty about what being compliant actually requires.

2. AI helps founders understand and navigate regulations faster via conver-
sational querying and summarization, but is treated only as a research aid
because hallucinations, business-model nuances, and high downside risks
make it unsuitable as a compliance guarantee.

3. Compliance has become a market gate in European B2B: customers increasingly
demand detailed AI-compliance assurances, making demonstrable compliance
a prerequisite for doing business rather than a background legal formality.

4. Some founders turn compliance into a strategic differentiator via certifications
and most-compliant positioning, yet overall regulation is perceived as disad-
vantaging European startups versus US peers who can focus more on selling
than on verification cycles.

5.5.2. Privacy and Data Protection Standards

Privacy Risks and Data Protection Concerns

Founders linked privacy and data protection concerns to a broader deterioration of
trust in information ecosystems. F6 argued that “building trust will be more difficult. . . it’s
now so easy to build agents. . . you build an agent that sifts through the public information
and then they craft something like this,” damaging “trust in information of what you see.”
F6 further emphasized the dual-use risk, noting that “generative AI is such a strong
propaganda tool. . . You can influence people.”

This concern extended to organizational data handling. F13 summarized the negative
impact on standards: when employees across a company use large language models
(LLMs) for decision-making, “this is going to include your company information in every
LLM they use,” which “probably is not positive.” F12 described a concrete attack surface:
“If you have AI run and you don’t control it, you don’t put up the relevant security around it. . . it
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can also leak sensitive information just by jailbreaking talking to your LLM because everyone
has an LLM out there.” F10 articulated a deeper epistemic risk: if AI chooses “to lie to me
and say that it’s protected. . . I will be blinded,” highlighting the asymmetric information
problem where founders cannot verify whether protections are actually in place.

However, F11 identified an inherent tension: while “ethical standards is affected neg-
atively because everybody is thinking about okay how did an AI do that,”7 building trust
through AI can still work because “by using AI you get always or potentially get better
answers than by not using AI.” This suggests that trust deterioration is not solely about
AI capability but about perceived transparency and user understanding of how systems
operate.

F9 conveyed overall skepticism. He stated that he would “put that pretty low. . . I
think negative for sure. I don’t think it’s positive at all.” An underlying challenge was the
irreducible explainability gap between compliance requirements and AI capabilities.
F7 noted that “the privacy and data protection standards. . . requires. . . higher standards of
documentation,” yet this paradoxically masks an unsolvable problem: “As long as we do
not train our own models, as long as we do not establish an own LLM, we will never be able to
100% explain why the AI has returned content XYZ in exactly that way.” F7 acknowledged
this by seeking a pragmatic middle ground: “We will have to find our spot in saying,
okay, this is, to that extent, we can explain what has been done. And we have put some rules
and procedures to avoid like hallucination, to avoid like biases.” This framing suggests that
documentation and procedural controls become a way to manage uncertainty rather
than eliminate it and founders create assurance scaffolding around systems they cannot
fully understand.

Systemic Challenges: Architecture, Third-Party Dependence, and Control

Founders described how privacy mandates dictate infrastructure choices. F5 noted
that customers explicitly forbid certain setups: “We are allowed to use OpenAI on Azure
with customer data, but we are not allowed to use OpenAI directly because it’s not approved.”
Similarly, F6 explained that architecture is often “dictated by our customers. . . those that
have their stuff in the Google Cloud, then pick Gemini.” In this context, architectural
sovereignty is often sacrificed to meet client compliance standards.8

AI as a Tool for Enforcing Privacy and Data Protection

In contrast to concerns about privacy erosion, some founders articulated optimistic
views of AI as a mechanism for implementing and enforcing privacy standards more
effectively than manual processes. F8 described AI as a disciplined enforcer: “AI is like a
robot. If you say to him, no, don’t do that, he will not do that. . . If you say to him, protect this data,
he will protect the data. He will not share the data with everyone.” F10 similarly emphasized

7Further discussed in Section 5.5.3.
8More in External versus Internal Providers in Section 5.6.5.
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scalability and reliability: “AI will help me maintain my company with strong privacy. . . it’s
a hundred people doing the job a hundred times faster, better.” This suggests that AI can
automate privacy-related tasks (monitoring, alerting, enforcement) at scale and without
fatigue or inconsistency. F15 articulated a more nuanced optimism, distinguishing
between skepticism about regulatory processes and confidence in technical solutions:
“I’m skeptical about process, but I’m slightly optimistic about software.” F15 describes how
“AI will help me build whenever I need a privacy feature and whenever I need data protection
standards, which might not be coming from policy, but from, you know, I don’t want to do,”
concluding that “I actually just want to make a more private product. AI, I think, does help.”

Human Behaviour, Legal Uncertainty, and Residual Risks

Even with technical safeguards and deliberate design, founders identified persistent
risks rooted in human behavior, legal ambiguity, and the difficulty of maintaining
control over AI-enabled data flows. F11 articulated this at the organizational level:
when founders use data “from potential buyers to provide our users with. . . this gets better
and better by using AI,” it becomes “difficult to maintain the standards” because AI’s
effectiveness paradoxically increases data use and reliance. This creates a tension where
improving AI performance through data may inadvertently increase privacy exposure.
F14 highlighted a fundamental control problem: “You cannot control if people feed AI
with the data or not. You can just ask them not to do that.” This captures the impossibility
of preventing users from inputting sensitive information into AI systems, regardless
of founders’ policies or technical controls. Founders cannot police user or employee
behavior at the boundary.

F8 suggested that building customer trust requires visible human oversight: “We need
to show to the customer the AI is not alone. . . if there is someone behind that for controlling him,
customer will be more trusty.” This implies that technical privacy protections alone are
insufficient, and founders must demonstrate and communicate human responsibility.
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Key Findings: Privacy and Data Protection Standards

1. Founders largely view AI as a threat to privacy standards, citing increased
data exposure risks, potential for misuse, and the fundamental explainability
gap between opaque models and strict compliance rules.

2. Infrastructure choices are increasingly dictated by enterprise clients (e.g.,
mandating Azure vs. OpenAI direct), forcing startups to sacrifice architectural
sovereignty to meet customer compliance standards.

3. Conversely, AI acts as a scalable enforcer: some founders leverage AI agents
to automate data protection monitoring and implement privacy features faster
and more consistently than manual processes.

4. Human behavior remains the weakest link: founders struggle to control what
employees or users feed into AI systems, creating persistent leakage risks
regardless of technical safeguards.

5.5.3. Ethics and Governance

Increased Effort

Founders described AI as creating pressure to strengthen ethical standards and gover-
nance. F7 noted that “the evolution of AI and the speed of evolution of AI is a push to really
think of, okay, what are our ethical standards?” This pressure can be constructive: F7 also
framed it as responsibility, stating “we think it’s our responsibility to ensure that we do
our best to keep up our ethical standards, build trust,” with AI evolution having “a positive
impact on that.”

However, this increased scrutiny also exposes new ethical risks. F12 pointed out that
“suddenly you have this recruiting tool that is just exposing all that data,” where AI-enabled
capabilities create ethical violations at scale that manual processes would not. Yet he
also noted that this pressure motivates deeper engagement: AI was “a reason to go
much deeper and really dig deep. . . understanding what makes a difference.” F13 added: AI
could “impact positively” by enabling “more regular and thorough assessments” of ethical
standards and “evaluate where we stand and what are the actions that I can take improve it,”
thus framing AI as a tool for deepening ethical deliberation rather than replacing it.

Ethical Standards as Technology-Agnostic

In contrast, a substantial group of founders framed ethical standards as largely
technology-agnostic. F9 and F17 both stated they remained neutral, reasoning that
organizations “always need to uphold ethical standards to the same level, regardless of what
technology is there” (F9). F17 emphasized this bluntly: their effort to maintain standards
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“has nothing to do with AI” because they “want to have them high” regardless. F3 condensed
the logic: “the ethical part is determined by people working in these organizations.”

Multiple founders distinguished trust in people from trust in technology. F16
observed that “people don’t trust in AI. They trust a person or a company,” a relationship
unchanged by technological shifts. F14 similarly argued that “ethical standards build
trust,” but this is “not something AI will influence.” F9 reinforced: “Regardless of where
we’re working in rocketry or bio, I would always want to have the highest ethical standard
possible.” F12 acknowledged deeper tension, describing the question as “very difficult”
and holding a neutral position reflecting “both risks but also for those who use it wisely,”
suggesting outcomes depend on how AI is deployed rather than whether it is used.

Ethical Standards as Constrained by Upstream Decisions

Founders emphasized that ethical performance is determined by upstream decisions
and structural conditions largely outside their control, creating a paradox where
intentions do not guarantee outcomes. F4 stressed that ethical standards originate with
model providers: “the models, if you know how they’re trained, how they’re framed, you have
all this filtering into the weights.” This means ethical behavior is “biased from the provider
side,” with “training [being] one of the most important things how AI models behave.” F3
corroborated this, noting that “the ethical standards are biased from the provider side.”

A related dynamic emerges from data abundance: the sheer volume of AI-generated
data can erode founder commitment to ethical scrutiny. F15 described this as an “arms
race” where AI provides abundant data but the founder “don’t[s] know where it comes
from,” resulting in ethical complacency where “I care less and less” and predicting that
“the efforts to uphold ethical standards will decrease.”

However, a minority view offered a counterpoint. F13 argued that AI could “impact
positively” by enabling “more regular and thorough assessments” of ethical standards,
framing AI as a tool for deepening ethical deliberation rather than displacing it. F8
similarly suggested that “the effort will be more or less because the AI will do all alone,”
though without clarifying whether this reduces scrutiny or enhances it. Together, these
accounts suggest that ethical governance in AI-driven startups is neither purely internal
nor purely external but rather a contested space where vendor constraints, data opacity,
and founder commitment all interact to determine actual ethical performance.

F12 pointed to a concrete manifestation: “for the majority of people. . . we’re actually
having an issue with the ethical standards because suddenly you have this recruiting tool that
is just. . . exposing all that data.” Bias embedded in upstream training or misaligned
incentives can scale to affect broad populations through automated systems.
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Key Findings: Ethics and Governance

1. Founders are divided on AI’s impact on ethics: some view ethics as technology-
agnostic and rooted in company culture, while others feel intense pressure to
strengthen governance to address AI’s new risks and edge cases.

2. AI acts as a catalyst for deliberation: the speed and scale of AI adoption
force startups to explicitly reassess and formalize their ethical standards and
governance routines more frequently.

3. Ethical responsibility is distributed upstream: founders recognize that bias
and value alignments are often baked into foundation models by providers,
meaning startups inherit ethical constraints they cannot fully control.

4. Scaling risks threaten standards: AI can amplify ethical violations (e.g., mass
data exposure) or breed complacency (e.g., trusting the "black box"), necessi-
tating active human oversight to prevent improved capabilities from eroding
moral responsibility.

5.5.4. Internal Governance Mechanisms

AI Accelerates and Reshapes Internal Governance

A large subset of founders believed that AI will shape internal governance mecha-
nisms positively. F3 highlighted that, especially in dealings with public-sector clients,
“everything needs to be compliant first, needs to be trustworthy, needs to be checked multiple
times,” and described governmental mechanics as “quite slow.” This reinforces that inter-
nal governance mechanisms are primarily shaped by the requirement to demonstrate
compliance upfront, which AI tools are then expected to support and accelerate.

Many founders highlighted AI as an operational enabler that accelerates and scales
internal governance and compliance work. F9 expected AI would “change the processes”
positively by supporting background checks, writing documentation, and adminis-
trative HR tasks. F7 emphasized that compliance work often involves manual effort
such as creating test scenarios and conducting penetration tests, and that AI can scale
this by enabling large-scale testing by running hundreds or thousands of tests rather
than small samples. F7 illustrated this with fairness testing: testing the same CV with

“different names, different ethnic backgrounds” to verify consistent evaluations, an approach
“you could think of using AI doing. . . on a large scale.”

F17 captured the acceleration effect succinctly, expecting AI to “simplify it so positively,”
describing how AI-supported documentation and knowledge management—searching,
summarizing, consolidating information—helps “get all the right information at one place.”
F10 similarly emphasized speed: AI will change governance “very positively in terms of
speed and delivery of execution.” F10 contrasted prior security certification processes that
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“took months. . . with a consultancy company” to AI-driven alternatives that could reduce
both cost and time substantially while delivering comparable outcomes.

Multiple founders framed this as reducing bottlenecks. F12 noted the core problem
is “time. . . we only have so much time as founders as small teams,” and that AI systems
that “automatically crawl and then evaluate, make decisions and alert, put the human in the
loop” address this constraint positively. F13 and F16 further suggested that AI can help
clarify complex compliance situations written in text, making processes “more thorough
in some cases while. . . streamlining and getting rid of all those processes that make organizations
so stiff.”

Beyond speed and automation, some founders expected AI to reshape governance
design itself. F13 hoped that “the intelligence that AI is bringing is going to help establish
more robust governance models,” while simultaneously “get rid of all those processes that
make organizations so stiff right now” so that people can work more freely and “only
establish boundaries. . . when it’s really needed to ensure things are governed.” This frames
AI as a means to both strengthen governance and streamline unnecessary procedural
overhead.

Uncertain About Long-Term Impact

Some founders remained neutral about AI’s impact on internal processes and controls,
citing uncertainty about how documentation and trust will evolve. F11 stated simply
that regarding “internal system processes and controls for staying compliant,” he does “not
know right now,” reflecting the uncertainty about whether AI will ultimately clarify or
complicate governance. F8 articulated a more temporal perspective: “Documentation with
time is more difficult to understand,” suggesting that as AI capabilities and organizational
complexity both increase, compliance documentation may become harder to maintain
and audit. However, F8 also expressed conditional optimism: “With time and the progress
of the AI, we will get some trust to AI to control this part of the startup,” indicating that future
AI improvements might eventually enable reliable automated governance, though this
remains speculative.

More Controls and Possible Points of Violation to Manage

F6 described the effect as “rather negative,” noting that there are “more attack vectors”
and “more things that someone might interpret as, hey, you violated something.” F6 reasoned
that if “there’s more things that you can violate and if you have a probability that’s more than
zero to violate some rule, if there’s more rules, it just goes down.” This perspective treats AI
as multiplying both technical and procedural risk as the number of controls, rules, and
interpretation layers grows.
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Key Findings: Internal Governance Mechanisms

1. AI speeds up internal governance by automating documentation, checks, and
large-scale testing but also creates more potential failure points and attack
vectors.

2. Founders are uncertain about long-term effects and see outcomes as depending
more on organizational learning and regulation than on AI technology alone.

3. AI enables faster, more thorough compliance processes and can shorten certifi-
cation timelines when combined with human review.

4. There is potential to replace rigid, manual processes with leaner, boundary-
based governance while keeping humans in the loop for critical decisions.

5.6. Factor 4: Business Model Innovation and Sustainability

The analysis now turns to business model innovation and sustainability. It begins by
business models (Sec. 5.6.1) and the creation of sustainable revenue streams (Sec. 5.6.2).
The discussion then addresses the integration of sustainability principles (Sec. 5.6.3),
the role of partnerships and ecosystems (Sec. 5.6.4), and finally the strategic reliance on
external AI providers (Sec. 5.6.5).

Table 5.6.: Founder rankings: Factor 4 – Business Model, Sustainability and Partnerships
(1–5 scale)

Founder New Business Models Sustainable Revenue Sustainability Integration Partnerships External Infra. Reliance

F3 5 5 4 5
F4 4 2 3 4 1
F5 4 4 4 3 1
F6 5 5 4 5 1
F7 4 3 4 5 2
F8 4 4 4 4 2
F9 4 5 3 5 3

F10 5 3 5 5 1
F11 5 5 3 4 2
F12 3 4 4 3 3
F13 4 4 4 4 1
F14 5 5 3 5 1
F15 4 2 3 3 1
F16 5 3 3 4 1
F17 5 5 3 4 1

Median 4 4 4 4 1
Mean 4.40 3.93 3.60 4.20 1.50

SD 0.63 1.10 0.63 0.77 0.76

As shown in Table 5.6, founders were highly optimistic about AI-enabled business
model innovation and partnerships (means 4.40 and 4.20; SD 0.63 and 0.77). Expec-
tations for sustainable revenue and sustainability integration were also positive but
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more heterogeneous, particularly for sustainable revenue (means 3.93 and 3.60; SD 1.10
and 0.63). By contrast, ratings for reliance on external AI infrastructure were notably
lower (mean 1.50; SD 0.76; N=14), indicating that most founders perceive external
infrastructure dependence as more of a vulnerability than an advantage, while still
showing some dispersion in assessments.

5.6.1. Business Model Innovation

AI-Enabled Acceleration and Experimentation

Founders consistently described AI as compressing the cycle from idea to prototype and
market test. F5 noted that “you can get out a product in a week instead of three months. . . it
is much. . . faster to get off the ground.” F4 similarly stated it’s “easier and faster to develop
an MVP. . . or even the whole product,” and F16 emphasized the ability to “just actually
build prototype, try. . . see if it’s going to work out or if you actually have a business case.” This
speed increases the option value of experimentation, making it feasible to test multiple
directions in parallel and pivot quickly when ideas do not work.

Founders also highlighted AI’s role in opportunity scanning and problem discovery.
F3 reported “finding new business opportunities on a daily basis. . . AI is extremely helpful
with that.” F6 extended this, describing how AI tools help surface less obvious, niche
problems that are “very obscure and very specific,” making it “as easy as ever to find a
niche. . . where there’s problems that need to be solved.” F6 further noted that AI can “indirectly
allocate resources to the right problems” by synthesizing large amounts of information
quickly, lowering the barrier for founders without domain experience or established
networks.

Concrete tooling exemplifies this acceleration. F6 described an agent-based system
that assembles competitor lists, business model canvases, and market summaries
“within half an hour,” automating early-stage venture analysis. F11 noted that “creating
a business model is very positive because you can do so many things right now by using AI,”
while F7 suggested AI will “speed up business model re-invention in a way that we haven’t
seen before.”

AI-enabled experimentation also extends into new pricing and value-capture models.
F10 observed emerging payment models beyond subscriptions, pointing to “agents being
charged by the positive tasks” and usage-based pricing that echoes older “pay per minute”
logics. F15 anticipated a broader shift toward outcome-oriented arrangements “where
you pay per successful results not just any results.” F17 described concrete applications:
using AI to generate marketing assets and creative content “in seconds” within their
platform to address clients’ content creation pain points. Together, these accounts
suggest AI simultaneously accelerates how value propositions are discovered and
tested, and broadens the menu of viable revenue architectures that can be iterated at
low marginal cost.

Finally, AI supports competitive positioning and niche identification. F8 described
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using AI to research business models and compare with competitors: “I can make some
researches comparing with other business model. . . asking ChatGPT how can you compare with
other company, how they make money.” F8 further noted that AI helps determine pricing
and positioning strategy, noting “we can be in the middle with a high product. . . to be the
more good between the less and the high concurrency” and assists in understanding “what’s
our niche, who is our customer.” This portrays AI as a tool for accelerating market and
competitor research.

AI-Driven Continuous Business Model Evolution

Founders emphasized that AI is not a one-time feature addition but a driver of ongoing
business model co-evolution. F3 captured this directly: “With every new model. . . every
new innovation. . . the new business model is evolving and AI is a huge factor of that.” F5
exemplified this through concrete product strategy: their company “did a big switch
to. . . offering AI features. . . because the models are more and more reliable, which means that we
can use it in our product.” This suggests business model adjustments are triggered by
foundation model capability improvements, not just by founder strategy.

Shorter Business Model Half-Life and Competitive Churn

However, this same acceleration creates instability. F4 observed that a competitor’s
business model “basically is irrelevant now because two years ago there were lots of worst
quality AIs on the market,” and concluded that “the sustainability of business models is also
shorter. . . Lots of business models will be more fast living or fast dying.” This suggests AI
lowers barriers to entry and accelerates imitation, shortening the window in which
models remain defensible. Despite this volatility, F9 remained optimistic: “Definitely
very positively. They would not exist, the ones that we have right now for AI. . . generally
positive, but. . . unpredictability.” This captures the paradox well: AI expands feasible
models while increasing speed and uncertainty.

Quality and Limitations of AI-Based Foundations

Not all founders viewed AI acceleration unambiguously. Some raised concerns about
the quality of AI-generated output and its limitations as a foundation for sustained
development. F12 expressed this reservation: “I’m on this one a little more negative because
I feel it’s our cognitive ability that we need to strengthen to be creative and only then use AI to
structure the thoughts.” This suggests AI works best as a tool for refining existing ideas
rather than generating original strategic direction.

F4 offered a practical limitation: “You can create an MVP with only AI, but. . . you
shouldn’t continue developing that product then, because that’s a very bad base at the moment.”
This implies that while AI accelerates proof-of-concept and rapid prototyping, the
resulting code or design may be brittle, technically unsound, or difficult to scale,
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requiring human rework before deployment. Together, these perspectives suggest AI is
most valuable when it augments rather than replaces founder judgment and skill.

Key Findings: Business Model Innovation

1. AI enables rapid prototyping, market sensing, and opportunity scanning,
increasing the velocity and option value of business model experimentation.

2. Business model half-life is shrinking: founders continuously adjust offerings
as new foundation model capabilities emerge, while lower entry barriers
accelerate imitation and competitive churn.

3. AI supports faster competitive analysis, pricing, and positioning, but founders
warn that over-reliance can weaken creative judgment and that AI-generated
MVPs often lack robustness for scaling without human refinement.

5.6.2. Sustainable Revenue Streams

AI-Enabled Recurring and Sticky Revenue

AI strengthens customer engagement and retention by enabling continuous person-
alization, creating multiple monetization touchpoints. F3 emphasized this dynamic:
“You’re not only getting one-time revenue, but you can really gain MRR, ARR. . . because the
AI. . . [keeps] them engaged and upselling all the time.” This framing highlights how AI-
driven product stickiness extends customer lifetime value through adaptive engagement
loops.

F17 validated this in practice, noting strong contract renewal dynamics: “The stickiness
of the platform is very, very big. And for clients that we signed the beginning of this year because
we started basically with big contracts yearly contracts at the beginning of this year all these
clients now gave us basically the feedback that they want to continue so.” This suggests that
AI-enabled personalization and continuous product improvement drive predictable
renewals and can justify multi-year commitments.

F4 extended this to operational efficiency, noting that AI “can save your time if you
want also to optimize or optimize something, um, or also like for the outreach is to find the
client. . . shape your approach to integrating sustainability to your presence.” This indicates
AI supports both product stickiness (through optimization) and go-to-market veloc-
ity (through client acquisition), creating structural advantages for recurring revenue
streams when embedded thoughtfully into product and sales workflows.

Market Alignment and Idea Filtering

Revenue sustainability depends on alignment with market narratives and buyer budgets.
F5 articulated this dynamic: “Companies are asking for AI features. . . Companies have AI
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budget. . . if you don’t offer an AI functionality, it is very hard to budget. . . there is not that
much budget left for non-AI products,” indicating that AI positioning can open or close
funding paths independent of product quality alone.

F8 and F12 emphasized how AI strengthens market resonance and continuous value
discovery. F8 noted: “With AI, we can make a branding. . . that can be more good than
other companies. . . If the company has a good branding, the customer will be more closely to
understand what we say.” F12 added AI’s ability to “discover certain things around the
supply chain that maybe you have not find out. . . because it can crawl,” framing AI as a tool
for ongoing insight generation.

F14 added that AI assists in idea validation during client conversations: “Sometimes
when you don’t have the idea when you’re also talking with the client, AI can help you with
that. . . it can already give you like some kind of inputs, which might be helpful.” This suggests
AI helps founders filter and test ideas before committing resources, improving the
likelihood that offerings align with customer needs.

Revenue Stability versus Platform and Churn Risk

A countervailing tension arose between recurring revenue potential and the volatility
introduced by rapid competitive cycles and low switching costs. F9, F7, and F15 all
expressed concern that AI compresses product differentiation and increases platform
dependency, making revenue less predictable. F9 framed the risk explicitly: “OpenAI
can just release a new thing tomorrow that destroys a sustainable revenue stream that you had,”
highlighting how external platform changes can obsolete business models overnight.
F10 articulated the underlying mechanism: while traditional SaaS models rely on
predictable CAC-to-LTV9 relationships, AI markets lack this stability because “people
change providers nowadays. . . if I do not engage you enough, it’s so easy for another one to come
immediately and do something new.”

This instability is particularly acute for undifferentiated products. F16 warned that
“if you build a pure. . . stupid wrapper around [a foundation model]. . . it’s not very sustainable,”
a challenge F7 reinforced by noting founders face constant objections that customers
“can do that internally as well, just using ChatGPT or whatever.” However, F16 offered
a counterpoint: niche positioning can provide defensibility. “If you do this simple
wrapper around ChatGPT, but you are niche enough. . . you’re not going to be eaten up.” F15
summed up the broader challenge: startups can “start something very easily and get
revenue in, but very quickly you disappear again.” Collectively, these accounts suggest that
revenue sustainability hinges on defensible differentiation—either through niche focus,
proprietary data, or integration depth—rather than on AI enablement alone.

9Customer Acquisition Cost against Lifetime Value.
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Key Findings: Sustainable Revenue Streams

1. AI drives recurring revenue through stickiness and personalization: founders
report stronger customer retention and predictable renewals when AI features
create adaptive engagement loops that deepen value over time.

2. AI positioning unlocks budgets, but validation remains key: corporate buyers
currently prioritize AI spending, yet sustainable revenue depends on genuine
problem-solution fit rather than just AI branding, especially as hype cycles
mature.

3. Volatility and substitution risks threaten sustainability: platform providers can
obsolete features overnight, and simple wrapper products face high churn as
customers switch tools easily or internalize capabilities using generic models
like ChatGPT.

5.6.3. Sustainability Integration

Sustainability as Operational Efficiency Rather Than Strategic Integration

Founders who identified a positive role for AI in sustainability framed it primarily as an
enabler of operational efficiency gains, not strategic business model change. F6 argued
that “you can save so much unnecessary work if you use AI. You’re much, much more efficient,
which in turn reduces the waste of resources, which is then good also for the environment.” F10
elaborated on infrastructure optimization, noting that AI can monitor server utilization
and flag inefficiencies. However, F10 also clarified an important boundary: operational
optimization through cost discipline remains distinct from strategic product decisions,
which stay founder-driven. This framing positions sustainability as a byproduct of cost
management and productivity rather than an intentional strategic outcome enabled by
AI.

Accessibility and Exploration, But Limited Follow-Through

A smaller group saw AI as lowering the cognitive barrier to engaging with sustainability
questions in day-to-day work. F6 noted that AI makes it “easier, mild easier, because it now
makes it easier to tackle things and understand things,” while F13 emphasized accessibility:

“Even if I have no clue, I can always ask AI and say, look, this is my product and business model.
How can I make it more sustainable?” This framing emphasizes feasibility and exploration
rather than measurable impact. The underlying assumption is that reduced friction will
translate into adoption, but the evidence suggests that accessibility alone is insufficient
without aligned incentives.
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Neutral Impact of AI on Sustainability

A dominant perspective reflects skepticism about AI’s role in driving sustainability
integration. F9 stated plainly that sustainability “has nothing to do with what we’re
doing. . . it’s just cost. . . it’s super difficult for us to trace,” while F15, F16, and F17 all
reported no material impact on their operations. F7 framed this as two parallel streams:
AI-focused ventures exist alongside sustainability-focused ventures, but AI adoption in
general does not necessarily shift mindsets. The underlying issue is that AI does not
reorient incentives or KPIs; without strategic prioritization, enablement tools remain
peripheral. F17 additionally noted that AI may produce mixed environmental effects
(f.e. increased electricity use balanced by reduced travel) resulting in overall neutrality.

Market Demand and Incentive Misalignment as the Binding Constraint

The limitations of sustainability integration ultimately stem from weak market demand
and misaligned incentives. F7 offered a contrasting case in which AI can enable
sustainability outcomes: we can shape a solution that helps people with non-linear resumes or
so to find better jobs. So this will be something where I do see a positive impact.” However,
this reflects a strategic choice in which sustainability is embedded in the core value
proposition rather than treated as an add-on. More broadly, F17 articulated a blunt
market reality: Consumers. . . they don’t fucking care. They’re not even willing to pay 5
cents or 10 cents more just because it’s more sustainable.” This suggests that, absent
explicit customer willingness to pay or a regulatory mandate, sustainability remains
peripheral to founder decision-making. AI may make sustainability integration easier
to explore technically and easier to optimize operationally, but it does not inherently
shift the underlying incentive structures that determine whether sustainability becomes
embedded in business models.

AI’s Efficiency Gains Versus Its Own Infrastructure Costs

Alongside questions about sustainability integration into business models, founders
acknowledged a fundamental tension: while AI can improve operational efficiency,
the energy intensity of running AI models themselves introduces sustainability costs.
F3 offered an optimistic trajectory, noting that “the models are getting better and the
economics. . . decreasing. . . token per energy. . . is getting diminished. . . So the sustainability
is. . . increasing with AI.” F13 suggested architectural mitigation: by using open-source
LLMs instead of commercial models, they achieve “much cheaper, consume less energy
and are trained on more specific samples.” These framings emphasize that efficiency gains
are possible through design choices and continued model optimization.

However, this optimism is tempered by immediate constraints. F5 noted that early-
stage AI startups often launch with “completely 100% unsustainable” infrastructure,
“either solving it once they’re bigger, or hoping that the AI cost goes down as their customers
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go up.” F6 echoed this near-term tension: “these models need lots of energy right now in
their current state,” positioning energy intensity as a present barrier even if it resolves
with future efficiency. F16 identified a structural limitation beyond founder control:
“This is the case for every larger server solution, right? You’re always on someone’s server.
And if they have renewable energy or not, it’s not your decision.” This highlights a critical
gap—founders can optimize their resource use but cannot directly control the energy
source of their infrastructure providers.

Key Findings: Sustainability Integration

1. Sustainability gains are mostly incidental to efficiency: AI drives resource
savings primarily as a byproduct of cost optimization and operational waste
reduction rather than intentional strategic business model change.

2. Market incentives remain the binding constraint: without direct customer
willingness to pay or regulatory mandates, sustainability stays peripheral to
founder decision-making, regardless of how easy AI makes it to explore green
options.

3. AI introduces its own footprint challenges: while model efficiency is improving,
early-stage startups often rely on energy-intensive infrastructure whose renew-
able sourcing depends on cloud providers, limiting direct founder agency over
emissions.

5.6.4. Partnerships and Ecosystem Collaboration

Strategic Importance of Partnerships for Scaling

Founders framed partnerships as increasingly central to scaling as AI lowers product
development barriers. The logic is straightforward: when technology becomes cheaper
to build, differentiation shifts toward access, credibility, and trusted networks. F9
articulated this plainly: “The cost of building technology is dropping so much, having good
partnerships with people and like this network of trust is more important than it ever has been
before. . . if you don’t have like a good partnership or a network, then it can be very difficult.”
F14 reinforced this, emphasizing that partnerships are necessary “to make it grow better
right to make it grow faster,” and function as a practical cost-reduction tool: partnerships
provide “free credits from the other model. . . it also helps the startup as the first push, so that
they don’t spend so much money.” F13 extended this to institutional partnerships, noting
that “a partnership with a governing body can be a grant. . . it also helps the startup as you
know, as the first push, so that they don’t spend so much money.”

Beyond go-to-market and financing benefits, partnerships serve a critical validation
and talent-access function, particularly in domain-specific and research-intensive con-
texts. F10 illustrated the validation dimension starkly: when building AI solutions
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for sports analytics, they lack domain expertise: “I don’t understand anything about
archery. . . I don’t know the rules,” and competing AI models give conflicting guidance. In
such cases, partnerships with research institutions provide the essential seal of approval:

“The importance of having universities. . . people who understand physiology. . . who gives this seal
of approval? In my opinion, research institutions. So partnerships—if we want to deliver in our
case—we do need these partnerships.” F3 emphasized the talent and research dimension,
noting that “you have such a huge amount of talents coming from especially India and China,
working in the best universities, best research firms in the world,” and that “working with
them together has such a big impact on your startup as well.” F3 further highlighted how
partnerships enable breakthroughs: “There are breakthroughs from AI and in collaboration
with humans on a daily basis, especially I’m extremely hopeful for the health sector,” suggesting
that domain-expert partnerships unlock research progress unavailable to isolated teams.

F6 operationalized this through existing institutional relationships, describing a
scaling strategy that leverages prior employment relationships: “I’m working together
mainly with two research institutions. . . I have strong bonds there also personal these are my
friends and also ex-colleagues. . . I now have the strategy to um like it’s a scaling strategy
involving these research institutions, which means I can basically buy their service and let
them help me in my projects.” This illustrates how trusted, long-standing relationships
accelerate partnership execution and reduce coordination costs: “The process of getting
this this whole contractual basis for this done it’s so much faster than the past because we are all
no lawyers we are all rather scientific people.” The implication is that partnerships rooted
in prior trust lower friction in structuring collaborative arrangements.

F4 connected this to domain-specific opportunity creation, observing that partner-
ships with specialized firms (e.g., insurance companies in property management)
provide both data and domain grounding: “In like training AI it will be important for ex-
ample also in property management companies there’s like this insurance part for properties and
that’s one way where one might want to work together with insurance companies and develop
AIs based on that.” This positions partnerships not just as validation mechanisms but as
sources of proprietary data and domain expertise that accelerate capability building.
Across these accounts, partnerships provide the social and institutional infrastructure
(introductions, distribution channels, credibility signals, domain validation, and access
to talent and data) that cannot be generated through faster execution alone. As F16
noted, “if you’re just another AI solution, then maybe you need partnerships so that people
actually start to trust you at all,” adding to his point made in Section 5.6.2.

While one perspective suggested that AI could support partnership discovery and
competitive benchmarking, F8 noted that “AI can advise us what branding we need for this
startup, for this niche. . . what we need to do, how to. . . grow up startup in this niche,” this was
presented as advisory rather than substitutive. AI can assist with identifying relevant
partners or benchmarking competitors, but the partnership itself remains a human
and institutional process: the credibility, relationship-building, and trust transfer that
are central to scaling remain irreducibly tied to direct engagement and institutional
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validation.

Mixed or Limited Perceived Impact

In contrast, other founders described only a moderate or neutral effect of AI on
partnerships. F11 explained that while AI increases the availability of information
about potential partners and broader ecosystem developments, this ambient visibility
does not automatically translate into substantially stronger partnerships. He noted:
Positive, but not very positive because everyone is talking about the next new shit in AI
development and tech firms research institutions and so on are talking about it.” F17 framed
the effect as conditional and incremental: We have now one big partnership with one large
agency. And the impact that I see is that our product is relevant, which is leveraging a lot of
AI. . . But it’s not like a super big impact.”

A further concern centered on ecosystem saturation and attention scarcity. F12
articulated this tension directly: “I think we will see much more requests coming to other
firms. . . research institutions. . . governments. . . but you know there is also so much inefficiency
from answering all those requests because you’re spammed.” As more startups leverage AI
to reach out to potential partners, the volume of partnership requests likely increases
while actual responsiveness may decline, a dynamic F12 summarized as “very neutral
at the minute.” In this sense, AI may expand the volume of partnership attempts
while compressing actual attention and responsiveness, producing limited net gains for
founders unless they can signal legitimacy and relevance beyond generic AI positioning.

Key Findings: Partnerships and Ecosystem Collaboration

1. Partnerships become critical as AI commoditizes development: when technol-
ogy becomes cheaper to build, differentiation shifts toward access, distribution,
and trusted networks that cannot be generated through execution speed alone.

2. Institutional partners provide essential domain validation: in specialized fields
(e.g., sports analytics, healthcare), partnerships with research institutions act
as necessary external seals of approval to validate AI outputs and provide
proprietary data.

3. Trusted relationships accelerate execution: partnerships rooted in prior per-
sonal trust (e.g., ex-colleagues) bypass legal and administrative friction, allow-
ing startups to scale service delivery much faster than formal contract-based
approaches.

4. Ecosystem saturation limits outreach effectiveness: as AI tools enable mass
partnership outreach, potential partners face attention scarcity and high fil-
tering costs, reducing the success rate of generic inquiries and favoring those
with pre-existing legitimacy.
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5.6.5. Reliance on External AI Providers

Structural Dependence on External Infrastructure

Founders consistently described external infrastructure providers (cloud platforms,
model APIs, hosting services) as the de facto backbone for AI-enabled products. The
core argument is economic and competitive: small startups realistically cannot build
or host frontier-grade models in-house, making reliance on external providers the
only viable path to both competitive quality and market-viable time-to-market. F14
articulated this plainly: “How is it possible for a small startup to build their own LLMs?. . . I
would prefer external providers. . . This will also be the main way to go in the future.” F16
reinforced the universality of this pattern: “Nobody builds things in-house anymore. . . just
external, always external.” F4 quantified the constraint: “a startup without billions of
funding doesn’t have the capability. . . to develop such AI systems for LLMs,” though smaller
neural network models remain feasible to build internally.

However, a contrasting view emerged regarding European strategic autonomy. F16
argued that “I think it can only be startups” who can build competitive models in Europe,
citing Black Forest Labs as proof that “big companies, corporates, industrial players. . . in
Germany are not able. . . to do this properly.” This creates a paradox: while economic
constraints make external reliance appear necessary, strategic considerations suggest
that startups, particularly in Europe, should invest in building indigenous model
capability to reduce geopolitical dependency on US providers.

Yet most founders do not pursue this path, despite recognizing alternatives. F6 noted
that in-house infrastructure becomes necessary only when “the target audience. . . requires
stricter data protection stuff. . . then. . . we would use in-house solutions,” indicating that pri-
vacy sensitivity could drive internal builds but rarely does. F3 similarly acknowledged
that “you can also use all the American models quite easily. . . so that the data stay in your
company,” yet chose external providers regardless. This reveals why founders accept
dependency: F4 stated plainly that “we depend on US companies and have to believe them
and their data protection agreements. . . so we sort of lose control a little bit.”

The reliance on external providers thus represents a conscious trade-off rather than
an unavoidable constraint. F17 described the structure bluntly: “We’re using the mobile
bubble and they run on AWS. . . I think we will always work on cloud and always have our data
there.” F10 acknowledged both the upside and the downside: outsourcing is “a good
thing” because infrastructure providers have competitive incentives to improve, but
from “a doomsday, catastrophic point of view, it’s a bad thing. . . if Cloudflare breaks down and
our whole ecosystem is dependent on that.” F13 expressed the tension explicitly: “I need to
host somewhere. . . So negatively. . . I do want to be less reliant. Indeed.”

The implication across these accounts is that while external infrastructure is necessary
and enables rapid scaling, it consolidates both operational risk and strategic control in
the hands of a small set of large providers. Startups optimize for speed and capability
by outsourcing, but in doing so, they trade autonomy for execution—a trade that may
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be unavoidable but carries long-term strategic consequences that founders recognize
but cannot easily mitigate.

Sovereignty, Geography, and Politics

Founders identified geopolitical concentration as a structural problem that individual
firm-level decisions cannot overcome. The most capable models are offered by a small
set of US-based or globally dominant firms, and viable European alternatives do not
exist at competitive scale. F6 articulated this bluntly: “Because the really good ones are
all. . . it’s the Google, the Gemini, OpenAI, AWS, but also Anthropic. This makes this dependency
much worse. . . If the EU is able to somehow also create a European-based LLM, that is not shit.
That would be absolutely awesome.” Even motivated efforts toward European compliance
or localized data governance do not resolve the fact that frontier model capability and
competitive advantage remain concentrated outside the region.

F7 extended this to policy, emphasizing that “currently political decisions have been
taken that rather open up the gap instead of closing it. So I do see that negative as well.” This
suggests that regulatory or policy moves are amplifying rather than mitigating the
structural advantage of dominant providers, widening rather than closing Europe’s
strategic gap.

Hybrid and Context-Dependent Infrastructure Strategies

Founders described a pragmatic hybrid approach to mitigate the risks of pure external
dependency. Rather than choosing strictly between in-house or external infrastructure,
they increasingly split workloads based on task requirements: heavy, quality-critical
processing is routed to frontier models, while sensitive or routine tasks are offloaded
to smaller, self-hosted models. F9 articulated this tiered strategy clearly: “Offload some
tasks. . . download an open source model and then run it in-house. . . and then use the leading
frontier models for the more heavy processing quality focus tasks.” This allows startups to
balance performance with data privacy, as F9 noted a desire to “move as much in-house
as we possibly can especially with this increase in importance in data privacy and security.”

For some, this hybrid approach is driven by client-side constraints rather than
technical preference. F6 explained that partnering companies often refuse to let business
secrets enter the public cloud, regardless of compliance guarantees: “This has nothing
to do with any compliance rules. . . [but] that this engineering company might not want to
risk that. . . their business secrets are outside of their bounds.” In these specific contexts,
“we would use in-house solutions” to satisfy the client’s risk appetite, effectively creating
a dual-infrastructure model where external APIs serve general users and in-house
deployments serve sensitive enterprise partners.

However, founders also acknowledged that this hybrid ideal is often constrained
by sheer competitive velocity. F8 argued that building in-house capability too early
is a strategic error: “This company is not possibly because we will be in late to other
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company. . . That’s why we need to wait. . . and after that, we can get our in-house if you want.”
F9 echoed this pressure, noting that “These guys are pushing so hard on building new
things. . . Gemini 4 releases tomorrow, then you kind of still need to use Google.” This suggests
that while hybrid infrastructure is the strategic goal for risk management and privacy,
the pace of frontier model capability forces startups to remain tethered to external
providers to stay competitive in the near term.

A minority perspective suggested that the shift toward hybrid or in-house infras-
tructure may be overstated. F12 argued that while “there will be trends here and there,”
the overall dependency landscape will remain stable: “This will be a trend towards. . . less
cloud and more okay external infrastructure providers. . . there’s obviously much others smaller
collocate I think they will rise anyway overall neutral. . . I don’t think change to five years ago.”
This framing treats the move toward in-house or hybrid approaches as incremental
rebalancing rather than a fundamental shift in the reliance structure, suggesting that
even with adoption of alternative providers, startups remain dependent on external
infrastructure without substantially reducing operational or strategic risk.

Competitive Threat and Differentiation Opportunities

A recurring concern was whether large infrastructure providers would leverage their
dominance to directly compete with startups. F17 dismissed this risk, arguing that big
players lack strategic incentive: “Amazon could build whatever they want if they want to,
but it’s still far away from their core business. So why should they?” This framing treats
model capability as separate from market appetite—dominance in one domain does
not automatically translate to willingness to serve all adjacent markets.

However, founders emphasized that differentiation cannot rely on model capability
itself. F10 observed that “The models that keep coming up, smaller, faster, more efficient. . . for
me it’s a race so far that only the big players are allowed to play.” Instead, startups must
win on architecture and integration: “It’s more on the architecture that I think startups can
find the winning point or the unique value proposition. . . it’s not about the models themselves
to train, but how you put other information as a middle layer, almost like tools, almost like a
RAG.”10

10Retrieval-Augmented Generation.
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Key Findings: Reliance on External AI Providers

1. Startups depend on external providers for frontier models to remain competi-
tive, trading autonomy for speed.

2. US dominance in AI creates a structural disadvantage for European startups
that local policy cannot easily fix.

3. Founders prefer hybrid infrastructure for privacy but often revert to full
outsourcing to keep pace with rapid model updates.

4. Success relies on architectural differentiation and niche focus rather than
competing on model training itself.

5.7. Factor 5: Talent and Skills

The analysis concludes the identified factors by examining the impact of AI on talent
and organizational structure. It begins with the changing dynamics of talent attraction
(Sec. 5.7.1) and retention (Sec. 5.7.2), explores the evolving requirements for skill mixes
(Sec. 5.7.3), and finally addresses the implications for team size and hiring strategy
(Sec. 5.7.4).
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Table 5.7.: Founder rankings: Factor 5 – Talent and Skills (1–5 scale)

Founder Attract Talent Skill Mix Req. Retain Talent Team Size

F3 3 4 5
F4 4 4 4 2
F5 2 3 3 3
F6 5 4 3 1
F7 5 4 3 5
F8 4 4 2 4
F9 2 5 2 3

F10 1 5 3 5
F11 4 5 4 4
F12 4 4 3 4
F13 5 4 2 5
F14 4 4 2 4
F15 5 4 3 5
F16 4 3 3 5
F17 5 3 4 2

Median 4 4 3 4
Mean 3.80 4.00 3.07 3.71

SD 1.26 0.65 0.88 1.33

As shown in Table 5.7, founders expected AI to most strongly reshape skill require-
ments (mean 4.00, SD 0.65), indicating broad agreement that AI will shift the required
skill mix. Expectations for attracting talent and future team size were positive but
notably more heterogeneous (means 3.80 and 3.71; SD 1.26 and 1.33; team size N=14),
suggesting substantial disagreement about whether AI improves hiring conditions and
how strongly it compresses headcount. Retaining talent was rated moderately positive
(mean 3.07, SD 0.88), implying a weaker and more mixed perceived impact relative to
skill composition.

5.7.1. Attraction of Talent

AI-Enabled Search and Screening

Founders described AI as materially expanding the scale and speed of talent discovery,
enabling workflows that were previously infeasible for early-stage teams. F7 captured
the efficiency shift: “Recruiting teams in the past haven’t been able to pre-screen 300 resumes.
We can do that in real time with 300 or 3,000 resumes. We don’t care.” This reframes
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screening from a bottleneck into a non-differentiating step, shifting effort downstream
toward validation and selection.

AI also unlocks proactive, targeted sourcing. F17 illustrated this with outbound
automation: “I can tell the guy at the browser. . . find me 20 more Jacobs in Munich. . . studying
at TUM or LMU. . . And then the AI starts, goes on LinkedIn. . . everything that I did manually
before. . . I’m completely using AI for that.” Similarly, F13 noted that AI accelerates assess-
ment: “I can not only browse the Internet for candidates, but I can also just based on their CV
and the results of the interview, automate and make more perfect the process of the assessment.”

However, founders also identified offsetting costs. F12 noted that scale creates
noise: “They can help you evaluate CVs much better. . . have first conversations. . . somewhere in
between. . . because again all the spams.” F16 emphasized that broader economic conditions
matter more than tooling: “Right now. . . it’s mostly the economic situation that changes
these things.” F7 suggested that expanded access raises new challenges: “AI will give
us the opportunity to get a broader understanding of talent. . . the interpretation of talent will
be different in the future,” which signals that quality and filtering now require greater
discipline. F15 highlights “yeah it’s easier to attract because AI has displaced a lot of
jobs yeah so yeah developers are in discount these days myself,” suggesting that AI-driven
job displacement temporarily enlarges the available talent pool, improving hiring
conditions in the near term but not addressing structural talent scarcity or reducing the
long-term difficulty of building high-performing teams.

AI as a Talent Magnet

Founders described mixed effects of AI positioning on talent attraction. A positive
frame emphasizes hype and network effects: AI startups benefit from “the fact that we
are an AI startup. . . If I tell people I have an AI startup, eyes get big and it’s like, wow, nice”
(F6). F6 further noted that deep domain expertise amplifies this: “the core of my startup
consists of people who do this like more than 10 years already with neural networks. . . That is
helping a lot because people are really, yeah, really into this and it’s really attractive to them.”

Limited Change in Overall Recruiting Difficulty

A minority perspective emphasized that underlying recruiting constraints—such as
competition for talent, market conditions, and core skill availability—remain largely
unchanged by AI. F3 argued that “AI itself is not that relevant. . . it will be quite the same
because you’re just doing like a documentation, you’re just writing some announces.” This
framing treats AI-enabled screening and sourcing tools as marginal optimizations
that do not fundamentally alter the scarcity of high-quality talent or the difficulty of
attraction and retention.
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AI Complicates Candidate Evaluation

A minority concern also focused on the difficulty of distinguishing genuine capability
from tool proficiency. F5 noted that “It would make it more difficult to hire, especially in the
engineering department. . . are you really a good developer or are you just good in using coding
tools?”11 This raises a validation challenge: “The hiring process. . . needs to be adjusted to an
AI world. . . companies. . . adjusted their coding interviews.” F5 concluded that for “engineers
especially is more difficult than it was three years ago. . . it’s a little bit more difficult to really
evaluate the people.”

Key Findings: Attraction of Talent

1. AI scales talent discovery by automating sourcing and allowing pre-screening
of thousands of résumés in real time, shifting recruitment effort from search
to selection.

2. Being an "AI startup" acts as a talent magnet due to hype and domain inter-
est, though some founders attribute easier hiring more to broader economic
displacement than to AI tools themselves.

3. Evaluation has become more difficult: founders struggle to distinguish genuine
engineering competence from tool proficiency, necessitating new interview
formats to test core skills beyond AI assistance.

5.7.2. Talent Retention

AI Tooling as an Attraction and Retention Lever

Founders recognize that access to best-in-class AI models is becoming an attraction
criterion for candidates. F3 emphasized this directly: “I think for companies, it’s really
important to be as open as possible to that because students know how capable AI is and they
don’t want to work in a company where they just have access to whatever the shittiest AI model
in the world.” F3 framed this as competitiveness: “In a hard way when I know AI can do it
with my help even faster and even better than I can do it. . . if you’re open-minded to AI and use
it in your workflows in your startup, then I think it’s so attractive for students.” However,
F3 noted that model capability gaps are widening: “The models are quite close. . . but the
gap will be even bigger in the future,” suggesting that this may become an increasingly
important retention factor as capability divergence grows.

AI Empowers Attrition by Enabling Independent Building

Conversely, AI can accelerate talent loss by enabling people to become independent.
F13 noted this tension: “It can be negatively because also AI means people can do more on
11In Section 5.7.3, we will examine whether this remains relevant.
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their own. . . I have the tools at hand, I don’t need to work for anyone. I can only just build this
myself.” F14 extended this concern, observing that “Really good talented people, they’re
starting their own venture. . . people that are not able to do something really cool, they are now
able to do something really cool.” However, F17 provided a counterweight, arguing that
this risk is overstated: “Because it’s fucking hard to build a company. . . there’s a reason why
nine out of ten fail. . . the odds are very low.” This suggests that while AI lowers barriers to
founding psychologically, the structural difficulty of building a sustainable company
remains a powerful retention anchor, even among talented employees.

Retention Remains Driven by Culture and Mission

Despite these new dynamics, a group of founders argued that fundamental retention
drivers remain unchanged. F10 stated explicitly that retention is “AI neutral” and “needs
to be more about the mission, the passion of building something together.” F12 similarly noted,

“I don’t see a difference for me at the minute.” F17 reinforced that high-performer turnover
is a natural structural feature of the ecosystem, independent of AI: “The best people at
one moment, they will leave if you’re a good manager. . . because at one moment they can learn
more [elsewhere].” In this view, AI is a tool that might affect daily workflows, but not
the deeper motivations that keep talent attached to a company.

Key Findings: Talent Retention

1. Access to strong AI tools helps attract and retain talent, especially younger
candidates who expect state-of-the-art models.

2. AI makes it easier for employees to build on their own, increasing the risk that
strong performers leave to start their own ventures.

3. Overall retention is still driven more by mission, learning, and culture than by
AI-specific factors, and many founders see AI effects as early and unclear.

5.7.3. Evolving Skill Mix Requirements

Human and Soft Skills Gain Importance

Founders consistently described a shift in the skill mix as AI automates routine technical
execution: the competitive advantage moves from knowing how to do a task toward
knowing what to do next, why it matters, and whether AI output is correct. F3
captured this concisely: “The non-verbal, the communication between human will get even
more important in the future because the knowledge. . . is in the AI systems.” F13 and F6
elaborated on the underlying logic: “Because now with AI we are less dependent on technical
rules because people can write code, can learn faster and information is just there. . . I’ll just need
the people with the right mindset skills or motivation. . . they are, you know, very resourceful.
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They have critical thinking” (F13). F17 emphasized that for client-facing roles especially,
“the ability to be really, really good with people because people buy from people” is what
distinguishes execution.

Simultaneously, founders expect traditional credentials and seniority to matter less.
F7 argued that “what is written down on my CV is not worth the same than 10 years ago”
because AI-enabled learning compresses the advantage historically held by experience.
Instead, founders prioritize learning agility and what F7 termed “personal skills like
empathy, resilience, AI literacy” dispositions and capacities that help individuals adopt
AI effectively and navigate ambiguous contexts. F13 summarized this as hiring for
“critical thinking” and “resourcefulness,” capabilities that mitigate over-reliance on AI
outputs. This does not mean that pure generalists will suffice; F17 noted that “just
being a generalist and being nice is not enough.” Rather, soft skills must be paired with
analytical judgment and the ability to handle complex trade-offs.

Finally, AI enables broader team composition by lowering the barrier for non-technical
contributors to participate in technical implementation. F14 and F11 highlighted that
“non-technical people can also build products and small features,” creating opportunities
for mixed technical and non-technical teams. However, F12 and F14 also noted a
countervailing effect: as more people can execute technical work, competition intensifies
and the total demand for pure technical specialists may decline.

Technical Knowledge and Understanding Remains Important

Founders described a shift in skill expectations: AI literacy is now non-negotiable
across all roles, yet this does not eliminate but may even raise the need for technical
expertise. Digital competence is no longer sufficient. Employees across roles now need
to understand how LLM-based systems work, where they fail, and how to use them
thoughtfully. F3 highlighted: “This is shifting from having like the basic Microsoft skills
to really understanding how LLMs work. . . and how do you use it in the best way possible in
your daily lives.” F17 emphasized that teams need practical tool fluency: “You need to
be able to work with tools [and] understand what you’re doing,” with those who master AI
becoming “10 times more efficient.”

This democratizes capability across functions. F11 noted that in non-technical roles
like marketing, “you can also build other things with AI much easier,” blurring traditional
boundaries. However, F16 pushed back on the idea that this reduces technical depth:
“The importance of technical skills don’t decrease. . . they rather increase,” because deploying
AI systems remains “as complicated or maybe even more complicated as before” once real-
world constraints are factored in. F10 added that in environments where people don’t
understand what LLMs are doing, they risk leaving “doors open” for security and
compliance breaches. Thus, AI literacy functions as both a productivity tool and a
governance necessity.

Demand for specialized technical expertise will not disappear. F5 stated plainly: “I
personally don’t think that we will hire fewer engineers. . . I don’t see it happening anytime
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soon.” F9 clarified why: “The ability to spot bugs and understand what’s going on is
increasing. . . understanding code becomes vastly important. . . engineering, design, architecture
and infrastructure and big systems remain essential.” However, the middle tier is being
compressed. F12 captured this directly: “We still need those [deep technical experts], but the
middle ground is like somewhat replaced by anyone who can use AI. They can do now marketing,
sales, whatever.” F15 envisioned a “25% technical people” core with the remainder being
AI-augmented generalists, suggesting a hollowing-out of mid-level technical roles. F16
reinforced this timeline: “For a startup prototype, it’s not an issue, but it will become an
issue. . . at some point it gets so complicated that you cannot just tell AI, fix it. . . You have
to maintain it.” The result is a two-tier talent market: elite technical talent becomes
more valuable, while mid-level roles are vulnerable to displacement by AI-augmented
generalists.

New AI-Enabled Roles and Profiles Emerge

As routine work becomes easier to automate, new role profiles are emerging. F9
described this as a shift in job titles and skill requirements: “Instead of like a front end
developer, might need an AI engineer. . . instead of like a sales agent you might need like a GTM
person.” F9 also added a shift, explaining that “Right now it’s more difficult; over the coming
years. . . it will shift.” The nature of specialized work is also changing. F16 observed that

“what AI is replacing now is a lot of tedious work. . . junior developer roles,” while “senior roles,
like in terms of architecture, it’s a different story.” F7 further connected this to hybrid skill
profiles: developers will increasingly need non-technical skills because “We will have
only one software developer and this person might also talk to the clients.” Traditional job
boundaries are blurring; technical roles absorb communication and business acumen,
while non-technical roles gain capability to contribute to technical work.

However, this transition is not costless. F16 acknowledged the uncertainty: “Maybe
the software developer is just not going to be an important job anymore in the future. . . The
roles are changing, basically. . . that’s just an evolution that has to take place.”
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Key Findings: Evolving Skill Mix Requirements

1. Soft skills and judgment gain importance as AI handles routine work; com-
panies care more about what people decide and how they communicate than
about formal credentials alone.

2. AI literacy becomes a basic requirement across roles: employees need to
understand how to use LLMs effectively and safely, not just general digital
tools.

3. Deep technical experts stay crucial for architecture, scale, and reliability, while
many mid-level technical tasks can be done by AI-augmented generalists.

4. Job roles polarize toward senior and hybrid profiles, as junior and routine
tasks shrink and more people combine technical skills with communication
and client-facing work.

5.7.4. Team Size and Hiring Implications

Smaller, More Productive AI-Leveraged Teams

Founders expect team sizes to contract while productivity per person increases. The
broad consensus among founders is evident: AI enables smaller teams to do what
previously required more people. F3 captured the magnitude: “You just have to have
like a two to three man team and AI can help you get your valuations, get your revenues. . . to
attract investors. . . faster than before.” F5 extended this to new startups: “For new star-
tups, I absolutely see this trend. . . you can build something very quickly that wasn’t possible
before.” F10 quantified this for their context: “The size of the team will become smaller
and smaller, even though we are three, but I believe that with less than 10 people is more than
enough.” F11 further explained that “AI will need less people. . . because i replace systems
basically. . . software and AI replace some people or some especially tasks. . . you don’t need
more people to do the same task anymore.” F15 echoed this for technical work: “A lot of
programming is, well, AI does it for you. that’s why you need less.” F16 made it personal: “I
can handle this alone now right I can bring this to to production alone so definitely smaller.”

However, F7 acknowledged complexity in interpreting what this means. He argued
that most would frame smaller teams as negative: “We will definitely use AI as our
employees,” but he sees the outcome as positive for agility and capital efficiency. F17
tempered the expectation: “We will grow for sure. But. . . Not as much,” suggesting that
while absolute headcount may grow, growth rates will slow relative to output. F13
clarified the realistic bound: “Not that we are going from five people to three, but of course
the size will be influenced towards. . . being smaller than before.”
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Tech-Native Talent Gains Priority Over Traditional Seniority

Founders are shifting hiring preferences away from traditional seniority and credentials
toward practical AI familiarity. F3 explained the rationale: “Students know how capable
AI is, and they don’t want to work in a company where they just have access to. . . the shittiest AI
model. . . when I know AI can do it. . . faster, even better.” This creates pressure on startups to
hire people who are comfortable with AI-native workflows. F3 articulated the strategy:

“We. . . try to gradually increase the amount of people in our team, but really carefully and try to
be as AI native as possible.” F4 reinforced this generationally: “Younger developers are more
AI engaged,” suggesting that age and experience are becoming weaker predictors than
familiarity with AI-augmented development.

Talent Density and Quality Matter More Than Headcount Reduction

Not all founders expected smaller teams. F9 noted that “For a startup, I don’t think it will
make it smaller because I think the roles are changing. . . companies. . . growing their headcount
massively because they understand that the need for people is still there.” Instead, the focus
shifts to who you hire and their ability to execute under constraints. F13 made this
explicit: “At the stage at which we are in seed round, talent and skills are key. Every person
that joins the company determines whether we’re going to make it or not.” This suggests that
while AI may reduce the time and cost to evaluate candidates, it does not reduce the
importance of hiring the right people; it may even increase it by raising the performance
gap between high performers and average contributors.

One founder even framed AI not as a headcount reducer but as a capability amplifier
that justifies more hiring, not less: “I can achieve more with less people. That’s all for sure.
But also, I mean, I’m in the mindset where I’d say, okay, then let’s do more instead of do the
same with less people. . . If I hire a new talent amplified with AI, that’s massive growth. . . In my
mindset, it’s like, okay, this motivates me even more to hire more talent.” This framing sees
AI as a scaling multiplier: each new hire becomes more productive, which increases
expected return on that hire, which justifies expanding the team further. Rather than
using AI efficiency gains to downsize, founders in this mindset reinvest them into
growth and capability expansion.
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Key Findings: Team Size and Hiring

1. AI lets small teams do more work, so startups can ship products and iterate
with fewer people than before.

2. Some founders reinvest these efficiency gains into hiring, using AI to make
each new hire a stronger growth multiplier.

3. Tech-native, AI-fluent talent is preferred over traditional seniority, as tool
familiarity matters more than years of experience.

4. Overall headcount still depends on growth ambitions; roles shift and compress,
but execution and market-building remain people-intensive.

5.8. Ranking Exercise

Table 5.8.: Distribution of rankings for the five AI startup success factors (N = 15
founders).

Factor #1 #2 #3 #4 #5

Data Access and Quality 6
(40.0%)

0
(0%)

7
(46.7%)

2
(13.3%)

0
(0%)

Business Model Innovation and Sustainability 5
(33.3%)

5
(33.3%)

2
(13.3%)

2
(13.3%)

1
(6.7%)

Access to Talent and Skills 3
(20.0%)

6
(40.0%)

3
(20.0%)

1
(6.7%)

2
(13.3%)

Investor Influence and Networks 1
(6.7%)

2
(13.3%)

2
(13.3%)

8
(53.3%)

2
(13.3%)

Compliance and Ethics 0
(0%)

2
(13.3%)

1
(6.7%)

2
(13.3%)

10
(66.7%)

Overall Patterns

Three overarching patterns emerge from the ranking distribution (Table 5.8). First,
compliance and ethics is most frequently ranked last: 10 of 15 founders (66.7%) placed
it in position #5, and none ranked it #1. Second, data access and quality and business
model innovation and sustainability dominate the top positions. Data access and
quality is ranked #1 by 6 founders (40.0%) and never ranked last, while business model
innovation and sustainability appears in #1 or #2 for 10 founders (66.7%). Third, access
to talent and skills tends to cluster in intermediate ranks, whereas investor influence
and networks is most commonly placed #4 (8 founders; 53.3%).
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5.8.1. Founder Reasons Across the Five Factors

Beyond the distribution, founders’ qualitative explanations reveal consistent logics for
why factors were prioritized, as well as meaningful exceptions.

5.8.2. Data Access and Quality: Foundation and Differentiation

Founders who ranked data access and quality highly framed it as foundational for AI
value creation and, in some cases, as the main source of competitive advantage. F6
described privileged data access as the “real unfair advantage,” particularly when data is
created within a platform context and cannot be replicated by competitors. F4 similarly
ranked data first, linking it directly to product performance and “how we use AI in our
product,” emphasizing the goal of using AI to improve data quality. F11 also placed
data first, referencing efficiency in collecting and interpreting data, though without
extensive elaboration.

Other founders treated data as important but not always dominant. F9 emphasized
that quality is “super important,” while access may be becoming easier in the short term
due to the sufficient existence of external data; however, they expected internal data
to shift the constraint toward access. F10 ranked data lower due to their deep-tech
context, stating that data acquisition was tied to research partnerships accessed through
networks. F3 placed data third, describing data integration and quality as “especially
for AI startups. . . one of the most important,” but still subordinate to business model and
talent.

5.8.3. Business Model Innovation and Sustainability: Survival and
Adaptability

Multiple founders explicitly framed the business model as a survival condition. F3
ranked it first “because with other business you are not able to survive,” positioning it as
the primary viability criterion. F7 likewise ranked it first, defining business model
innovation as staying close to customers and continuously adapting to “real customer
needs.” F4 ranked it second and connected its importance to AI-driven market dynamics,
arguing that it is easier to enter new markets with AI, while business models become
“less sustainable,” increasing the need to adapt.

At the same time, not all founders emphasized innovation in the business model as
the primary driver. F9 ranked business model lower and stated they “don’t think there’s
a lot of innovation in business models right now,” explicitly placing compliance and ethics
above business model in their ordering.

5.8.4. Access to Talent and Skills: Execution Capacity and Team-Criticality

Founders ranking talent highly typically framed it as the decisive execution lever
in early stages. F13 ranked talent first and described hiring outcomes as directly
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determining venture success: “Every person that joins the company determines whether we’re
going to make it or not,” illustrating this with the replacement of a CTO during probation.
F9 similarly ranked talent first, emphasizing the need for people who can “move fast”
and “be lean.” F17 also ranked talent highest and argued that, unlike other areas, AI
does not meaningfully solve the founder’s challenge of identifying and selecting the
“best people,” making hiring judgment a persistent bottleneck.

In contrast, founders ranking talent lower framed it as endogenous to success rather
than a primary constraint. F7 ranked talent last, arguing they would “attract talent
automatically if we are successful,” highlighting that talent and skill is only a secondary
success condition for him. F15 placed talent fourth and stated they were “fairly certain”
they could find a developer if other fundamentals were solved.

5.8.5. Investor Influence and Networks: Acceleration, Visibility, and
Institutional Validation

Investor influence and networks was frequently ranked in the lower positions and
commonly described as enabling rather than core. F3 explicitly placed it fourth. F4
ranked it fourth as well, describing it as useful for investors and partnerships but
less critical than talent. F6 also ranked it lower and framed it as “mildly important,”
becoming more relevant if shifting into product-based models that require capital.

Several founders, however, treated networks as structurally critical in their specific
context. F10 ranked networks first, explaining that deep-tech progress depends on
partnerships (e.g., universities, institutional bodies) and external “seal of approval.” F13
ranked networks second, stating that without network access they would struggle to
acquire clients and investors. F15 placed networks and investors in an intermediate
position and noted that networks can function as a route to customers (e.g., customers
coming “through an investor. . . or through your network”).

5.8.6. Compliance and Ethics: Low-Ranked, With Selective Strategic
Importance

Compliance and ethics is most often ranked last and frequently described as something
to comply with rather than a current driver of success. F3 placed it fifth and framed
regulation as outside their control, describing it as a requirement to rely on and comply
with rather than a focus area. F4 similarly ranked it fifth and stated it “doesn’t matter
in the business sense” in their current B2B context, while acknowledging it may matter
in the future. F15 ranked it last in the current venture context, stating it “doesn’t pay
our bills,” while adding that they would like it to matter more and that it would rank
higher for side ideas.

However, a minority framed compliance and ethics as success-relevant through
trust and product acceptance. F7 ranked it second and linked success explicitly to
having a compliant product with “high ethical standards.” In addition, some founders
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deprioritized it in ranking while still describing it as personally or operationally
manageable: F6 stated it was not a “knocker” given their ability to interpret legal texts
and their internal ethical compass. F9’s comments further indicated variability in
perceived market salience, suggesting that some actors may “care less about it,” which
informed their comparative placement of compliance above business model.12

5.8.7. Summary

In the ranking exercise, founders most frequently justified top ranks through direct
links to product feasibility (data), viability and revenue logic (business model), and
execution capability (talent). Investor influence and networks was commonly named as
an accelerator (partnerships, visibility, capital access) with higher meaning in deep-tech
or institution-dependent contexts. Compliance and ethics was consistently described
as a requirement to be satisfied rather than a primary driver of success, with a small
subset positioning it as strategically important for trust and market acceptance.

Key Findings #21: Success Factor Rankings

1. Data and business model are seen as the two core success factors, usually
ranked in the top spots.

2. Talent ranks high for execution-heavy ventures, but some founders expect it to
follow once product and model work.

3. Investor networks are mostly viewed as accelerators rather than primary
drivers, with deep-tech as a key exception.

4. Compliance and ethics are usually ranked last, treated as required hygiene
rather than a current success lever.

5.9. Future Outlook

Across all interviews, founders expressed cautious optimism about AI’s direction for
startup growth and innovation. They consistently framed AI as a force multiplier that
collapses time-to-market and enables small teams to build products that would have
been infeasible years ago. F17 exemplified this: “The workload that I’m doing today in a
week, I would have done four years ago in a month.” F15 echoed the sentiment: “You can
just build anything you want. . . It’s a force multiplier for sure. Very optimistic about that.”

However, founders coupled this optimism with repeated, serious reservations about
three systemic dynamics that transcend individual success factors.

First, intensified competition and distorted expectations. F11 described the AI era as
“brutal, absolutely brutal,” while still concluding that the net effect is “more positive” due

12Not all founders provided detailed explanations for their ordering due to time constraints.
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to product quality and speed gains. F9 warned of a cohort that will “crash and burn very
hard,” because expectations have shifted to unrealistic levels—for example, the belief
that “serious products should be done in 15 minutes” when scaling, data handling, and
privacy still require substantial work. Multiple founders (F3, F5, F9) explicitly discussed
an “AI bubble,” with F9 pointing to “insane” deals and valuations even though having
“no product, no revenue,” describing the situation as “bonkers.” Yet F9 also stressed that
while a market correction is likely, the fundamental value AI creates is real and will
persist, in part because large companies are “too big to fail” and embedded in systemic
infrastructure.

Second, structural and societal risks. Founders raised energy sustainability concerns,
anticipating rapid data center expansion and water-intensive cooling will drive an
“energy crisis” (F3), though they also noted AI could help solve these problems. More
prominently, F3 and F16 expressed concern about regulatory friction and geopolitical
positioning. F3 argued that the EU AI Act’s transparency requirements are “not even
possible” to fulfill for large-scale models and risk diminishing Europe’s relevance in
the global AI race. F16 noted an “awakening” in tech investment but doubted whether
Europe could move fast enough to remain competitive.

Third, human governance as the critical long-term variable. Multiple founders
emphasized that AI’s impact ultimately depends on how humans deploy, verify, and
govern it. F3 stressed that “the most important skill for humans in the future will. . . be the
verification and the checking of the answers. . . not really solely rely on the AI.” F6, while calling
AI research “awesome,” acknowledged the potential for harmful misuse (propaganda,
manipulation) and therefore refrained from a simplistic positive judgment, though they
expected benefits to outweigh drawbacks over the long term. F17 highlighted that AI’s
integration into “every single department” has made certain work “ridiculous how easy,”
which amplifies both opportunity and risk depending on deployment.

Key Findings: Future Outlook

1. AI is seen as a strong force multiplier for speed and product building, even
though many founders expect an eventual correction of current hype and
valuations.

2. Near-term risks include harsher competition, inflated expectations, heavy
energy use, and especially strong regulatory friction in Europe.

3. Human judgment and governance are viewed as decisive: verification, over-
sight, and responsible deployment determine whether AI’s upside outweighs
its risks.
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5.10. Summary of Findings

This section will provide an overview of the Key Findings

Summary of Key Findings: General Section

1. Founders see AI as operationally necessary for their startups, but their ability
to use it is heavily constrained by regulation, capital access, and infrastructure.

2. These constraints are structural rather than temporary: US–EU gaps in funding,
speed, and cloud/model availability shape where companies incorporate,
which markets they target, and which providers they rely on.

3. In response, founders position strategically around institutions—using EU
compliance and sovereignty as trust signals in B2B, while adopting AI-first
product expectations to stay relevant for buyers.

4. Founders describe their agency as adaptive: they can route around constraints
(e.g., relocate, go AI-first, niche focus), but cannot fully control the ecosystem
conditions that determine how far AI potential can be realized.

Summary of Key Findings: Factor 1

1. AI significantly accelerates access to public data and improves search precision
by filtering noise.

2. AI can bridge technical barriers to restricted data (e.g., via APIs), though this
introduces security risks.

3. Structural, legal, and cost barriers remain the primary bottlenecks for accessing
proprietary or sensitive datasets.

4. AI enhances reliability primarily by automating data cleaning, structuring,
and OCR, thereby reducing manual error rates.

5. Improvements are not automatic; they require skilled prompting, hybrid
human-AI workflows, and active verification layers.

6. Significant risks remain, including model hallucinations, user overreliance,
and the degradation of online information quality.

7. Founders view AI as a powerful accelerator for integration, speeding up
connector development and enabling complex, real-time orchestration across
diverse data sources.
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8. Emerging architectures, such as event-based workflows and autonomous
agents, are shifting integration from static connections to dynamic, continuous
automation.

9. Success depends on strong data foundations: unstructured legacy data and
complex merging requirements remain significant bottlenecks that AI cannot
automatically solve.

10. Founders see synthetic data as a high-leverage way to cut costs and speed
up development, especially for exploration, model training, and early-stage
de-risking rather than production use.

11. Its value is conditional: synthetic data can embed biases, miss nuanced human
behavior, and become self-referential, so it often is treated as a complement
when real data is scarce, not a full replacement.

12. Utility is domain dependent; it is promising for tasks like computer vision but
faces fundamental sim-to-real limits in embodied systems and robotics, which
keeps founders cautious about overreliance.

Summary of Key Findings: Factor 2

1. Investors are leveraging AI to compress due diligence timelines and imple-
ment real-time monitoring of portfolio companies, potentially increasing their
operational influence.

2. AI reduces capital dependence for software startups, enabling leaner bootstrap-
ping, though hardware and asset-heavy models remain reliant on traditional
funding.

3. The investment bar has risen: as AI lowers barriers to entry, investors are
shifting focus from AI adoption itself to business fundamentals, actively
filtering out "wrapper" solutions.

4. A strong market bias favors AI startups, often easing access to capital, though
several founders warn of "insane" valuations and potential bubble dynamics.

5. AI tools significantly accelerate the fundraising process itself by streamlining
investor discovery, grant matching, and pitch customization.

6. Despite the hype, investors are increasingly demanding "traction-oriented"
evidence (MVPs, real demand) rather than funding ideas on AI narratives
alone.
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7. Relational capital remains irreplaceable: founders prioritize investors for
trusted networks, customer introductions, and navigating complex human
factors (e.g., co-founder disputes) where AI falls short.

8. AI is eroding the "general advisory" role: founders increasingly use AI to
answer foundational strategic questions, reducing dependence on investors
for basic education and problem-solving.

9. The investor role is evolving toward high-level specialization: as AI handles
routine consulting tasks, investor meetings are shifting focus to deeper, context-
specific strategy that requires human experience.

Summary of Key Findings: Factor 3

1. Founders see AI-related regulation as a growing burden that hits early-stage
startups hardest, due to limited capacity, fast-moving technology, opaque AI
workflows, and uncertainty about what being compliant actually requires.

2. AI helps founders understand and navigate regulations faster via conver-
sational querying and summarization, but is treated only as a research aid
because hallucinations, business-model nuances, and high downside risks
make it unsuitable as a compliance guarantee.

3. Compliance has become a market gate in European B2B: customers increasingly
demand detailed AI-compliance assurances, making demonstrable compliance
a prerequisite for doing business rather than a background legal formality.

4. Some founders turn compliance into a strategic differentiator via certifications
and most-compliant positioning, yet overall regulation is perceived as disad-
vantaging European startups versus US peers who can focus more on selling
than on verification cycles.

5. Founders largely view AI as a threat to privacy standards, citing increased
data exposure risks, potential for misuse, and the fundamental explainability
gap between opaque models and strict compliance rules.

6. Infrastructure choices are increasingly dictated by enterprise clients (e.g.,
mandating Azure vs. OpenAI direct), forcing startups to sacrifice architectural
sovereignty to meet customer compliance standards.

7. Conversely, AI acts as a scalable enforcer: some founders leverage AI agents
to automate data protection monitoring and implement privacy features faster
and more consistently than manual processes.
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8. Human behavior remains the weakest link: founders struggle to control what
employees or users feed into AI systems, creating persistent leakage risks
regardless of technical safeguards.

9. Founders are divided on AI’s impact on ethics: some view ethics as technology-
agnostic and rooted in company culture, while others feel intense pressure to
strengthen governance to address AI’s new risks and edge cases.

10. AI acts as a catalyst for deliberation: the speed and scale of AI adoption
force startups to explicitly reassess and formalize their ethical standards and
governance routines more frequently.

11. Ethical responsibility is distributed upstream: founders recognize that bias
and value alignments are often baked into foundation models by providers,
meaning startups inherit ethical constraints they cannot fully control.

12. Scaling risks threaten standards: AI can amplify ethical violations (e.g., mass
data exposure) or breed complacency (e.g., trusting the "black box"), necessi-
tating active human oversight to prevent improved capabilities from eroding
moral responsibility.

13. AI speeds up internal governance by automating documentation, checks, and
large-scale testing but also creates more potential failure points and attack
vectors.

14. Founders are uncertain about long-term effects and see outcomes as depending
more on organizational learning and regulation than on AI technology alone.

15. AI enables faster, more thorough compliance processes and can shorten certifi-
cation timelines when combined with human review.

16. There is potential to replace rigid, manual processes with leaner, boundary-
based governance while keeping humans in the loop for critical decisions.

Summary of Key Findings: Factor 4

1. AI enables rapid prototyping, market sensing, and opportunity scanning,
increasing the velocity and option value of business model experimentation.

2. Business model half-life is shrinking: founders continuously adjust offerings
as new foundation model capabilities emerge, while lower entry barriers
accelerate imitation and competitive churn.

3. AI supports faster competitive analysis, pricing, and positioning, but founders
warn that over-reliance can weaken creative judgment and that AI-generated

91



5.10. SUMMARY OF FINDINGS

MVPs often lack robustness for scaling without human refinement.

4. AI drives recurring revenue through stickiness and personalization: founders
report stronger customer retention and predictable renewals when AI features
create adaptive engagement loops that deepen value over time.

5. AI positioning unlocks budgets, but validation remains key: corporate buyers
currently prioritize AI spending, yet sustainable revenue depends on genuine
problem-solution fit rather than just AI branding, especially as hype cycles
mature.

6. Volatility and substitution risks threaten sustainability: platform providers can
obsolete features overnight, and simple wrapper products face high churn as
customers switch tools easily or internalize capabilities using generic models
like ChatGPT.

7. Sustainability gains are mostly incidental to efficiency: AI drives resource
savings primarily as a byproduct of cost optimization and operational waste
reduction rather than intentional strategic business model change.

8. Market incentives remain the binding constraint: without direct customer
willingness to pay or regulatory mandates, sustainability stays peripheral to
founder decision-making, regardless of how easy AI makes it to explore green
options.

9. AI introduces its own footprint challenges: while model efficiency is improving,
early-stage startups often rely on energy-intensive infrastructure whose renew-
able sourcing depends on cloud providers, limiting direct founder agency over
emissions.

10. Partnerships become critical as AI commoditizes development: when technol-
ogy becomes cheaper to build, differentiation shifts toward access, distribution,
and trusted networks that cannot be generated through execution speed alone.

11. Institutional partners provide essential domain validation: in specialized fields
(e.g., sports analytics, healthcare), partnerships with research institutions act
as necessary external seals of approval to validate AI outputs and provide
proprietary data.

12. Trusted relationships accelerate execution: partnerships rooted in prior per-
sonal trust (e.g., ex-colleagues) bypass legal and administrative friction, allow-
ing startups to scale service delivery much faster than formal contract-based
approaches.
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13. Ecosystem saturation limits outreach effectiveness: as AI tools enable mass
partnership outreach, potential partners face attention scarcity and high fil-
tering costs, reducing the success rate of generic inquiries and favoring those
with pre-existing legitimacy.

Summary of Key Findings: Factor 5

1. AI scales talent discovery by automating sourcing and allowing pre-screening
of thousands of résumés in real time, shifting recruitment effort from search
to selection.

2. Being an "AI startup" acts as a talent magnet due to hype and domain inter-
est, though some founders attribute easier hiring more to broader economic
displacement than to AI tools themselves.

3. Evaluation has become more difficult: founders struggle to distinguish genuine
engineering competence from tool proficiency, necessitating new interview
formats to test core skills beyond AI assistance.

4. Access to strong AI tools helps attract and retain talent, especially younger
candidates who expect state-of-the-art models.

5. AI makes it easier for employees to build on their own, increasing the risk that
strong performers leave to start their own ventures.

6. Overall retention is still driven more by mission, learning, and culture than by
AI-specific factors, and many founders see AI effects as early and unclear.

7. Soft skills and judgment gain importance as AI handles routine work; com-
panies care more about what people decide and how they communicate than
about formal credentials alone.

8. AI literacy becomes a basic requirement across roles: employees need to
understand how to use LLMs effectively and safely, not just general digital
tools.

9. Deep technical experts stay crucial for architecture, scale, and reliability, while
many mid-level technical tasks can be done by AI-augmented generalists.

10. Job roles polarize toward senior and hybrid profiles, as junior and routine
tasks shrink and more people combine technical skills with communication
and client-facing work.

11. AI lets small teams do more work, so startups can ship products and iterate
with fewer people than before.
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12. Some founders reinvest these efficiency gains into hiring, using AI to make
each new hire a stronger growth multiplier.

13. Tech-native, AI-fluent talent is preferred over traditional seniority, as tool
familiarity matters more than years of experience.

14. Overall headcount still depends on growth ambitions; roles shift and compress,
but execution and market-building remain people-intensive.

Summary of Key Findings: Ranking Exercise and Results

1. Data and business model dominate: founders rank data access/quality and
business model innovation in the top two—product-market fit built on data
and sustainable revenue is the survival constraint.

2. Talent is context-dependent: 60% rank it in top two, but mostly for execution-
speed-dependent ventures. Small, high-leverage teams care more than those
with strong fundamentals.

3. Investors are enablers, not drivers: 53.3% rank investor networks fourth,
treating capital and relationships as secondary to product traction. Exception:
deep tech ventures require institutional partnerships.

4. Compliance and ethics are latently important but universally deprioritized:
two-thirds rank it last as a regulatory box to check, masking an implicit
acknowledgment that ethical foundations matter long-term.

5. AI is a force multiplier for speed and product capability—but a correction
cycle is coming. Hype and unrealistic valuations will face a reckoning, though
the underlying value persists.

6. Near-term risks are real: intensified competition, energy demands, regulatory
friction (especially EU), and market instability. Founders expect turbulence,
not smooth upside.

7. Human judgment is the long-term linchpin: verification, oversight, and gov-
ernance determine whether AI amplifies opportunity or risk. Without active
human control, upside flips to downside.

8. Optimism is conditional: founders see near-term velocity gains as certain, but
long-term societal impact depends on market corrections, balanced regulation,
and sustained human authority over AI deployment.
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6. Discussion

Founders did not describe AI as a stand-alone tool whose impact can be assessed
independently of context. Instead, they framed AI as a capability whose value is medi-
ated by institutional and ecosystem conditions (e.g., access to capital, experimentation
speed, and infrastructure availability). These contextual conditions were documented in
Chapter 5 and are used here as an interpretive lens rather than repeated as additional
findings.

This chapter explains how and why AI is expected to affect each success factor,
beginning with a summary of external factors influencing founder rankings (Sec. 6.0.1),
followed by an analysis of the factors themselves (Sec. 6.1). The chapter then moves to
practical implications (Section 6.2) for founders before concluding with limitations (Sec.
6.3) that may have hindered us in our research.

A recurring cross-case theme is a necessity-constraint paradox: AI is perceived
as operationally unavoidable for competitiveness in data-intensive products, while
institutional frictions (regulation-first sequencing, bureaucratic overhead, fragmented
market access, and infrastructure dependence) limit how fully AI advantages can be
operationalized in Europe. The key point for the factor-level discussion is that this
paradox is not only about compliance bur rather about speed and scaling under external
constraints.

6.0.1. The Role of External Parameters

It makes sense to examine external parameters (acquired from Table 5.2) to explain
founder rankings. In this sample, five parameters become apparent:

• Founder Role and Function: Technical leaders (CTOs) deprioritize ethics, trust,
and partnerships (mean rating of 1.5 on a 5-point scale vs. 3.25 for CEOs) and
prefer technical independence over external infrastructure reliance, suggesting
technical founders view business and compliance dimensions as secondary to
architectural challenges. In contrast, CEO-founders weight partnership value
(4.25 vs. 3.0 on the same scale) and ethical concerns more heavily, reflecting
organizational leadership priorities. This role-based bifurcation creates different
hiring philosophies: technical founders hire deep specialists to solve technical
data and integration challenges; CEO-founders hire business development and
governance expertise to navigate partnership and regulatory landscapes.
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• Industry Sector: Pure Tech/AI founders (N=6) demonstrate strongest skepticism
toward compliance and governance, rating ethics and trust lowest (mean 2.83 on
a 5-point scale vs. 4.0 for finance founders, 3.5 for enterprise B2B) and preferring
maximum technical independence (infrastructure reliance rated 1.33). Finance
founders (N=2) prioritize trust-dependent mechanisms (privacy, ethics, and in-
vestor influence all rated 4.0 out of 5), reflecting capital and reputation sensitivity
in regulated financial services. Enterprise B2B founders emphasize scale and
structure (internal controls 4.0, team size 4.33, integration complexity 4.75 on
5-point scales), driven by customer procurement and deployment requirements.
B2C and lighter-governance founders show heterogeneous compliance priorities:
cultural sectors (HR, sports, coaching) rate ethics and trust highly (4–5 out of 5),
while others expect minimal regulatory overhead. This sector-driven variation
reflects fundamentally different defensibility conditions and scaling strategies.

• Stage and Traction: Early-stage founders prioritize speed-to-market and survival,
treating governance as a later formalization cost. More mature founders embed
governance as a core product feature, especially in regulated sectors. This creates
strategic bifurcation: early-stage founders believe move fast and fix governance
later; later-stage founders believe govern well from day one. These incompatible
beliefs drive different hiring, capital, and customer acquisition strategies.

• Organizational Size: Micro-sized ventures (15 of 17) face different capital and tal-
ent constraints than larger startups, creating two incompatible scaling strategies:
(1) Lean-and-Focuse,minimize governance overhead, target lighter-governance
markets, bootstrap minimally; (2) Governance heavy raise capital for compliance
infrastructure, target regulated markets where compliance functions as a market
gate. Micro-sized founders cannot pursue both simultaneously. Variance in com-
pliance ratings reflects which strategy they have chosen, not mere organizational
capacity.

• Founder Experience: Experienced founders (domain and AI) demonstrate explicit
control strategies (evaluation layers, verification workflows, security audits). Less
experienced founders show generalized caution or rely on external assurance.
This creates distinct hiring philosophies: experienced founders hire verification
experts and architects; less experienced founders hire generalists or seek investor
guidance. These choices affect team composition, scaling capacity, and governance
maturity.

6.1. How AI Reshapes Each Factor

The following section examines the deeper reasoning behind founder rankings across
the five factors, using sub-factor ratings and qualitative accounts to illuminate why
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founders perceive AI’s impact as variable and context-dependent.

6.1.1. Data Access and Quality: Operational Power Under Epistemic and
Governance Constraints

Founders rated AI’s impact on data integration and processing very positively and
with high consensus (mean = 4.67, median = 5, SD = 0.62). Reliability and precision
were evaluated more cautiously (mean = 3.80, median = 4, SD = 0.83), with access in
between (mean = 4.13, median = 4, SD = 0.83). This pattern indicates that AI is widely
perceived as solving the throughput problem of working with information at scale but
not uniformly solving the trust problem of producing outputs that can be relied upon
without additional controls.

The qualitative data reveals this distinction clearly. Founders repeatedly describe a
categorical shift from manually feasible with high friction to automatically scalable,
particularly when coordinating multi-source workflows. For instance, F11 characterized
the change as enabling the ability to process volumes of information that could never
be done by a human being on their own. In contrast, the higher dispersion on reliability
reflects that epistemic trust is mediated by context and organizational design rather
than by model capability alone. Founders who rated reliability neutrally stressed hallu-
cination risk and the need for systematic cross-checking, emphasizing that verification
becomes a standing human task rather than an exception (e.g., F3, F10).

Across cases, three mediators recur in founders’ reasoning and align with the ob-
served variance: (1) data regime and domain noisiness (public web environments
versus proprietary or sensitive enterprise data), (2) workflow architecture (presence of
verification layers, hybrid review routines, and evaluation practices), and (3) organi-
zational capability investment, especially data literacy and quality-control discipline.
Reliability therefore behaves less like a property of the model and more like a property
of the socio-technical system surrounding it.

This has two cross-factor implications. First, it reframes talent needs: advantage shifts
toward teams capable of operationalizing verification, monitoring, and interpretive
judgment rather than merely using AI tools. Second, it links to compliance and ethics:
governance capacity (auditability, documentation, controlled deployments) becomes an
enabling condition for capturing operational gains, particularly in European contexts
where data sensitivity and regulatory obligations constrain what can be processed in
practice.

6.1.2. Investor Influence and Networks: AI Improves Fundraising Mechanics
More Than Investor Value

Factor 2 displays a consistent asymmetry between accessing capital and the strategic
value of investors. As shown in Table 5.4, founders expected AI to improve the ability
to secure funding (mean = 3.93, median = 4, SD = 0.85), while their opinions were
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notably more divided about AI increasing the role of investors (mean = 2.80, median =
3, SD = 1.03) or investors’ strategic influence and support (mean = 3.20, median = 3,
SD = 0.94). Interpreted together, these results suggest that founders view AI primarily
as a tool and signal that can reduce fundraising frictions (discovery, targeting, pitch
preparation, visibility) but they do not uniformly believe that investors will become
more valuable partners because of AI.

The comparatively high dispersion on the role of investors (SD = 1.03) indicates strong
context dependence: founders who can leverage AI to bootstrap further (especially
software-heavy models) tend to see reduced dependency on investors, whereas founders
in capital-intensive settings (hardware, long procurement cycles, regulated domains)
continue to treat investor capital as structurally important. In this sense, AI does not
remove the investor function; it re-bundles it. Financial capital becomes less binding
for some ventures as execution costs fall, while network access, credibility signaling,
introductions, and domain-specific judgment remain scarce and therefore retain value.

A second implication concerns competitive dynamics in funding markets. The rel-
atively high mean for securing funding (3.93) coexists with qualitative accounts of
increased competition and rising baselines: AI expands the pool of fundable-looking
startups and accelerates the production of polished MVPs. This is consistent with
a shift from AI as a differentiator toward AI as expected hygiene, raising investor
screening demands for proof of genuine product depth and business-model defen-
sibility. The pattern aligns with the broader results on business model innovation:
AI increases the speed of experimentation but also increases market crowding and
shortens differentiation half-lives.

Finally, the results imply that AI may strengthen investor-side advantages (screening,
due diligence, portfolio monitoring) without necessarily improving founders’ experi-
ence of strategic support. This is a crucial nuance: AI can make investor processes faster
and more data-driven while leaving the relationship logic (trust, warm introductions,
and human judgment) largely intact. Overall, Factor 2 supports the interpretation that
AI is more likely to reshape the mechanics and information asymmetries of fundraising
than to fundamentally elevate investors as strategic partners for all startups.

6.1.3. Compliance and Ethics: Tooling Optimism Meets Institutional and
Trust Constraints

Across the four sub-dimensions of Factor 3, founders’ ratings form a consistent asym-
metry between internal execution capacity and external legitimacy constraints. Internal
governance mechanisms received the most positive assessment (mean = 3.73, median =
4, SD = 0.96), indicating that founders expect AI to materially speed up documentation,
monitoring, testing, and control routines. By contrast, founders were more skeptical
about AI improving regulatory compliance with GDPR and the EU AI Act (mean =
2.60, median = 2, SD = 1.12) and privacy and data protection standards (mean = 2.73,

98



6.1. HOW AI RESHAPES EACH FACTOR

median = 3, SD = 0.80). Ethics and trust was, on average, neutral (mean = 3.00, median
= 3) but also the most polarized dimension (SD = 1.20).

Interpreted together, this pattern suggests a capability-legitimacy gap rather than
a uniformly negative view of governance: founders generally believe AI can make
internal compliance work faster and more scalable but they do not expect the external
compliance environment to become easier. In qualitative terms, AI is treated as an
execution accelerator (summarizing regulatory texts, automating paperwork, enabling
large-scale testing), while regulation and privacy are framed as structural constraints
shaped by institutional uncertainty, opaque model behavior, third-party dependencies,
and evolving liability exposure. This mirrors the logic visible in the Data Access
and Quality factor: operational gains are widely expected but trustworthiness and
explainability remain conditional on governance architecture rather than on model
capability alone.

The dispersion patterns help explain why founders disagree so sharply on regulatory
compliance and ethics and trust. For compliance, the higher SD (1.12) indicates
two competing rationales: (1) a burden framing, where early-stage ventures perceive
compliance as a time-consuming survival risk with unclear standards and limited
organizational bandwidth, and (2) a market-gating framing, where compliance is
treated as a prerequisite for selling into European B2B and public-sector environments
and can even be converted into strategic positioning (e.g., certifications, security-first
branding). These rationales are not contradictory; they reflect different go-to-market
contexts and different exposure to regulated customers.

For ethics and trust, polarization (SD = 1.20) reflects an additional split in how
founders conceptualize the construct itself. Some founders treat ethics as largely
technology-agnostic (a stable organizational principle), leading to neutral ratings. Oth-
ers treat AI as scaling ethical risk (bias, misuse, surveillance-like capabilities, and trust
erosion), resulting in more negative or more demanding assessments. Crucially, several
accounts locate ethical constraints upstream in foundation model providers, imply-
ing that even strong internal standards do not fully restore control—an institutional
dependency that also appears in privacy and data protection concerns.

Overall, Factor 3 supports a nuanced conclusion: founders expect AI to strengthen
the operational capacity for governance but they anticipate that the cost of legiti-
macy (regulatory burden, privacy liability, and trust assurance) will remain high or
increase—especially in Europe. This has cross-factor implications for Talent and Skills
(verification, governance design, and legal and technical translation become scarce
capabilities), for Investor Influence (diligence and customer assurance increasingly
require compliance narratives), and for Business Model Sustainability (compliance
becomes a gating condition that shapes sales cycles and defensibility rather than a
background legal formality for ventures operating in Europe).
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6.1.4. Business Model Innovation and Sustainability: Acceleration With
Volatility and Platform Exposure

Factor 4 shows the clearest acceleration signature across the study: founders strongly
expect AI to expand the feasibility and speed of business model creation while simulta-
neously increasing volatility and dependency risk. As shown in Table 5.6, the two most
positively rated sub-factors are new business model creation (mean = 4.40, median = 4,
SD = 0.63) and partnership importance (mean = 4.20, median = 4, SD = 0.77), both with
relatively low dispersion, indicating broad agreement that AI compresses experimenta-
tion cycles and raises the value of ecosystem access. By contrast, sustainable revenue
streams remain positive on average but substantially more heterogeneous (mean = 3.93,
median = 4, SD = 1.10), suggesting that founders disagree on whether AI improves
durability or merely accelerates churn. Sustainability integration is moderately pos-
itive with lower dispersion (mean = 3.60, median = 4, SD = 0.63), consistent with a
shared view that AI can improve operational efficiency but does not automatically
shift strategic incentives. Finally, founders rated external infrastructure reliance as
strongly negative overall (mean = 1.50, median = 1, SD = 0.76; N = 14), indicating that
dependence on external model and cloud providers is widely perceived as a structural
vulnerability even when practically unavoidable.

The pattern implies a fundamental distinction between creation and capture. Founders
agree that AI lowers the cost of building and testing offerings (hence the high mean and
low SD for new business models) but revenue sustainability depends on whether value
is defensible beyond generic model access. This explains why sustainable revenue has
the highest variance in the factor: founders who anchor differentiation in proprietary
assets (e.g., data access, domain expertise, workflow integration, distribution, long-term
contracts) foresee stronger revenue stability, whereas founders who anticipate rapid
imitation, low switching costs, and upstream platform encroachment foresee fragility.
In effect, AI increases the option value of experimentation while shortening the half-life
of undifferentiated business models.

Partnerships rank highly not because AI directly creates partnerships but because
AI shifts where competitive advantage resides. As technical implementation becomes
cheaper and faster, differentiation migrates toward complementary assets that AI cannot
easily generate: domain validation (e.g., research institutions), trust transfer, access to
distribution and procurement channels, and privileged data. This mechanism aligns
with the broader theme observed in Factor 2: in high-uncertainty markets, relational
and institutional capital remains scarce even if information search becomes easier.

Sustainability integration exhibits a more muted but consistent story: AI is primarily
treated as an efficiency lever (cost optimization, reduced waste, resource monitoring)
rather than as a driver of deliberate sustainability strategy. The moderate mean (3.60)
and low SD (0.63) suggest agreement that AI can make doing the operational basics
easier, while the qualitative evidence indicates that deeper sustainability integration
is constrained by incentive misalignment (limited willingness-to-pay, weak KPIs, and

100



6.1. HOW AI RESHAPES EACH FACTOR

competing survival priorities). Thus, AI can reduce friction for sustainability exploration
but does not itself reorder founders’ objective functions.

The negative assessment of external infrastructure reliance (mean = 1.50) provides
the structural counterweight to the acceleration narrative. Even while founders expect
AI to expand business model feasibility, they also recognize that much of this feasibility
is mediated by a small number of external providers. This produces a recurring control
asymmetry: startups gain speed but cede autonomy, accepting exposure to vendor
policy changes, price shifts, outages, and geopolitical concentration. The prevalence
of hybrid strategies (selective in-house deployment alongside frontier APIs) can be
interpreted as an attempted mitigation rather than a resolution of this exposure.

Overall, Factor 4 suggests that AI makes business model reconfiguration easier than
business model stability. Competitive advantage is therefore expected to shift away from
merely using AI and toward building durable differentiators around AI: proprietary
data or workflow embedding (linking back to Factor 1), compliance- and trust-readiness
in regulated markets (Factor 3), partnership-based validation and access, and talent
capable of rapid iteration under governance constraints (Factor 5). In short, AI expands
the space of possible ventures but raises the bar for defensibility and increases the
penalty of platform dependence.

6.1.5. Talent and Skills: AI-Scaled Hiring, Polarized Capabilities, and
Divergent Team-Size Logics

Factor 5 displays a dual pattern: founders agree that AI will reshape what skills matter
but disagree on how labor markets and organizational size will net out. As shown in
Table 5.7, the most consistent expectation concerns shifting skill requirements (mean
= 4.00, median = 4, SD = 0.65), indicating broad consensus that AI changes baseline
competence across roles. By contrast, expectations for attracting talent (mean = 3.80,
SD = 1.26) and future team size (mean = 3.71, median = 4, SD = 1.33; N = 14) are
markedly more dispersed, reflecting fundamentally different strategic interpretations
of AI as either a headcount substitute or a growth multiplier. Retaining talent is only
moderately positive (mean = 3.07, median = 3, SD = 0.88), suggesting that founders see
AI as less determinative for retention outcomes than for hiring workflows or capability
requirements.

The low dispersion on skill-mix requirements is theoretically important: it suggests
that founders treat AI literacy as a new organizational hygiene factor. Across cases, the
perceived shift is not merely toward more technical skills but toward a reconfiguration
in which (1) AI fluency becomes baseline across functions, (2) judgment and verification
become more valuable because AI output must be assessed rather than executed blindly,
and (3) soft skills (communication, client-facing competence, sensemaking) become
relatively more important as routine execution becomes cheaper. This complements
the reliability concerns observed in Factor 1 and the governance concerns in Factor 3:
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founders increasingly frame competitive advantage as the ability to govern AI-enabled
workflows rather than merely to access them.

At the same time, the high variance on attracting talent (SD = 1.26) indicates that AI
is not perceived as uniformly improving recruiting conditions. Founders differentiate
between pipeline expansion and signal quality. AI clearly scales sourcing and screening
capacity but this scale creates noise (spam applicants, AI-assisted CV inflation) and
raises a new evaluation problem: distinguishing genuine competence from tool pro-
ficiency. In this sense, AI reduces the transaction cost of finding candidates but can
increase the cost of trustworthy assessment. Furthermore, some founders explicitly
treat the wider macroeconomic cycle as more important than tooling for overall talent
availability, which rationally produces lower ratings in cases where hiring constraints
are perceived as structural rather than procedural.

Retention’s weaker and more mixed rating (mean = 3.07) is consistent with the idea
that retention remains anchored in non-technical organizational fundamentals mission,
learning trajectory, compensation, and culture—while AI introduces two offsetting
forces. On one side, access to state-of-the-art AI tools increasingly functions as an
attraction and satisfaction criterion, especially for younger or AI-native talent. On the
other side, AI lowers the barrier to individual productivity and venture creation, making
it easier for high performers to leave and build independently, thereby increasing churn
risk. This tension helps explain why retention is not rated as strongly positive despite
optimism about AI-enabled productivity.

Team size exhibits the most polarized strategic logic (SD = 1.33). Founders fall into
two coherent camps: a compression logic and a reinvestment logic. Under compression,
AI substitutes for labor in routine execution, so startups remain smaller while output
increases (capital efficiency, speed, and bootstrapping capacity improve). Under rein-
vestment, AI increases the marginal productivity of each hire, so founders prefer to hire
more because each additional person becomes a stronger multiplier (doing more rather
than doing the same with fewer). The disagreement is not noise; it reflects different
growth ambitions, go-to-market realities, and interpretations of where bottlenecks truly
lie (building versus selling versus operating in regulated environments). This also
ties directly to Factor 2: if AI reduces dependency on capital, smaller teams become
feasible; if competition intensifies and scaling requires distribution and partnerships,
reinvesting productivity into additional headcount becomes rational.

Overall, Factor 5 suggests that AI does not remove the importance of talent; it
reprices it. Execution becomes cheaper but high-quality judgment, verification capacity,
and hybrid profiles (technical competence plus communication and context) become
more valuable. In practical terms, founders anticipate that AI will widen performance
dispersion between individuals and teams: organizations that embed AI safely and
effectively can raise output per employee substantially, while those that treat AI as
a simple substitution tool risk evaluation errors, capability gaps, and higher churn
among their best people.
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6.2. Practical Implications for Founders

The analysis reveals that simply using AI is no longer a competitive advantage. To suc-
ceed, founders must move beyond raw speed and focus on building reliable, defensible
businesses. The following recommendations can help founders scale effectively:

Treat Verification as a Core Product Feature Founders distinguish clearly between
generating content quickly and generating it correctly. Ventures should build explicit
checking routines (f.e. human review loops, automated testing, and fallback rules)
directly into the product. Verification is not just ’operational overhead’, it is essential
for reliability, especially when the AI handles sensitive data or critical decisions.

Avoid Locking Yourself into One Provider Given the risks of relying on external
giants, founders should avoid depending on a single vendor. Instead of hard-coding
one model, build a technical layer that allows you to swap between providers. Using a
mix of large external models for complex tasks and smaller internal models for privacy
is not just a technical preference it has become a necessary risk management strategy.

Build Defensibility Beyond AI While AI makes it easy to launch new products, it
also makes it easy for competitors to copy them. Founders should prioritize assets that
AI cannot easily replicate: proprietary data, deep integration into customer workflows,
strong distribution channels, and trusted partnerships. These ’moats’ are the only
protection against rapid commoditization.

Hire for Judgment, Not Just Tool Proficiency As AI tools become standard, basic
literacy is just a baseline requirement, not a differentiator. Hiring should focus on
critical thinking and judgment: can the candidate spot when the AI is wrong? Work-
sample tests should assess a candidate’s ability to verify outputs and handle security
risks, rather than just measuring how fast they can code with an assistant.

Pitch Control and Value, Not Just ’AI’ Since using AI is now the industry standard,
simply having an ’AI startup’ becomes less and less an selling point for investors.
Fundraising narratives should focus on what is hard to copy: how you control data
privacy, how you ensure compliance, and how you deliver durable value to customers
that goes beyond a simple interface on top of a standard model.

6.3. Limitations

The following limitations may have influenced the results and underlying assumptions
of this research:
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6.3. LIMITATIONS

1. Interviewer bias: All stages of the study (design of the interview guide, data
collection, transcription checking, coding, and thematic analysis) were carried
out mainly by one researcher. This increases the risk of interviewer bias during
data collection and subjective interpretation during analysis, as no inter-coder
reliability checks or independent validation of themes were conducted.

2. Limited and skewed sample: The number of interviewed founders is relatively
small, and participants were recruited through convenience channels from early-
stage AI startups. The sample is skewed toward micro-sized ventures located
mainly in Germany and neighboring European countries and operating predomi-
nantly in information-technology-related industries. As a result, the findings may
not generalize to later-stage firms and firms operating in different domains.

3. Heterogeneous domains and roles: Participants represent a range of industries
and founder roles (e.g., CEOs, co-founders, heads of specific functions). This
diversity enriches the data but also complicates comparability across cases, as
founders differ in their technical expertise, strategic responsibilities, and expo-
sure to investors or customers. Domain-specific and role-specific nuances may
therefore be blurred.

4. Self-report bias: The study relies on self-reported perceptions collected via
semi-structured interviews. Founders may have presented their companies and
AI capabilities in an overly positive way due to social-desirability concerns or
reputational considerations and may have underreported difficulties, failures, or
controversial practices.

5. Confirmation bias from adaptive probing: While the overall structure of the
interview guide was kept constant, the researcher occasionally asked targeted
follow-up questions based on insights from previous interviews (e.g., “Several
participants identified challenge X; did you encounter this as well?”). This adap-
tive probing likely deepened some themes but may also have nudged participants
toward confirming previously observed patterns, artificially increasing the promi-
nence of certain findings while making others less visible.

6. Evolving interview guide over time: The wording and emphasis of some ques-
tions were refined during the data-collection phase as the researcher became more
familiar with the topic and the startup contexts. Consequently, not all participants
responded to an identical set of prompts. Later interviews may contain richer
data on specific aspects than earlier ones, which limits the strict comparability of
responses across the full sample.

7. Role and Position: Perceptions vary by functional responsibility (CEO vs. CTO
vs. compliance officer). CEOs interact with investors and customers; CTOs
confront technical risk; compliance officers navigate regulation. Thus founders’
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6.3. LIMITATIONS

factor ratings reflect their role perspective, not just objective company constraints.
A CEO and CTO of the same company may rate compliance very differently—not
due to disagreement, but due to different binding constraints.
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7. Conclusion and Outlook

This chapter concludes the thesis by summarizing the answers to the research questions
and outlining directions for future work. The objective of this research was to identify
which success factors founders consider most critical in AI-intensive startups and to
understand how and why founders expect AI to reshape these factors in practice. By
combining a literature-derived factor framework with founder rankings and mechanism-
based interview analysis, the study contributes a structured account of where AI shifts
constraints from capability to credibility.

7.1. Answers to the Research Questions

This study combined a structured literature review with a ranking exercise and semi-
structured interviews. In total, 17 interviews were conducted in European AI startup
contexts. The first two interviews served as pilot interviews to refine the interview
guide. The remaining 15 founders constitute the core analytical sample and form the
basis for the ranking results.

The research addressed the following questions:

RQ1: What are the key success factors that shape founders’ perspectives when
integrating AI into their products and services?

RQ2: How and why do founders expect AI to positively or negatively affect each of
the success factors?

7.1.1. Answer to RQ1: Key Success Factors and Their Prioritization

RQ1 was answered by integrating prior work on AI startups and their success conditions
into a five-factor framework tailored to AI startups. The five key success factors
identified were:

1. Data Access and Quality

2. Investor Influence and Networks

3. Compliance and Ethics

4. Business Model Innovation and Sustainability

5. Talent and Skills
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7.1.2. Answer to RQ2: How and Why Founders Expect AI to Affect Each
Factor

RQ2 was answered by analyzing founders’ expectations about AI’s influence on each fac-
tor and the mechanisms founders used to justify these expectations. Overall, founders
did not describe AI as uniformly helpful or harmful. Instead, they depicted AI as an
accelerant that increases speed and capability while simultaneously increasing volatility,
dependency, and the importance of human judgment and governance.

Data Access and Quality Founders consistently framed data as foundational for
AI value creation. AI is expected to improve the throughput side of data work, es-
pecially integration, transformation, and processing, by automating tasks that were
previously slow, manual, or infeasible at scale. At the same time, founders were more
cautious about reliability and epistemic trust. AI can amplify errors, obscure prove-
nance, and create outputs whose correctness is difficult to verify without additional
controls. As a result, AI increases the need for verification practices, robust pipelines,
and organizational processes that distinguish scalable processing from trustworthy
interpretation.

Investor Influence and Networks Founders generally expected AI to improve the
mechanics of fundraising and outreach (e.g., discovery, targeting, and communication
speed), but not to fundamentally increase or decrease the strategic value of investors.
Many founders treated investors and networks as enablers, useful for acceleration,
visibility, and capital access rather than as core success conditions. Exceptions emerged
in deep-tech contexts, where networks and external validation function as structural
prerequisites (e.g., research access, credibility, and institutional partnerships). Overall,
AI reduces friction in investor-related processes but does not replace the role of trust-
based relationships or domain legitimacy.

Compliance and Ethics Founders described AI’s impact on governance as ambivalent.
AI is expected to improve internal governance execution (documentation, monitoring,
testing, and policy drafting), but also to increase the surface area of risk. Privacy and
compliance concerns intensify due to additional data flows, external provider depen-
dencies, explainability gaps, and evolving regulatory requirements. Ethical expectations
were heterogeneous: some founders viewed AI as raising the governance burden by
scaling edge cases and misuse potential, while others argued that ethical baselines are
technology-agnostic and primarily cultural. Across these views, a consistent theme is
that AI accelerates the need to formalize governance routines earlier, even if it does not
simplify the regulatory environment itself.
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Business Model Innovation and Sustainability Founders largely characterized AI
as accelerative but unstable for business models. AI compresses experimentation
cycles, supports rapid prototyping and market sensing, and lowers technical barri-
ers to building viable products. Simultaneously, it shortens differentiation windows:
imitation becomes easier, product half-life shrinks, and offerings risk being substi-
tuted or absorbed as foundation model capabilities expand. Founders emphasized
that sustainable revenue depends less on AI branding and more on durable value
(distribution, workflow integration, proprietary data, domain trust, and partnerships).
Sustainability-related effects were typically framed as incidental to efficiency rather
than as a primary strategic shift, and infrastructure dependencies create exposure to
platform shifts and geopolitical concentration in frontier-model supply.

Talent and Skills Founders did not view AI as reducing the importance of talent;
they argued that it raises the bar. AI can scale sourcing and screening, but it also makes
evaluation harder because tool proficiency can masquerade as deep competence. Many
founders expect a more polarized skill mix: routine tasks compress, AI literacy becomes
a baseline requirement, and deep experts remain critical for architecture, reliability, and
governance. Retention dynamics remain driven by mission, learning, and culture, but
AI can increase churn by making entrepreneurship and independent building easier for
high performers. Team-size expectations were predominantly one-sided: the majority
of founders anticipate smaller, high-impact teams, while only a few intend to reinvest
in additional hires because of AI-driven efficiency gains.

Synthesis Across Factors Across all five factors, founders’ narratives converge on a
central tension: AI increases speed and capability but does not eliminate constraints.
Instead, it shifts where constraints bind, from production capacity to validation, trust,
governance, and strategic defensibility. The resulting key challenge is not whether
AI enables startups to do more but whether startups can do more credibly under
regulatory, infrastructural, and competitive pressure. This reflects a broader necessity–
constraint paradox in which AI becomes operationally unavoidable while legitimacy
and dependency constraints increasingly shape what can be scaled in practice.

Ranking Exercise The ranking exercise provides a prioritization signal across these
factors. Across the 15 founders, Data Access and Quality and Business Model Innova-
tion and Sustainability dominated the top positions, while Compliance and Ethics was
most frequently ranked last. Talent and Skills was typically ranked in intermediate-
to-high positions, and Investor Influence and Networks was most often treated as an
accelerator rather than a primary driver. This pattern suggests that founders tend to
treat compliance as a threshold condition that must be satisfied to operate, rather than
as a near-term differentiator, at least at their current stage.
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Taken together, founders’ prioritization indicates that, in practice, success is perceived
to hinge first on (i) the feasibility and defensibility of the product built on data and (ii)
the viability of a business model under fast-moving AI market conditions. Execution
capacity through talent remains critical but is frequently framed as conditional on these
fundamentals. Compliance is widely treated as a necessary constraint rather than a
near-term competitive lever, despite repeated recognition that trust and governance can
become decisive for adoption in sensitive domains.

7.2. Outlook

The approach used in this thesis can be extended in several valuable directions:

1. A longitudinal replication could re-interview the same founders after six to
twelve months to observe how rankings and narratives evolve as regulation,
models, and market conditions change and as the ventures progress.

2. A domain-specific analysis could expand the sample within specific sectors
(e.g., healthcare, industrial, finance, education) to test whether the observed
domain differences are driven primarily by regulatory intensity, data sensitivity,
procurement constraints, or customer trust requirements.

3. Future work could triangulate perceptions with behavioral data by compar-
ing what founders report prioritizing with observable choices such as tooling
adoption, hiring patterns, product roadmaps, infrastructure decisions, and com-
pliance investments. This would help identify systematic gaps between beliefs
and actions.

4. Adopting a broader ecosystem perspective that includes investors, enterprise
customers, regulators, and infrastructure providers would allow researchers to
map where founder perceptions align with or diverge from other stakeholders’
expectations and constraints.

5. A survey-based validation could test the five-factor structure and the proposed
mechanisms on a larger sample, enabling robustness checks (e.g., by stage, size,
sector) and linking perceived priorities to measurable outcomes.

Overall, the outlook suggested by this work is more nuanced than a simple AI will
help” versus AI will harm” dichotomy. Founders in European contexts appear to
face a complex optimization problem: capturing speed and cost advantages while
simultaneously treating trust, privacy, and compliance as first-order constraints. From
the perspective of several founders, the EU’s emerging regulatory approach may impose
disproportionate burdens on startups, particularly if compliance costs and regulatory
uncertainty increase faster than firms’ capacity to absorb them, which could weaken
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their competitive position relative to firms in the US and China. Startups that perform
best may be those that treat these constraints not as inconveniences to minimize but as
design parameters around which scalable and credible AI products are built. At the
same time, the findings are bounded by the study’s sample composition and reliance
on self-reported perceptions; future research should therefore test which of these
perceptions predict observable outcomes as regulation, tooling, and market norms
evolve.
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A. Appendix A: Search Strings

This appendix provides the complete search strings used in the literature screening.
Because each academic database applies its own query syntax, the search logic was
adapted accordingly. The underlying conceptual search structure remained identical
across all databases, but specific operators, field identifiers, and Boolean formats were
adjusted to match the requirements of each platform.

A.1. Scopus Search String

Scopus requires the use of the TITLE-ABS-KEY operator to query titles, abstracts, and
keywords simultaneously. Logical operators (AND/OR) must be written in uppercase,
and parentheses are used to group terms.

Listing A.1: Scopus search string
TTITLE-ABS-KEY ( "ai startup" OR "ai startups" OR "artificial intelligence

startup" OR "ai venture" OR "ai entrepreneurship" OR "ai entrepreneurs" OR
"ai spinoff" OR "ai spin-off" OR "ai-based company" OR "ai firm" OR "ai
enterprise" OR "ai-driven startup" ) AND TITLE-ABS-KEY ( factor OR factors
OR driver OR drivers OR barrier OR barriers OR enabler OR enablers OR
determinant OR determinants OR challenge OR challenges OR "success factor"
OR "critical success factor" OR antecedent OR condition )

A.2. IEEE Xplore Search String

IEEE Xplore uses explicit field identifiers (e.g., "Document Title":..., "Abstract":...)
and requires each clause to be fully expanded. The database does not support multi-
field selectors such as Scopus’ TITLE-ABS-KEY, so title and abstract fields must be
queried separately.

Listing A.2: IEEE Xplore search string
(( ("Document Title":"ai startup" OR "Document Title":"ai startups" OR

"Document Title":"artificial intelligence startup" OR "Document Title":"ai
venture" OR "Document Title":"ai entrepreneurship" OR "Document Title":"ai
entrepreneurs" OR "Document Title":"ai spinoff" OR "Document Title":"ai
spin-off" OR "Document Title":"ai-based company" OR "Document Title":"ai
firm" OR "Document Title":"ai enterprise" OR "Document Title":"ai-driven
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A.3. GOOGLE SCHOLAR SEARCH STRING

startup" OR "Abstract":"ai startup" OR "Abstract":"ai startups" OR
"Abstract":"artificial intelligence startup" OR "Abstract":"ai venture" OR
"Abstract":"ai entrepreneurship" OR "Abstract":"ai entrepreneurs" OR
"Abstract":"ai spinoff" OR "Abstract":"ai spin-off" OR
"Abstract":"ai-based company" OR "Abstract":"ai firm" OR "Abstract":"ai
enterprise" OR "Abstract":"ai-driven startup") ) AND ( "Document
Title":factor OR "Document Title":factors OR "Document Title":driver OR
"Document Title":drivers OR "Document Title":barrier OR "Document
Title":barriers OR "Document Title":enabler OR "Document Title":enablers
OR "Document Title":determinant OR "Document Title":determinants OR
"Document Title":challenge OR "Document Title":challenges OR "Document
Title":"success factor" OR "Document Title":"critical success factor" OR
"Document Title":antecedent OR "Document Title":condition OR
"Abstract":factor OR "Abstract":factors OR "Abstract":driver OR
"Abstract":drivers OR "Abstract":barrier OR "Abstract":barriers OR
"Abstract":enabler OR "Abstract":enablers OR "Abstract":determinant OR
"Abstract":determinants OR "Abstract":challenge OR "Abstract":challenges
OR "Abstract":"success factor" OR "Abstract":"critical success factor" OR
"Abstract":antecedent OR "Abstract":condition ) )

A.3. Google Scholar Search String

Listing A.3: Google Scholar search string
( intitle:"ai startup" OR intitle:"ai startups" OR intitle:"artificial

intelligence startup" OR intitle:"ai venture" OR intitle:"ai
entrepreneurship" OR intitle:"ai entrepreneurs" OR intitle:"ai spinoff" OR
intitle:"ai spin-off" OR intitle:"ai-based company" OR intitle:"ai firm"
OR intitle:"ai enterprise" OR intitle:"ai-driven startup" ) AND (
intitle:factor OR intitle:factors OR intitle:driver OR intitle:drivers OR
intitle:barrier OR intitle:barriers OR intitle:enabler OR intitle:enablers
OR intitle:determinant OR intitle:determinants OR intitle:challenge OR
intitle:challenges OR intitle:"success factor" OR intitle:"critical
success factor" OR intitle:antecedent OR intitle:condition OR factor OR
factors OR driver OR drivers OR barrier OR barriers OR enabler OR enablers
OR determinant OR determinants OR challenge OR challenges OR "success
factor" OR "critical success factor" OR antecedent OR condition )

A.4. ACM Digital Library Search String

ACM Digital Library uses explicit field prefixes (Title:, Abstract:) and requires
Boolean grouping similar to IEEE. Unlike Google Scholar, ACM allows precise abstract
queries, but unlike Scopus, field names must be repeated explicitly.
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Listing A.4: ACM DL search string
((Title:("ai startup" OR "ai startups" OR "artificial intelligence startup" OR

"ai venture" OR "ai entrepreneurship" OR "ai entrepreneurs" OR "ai
spinoff" OR "ai spin-off" OR "ai-based company" OR "ai firm" OR "ai
enterprise" OR "ai-driven startup")) OR (Abstract:("ai startup" OR "ai
startups" OR "artificial intelligence startup" OR "ai venture" OR "ai
entrepreneurship" OR "ai entrepreneurs" OR "ai spinoff" OR "ai spin-off"
OR "ai-based company" OR "ai firm" OR "ai enterprise" OR "ai-driven
startup"))) AND ((Title:(factor OR factors OR driver OR drivers OR barrier
OR barriers OR enabler OR enablers OR determinant OR determinants OR
challenge OR challenges OR "success factor" OR "critical success factor"
OR antecedent OR condition)) OR (Abstract:(factor OR factors OR driver OR
drivers OR barrier OR barriers OR enabler OR enablers OR determinant OR
determinants OR challenge OR challenges OR "success factor" OR "critical
success factor" OR antecedent OR condition)))
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B. Notebook: Source queries and metadata
extraction

This excerpt documents the procedure used to (i) query Google Scholar programmat-
ically, (ii) import results exported from Scopus and IEEE Xplore, (iii) parse BibTeX
exports from ACM Digital Library, and (iv) merge and de-duplicate records into a
single dataset.

Listing B.1: Excerpt of the literature search and metadata aggregation script used to
collect, normalise, merge, and de-duplicate records from Google Scholar,
Scopus, ACM Digital Library, and IEEE Xplore.

import requests
import re
from bs4 import BeautifulSoup
import pandas as pd
import bibtexparser as bibtex

# --- Configuration -----------------------------------------------------------

TOTAL = 1330
START = 0

# Google Scholar query URL template (paginated via the "start" parameter)
ss = ""

# --- Helper functions --------------------------------------------------------

def getScholarData(url):
"""Fetch and parse a Google Scholar results page."""
headers = {

"User-Agent": (
"Mozilla/5.0!(Macintosh;!Intel!Mac!OS!X!10_15_7)!"
"AppleWebKit/537.36!(KHTML,!like!Gecko)!"
"Chrome/108.0.0.0!Safari/537.361681261652"

)
}
response = requests.get(url, headers=headers)
soup = BeautifulSoup(response.text, "html.parser")
return soup
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# --- Step 1: Google Scholar retrieval ---------------------------------------

results = []
START = 0

# Iterate through Scholar result pages and collect title, abstract snippet,
and year metadata

while START < TOTAL:
print(START)
url = ss.format(START)
soup = getScholarData(url)

for el in soup.select(".gs_r"):
try:

results.append({
"title": el.select(".gs_rt")[0].text,
"abstract": el.select(".gs_rs")[0].text.replace("\n", ""),
"year":

el.select(".gs_a")[0].text.split("-")[1].split(",")[-1].strip()
})

except IndexError:
# Skip malformed or incomplete entries
pass

print("So!far:!{}".format(len(results)))
START += 10

# Convert retrieved records to a dataframe and standardise titles and years
data = pd.DataFrame(results)
data.title = data.title.apply(lambda x: re.sub(r"[\[].*?[\]]", "", x).strip())

# Keep only records where the year is a four-digit value
data["check"] = data["year"].apply(

lambda x: re.search(r"^\d{4}$", x).string if re.search(r"^\d{4}$", x) else
None

)
data = data.dropna()
data = data.drop(["check"], axis=1)

# Add source attribution and export Scholar results
data["source"] = "Google!Scholar"
data.to_csv("/home/sjfxm/PPNLP/searches/scholar.csv", index=False)

# --- Step 2: Scopus import ---------------------------------------------------

# Load Scopus CSV export and normalise column names
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scopus = pd.read_csv("/home/sjfxm/PPNLP/searches/scopus.csv")
scopus = scopus[["Title", "Abstract", "Year"]]
scopus.columns = ["title", "abstract", "year"]
scopus["source"] = "Scopus"

# --- Step 3: ACM DL import (BibTeX) -----------------------------------------

# Parse BibTeX export and extract relevant fields (skip entries with missing
metadata)

parser = bibtex.Parser()
bibdata = parser.parse_file("/home/sjfxm/PPNLP/searches/acm.bib")

acm_results = []
for bib_id in bibdata.entries:

b = bibdata.entries[bib_id].fields
try:

acm_results.append({
"title": b["title"],
"abstract": b["abstract"],
"year": b["year"]

})
except KeyError:

pass

acm = pd.DataFrame(acm_results)
acm["source"] = "ACM!DL"

# --- Step 4: IEEE Xplore import ---------------------------------------------

# Load IEEE CSV export and normalise column names
ieee = pd.read_csv("/home/sjfxm/PPNLP/searches/ieee.csv")
ieee = ieee[["Document!Title", "Abstract", "Publication!Year"]]
ieee.columns = ["title", "abstract", "year"]
ieee["source"] = "IEEE!Xplore"

# --- Step 5: Merge and de-duplicate -----------------------------------------

# Concatenate all sources into a single dataset
all_data = pd.concat([data, scopus, acm, ieee], ignore_index=True)

# De-duplicate by title using a case-insensitive key
all_data["lower"] = all_data.title.apply(lambda x: x.lower())
all_data = all_data.drop_duplicates(["lower"], keep="last")
all_data = all_data.drop(["lower"], axis=1)

# Export merged dataset for downstream screening
all_data.to_csv("/home/sjfxm/PPNLP/results_merged.csv", index=False)
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C. Interview Guide

The following page reproduces the interview guide that was provided to participants
where possible.

Figure C.1.: Final interview guide used throughout the data collection process.
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D. Ranking Sheet

The following pages will illustrate the structure of the survey as it was presented to
participants.

Figure D.1.: Survey Slide Factor 1: Data Access and Quality
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Figure D.2.: Survey Slide Factor 2: Investor Influence and Networks
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Figure D.3.: Survey Slide Factor 3: Compliance and Ethics
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Figure D.4.: Survey Slide Factor 4: Business Model Innovation
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Figure D.5.: Survey Slide Factor 5: Talent and Skills
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Figure D.6.: Survey Slide Ranking Exercise
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E. Transcription Code

The script implements an automated transcription workflow combining speech-to-text
transcription, forced alignment, and speaker diarisation. WhisperX is used for transcrip-
tion and alignment, while Pyannote-based diarisation enables speaker attribution. The
resulting transcript is exported as a time-stamped plain-text file for further qualitative
analysis.

Listing E.1: Excerpt of the transcription pipeline used for speech-to-text transcription,
forced alignment, and speaker diarisation using WhisperX.

import whisperx
from pathlib import Path
import ssl
import warnings

# --- Environment configuration ---------------------------------------------

# Disable SSL verification (macOS-specific workaround)
ssl._create_default_https_context = ssl._create_unverified_context

# Suppress Pyannote warnings for cleaner output
warnings.filterwarnings("ignore", category=UserWarning, module="pyannote")

# --- Configuration -----------------------------------------------------------

DEVICE = "cpu"
AUDIO_PATH = "" # Path to audio file
HF_TOKEN = "" # HuggingFace access token for diarisation

SPEAKER_MAPPING = {
"SPEAKER_00": "Interviewer",
"SPEAKER_01": "Founder",

}

print("Transcribing:", AUDIO_PATH)

# --- Step 1: Load WhisperX model and transcribe ------------------------------

print("Loading!WhisperX!model...")
model = whisperx.load_model(
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"large",
device=DEVICE,
compute_type="int8",
language="en"

)
print("Model!loaded!")

print("Starting!transcription...")
result = model.transcribe(AUDIO_PATH, batch_size=32)
print(f"{len(result[’segments’])}!segments!detected!")

# --- Step 2: Forced alignment ------------------------------------------------

print("Aligning!transcription...")
align_model, metadata = whisperx.load_align_model(

language_code="en",
device=DEVICE

)
result_aligned = whisperx.align(

result["segments"],
align_model,
metadata,
AUDIO_PATH,
device=DEVICE

)
print("Alignment!completed!")

# --- Step 3: Speaker diarisation ---------------------------------------------

print("Performing!speaker!diarisation...")
diarize_model = whisperx.diarize.DiarizationPipeline(

use_auth_token=HF_TOKEN,
device=DEVICE

)
diarize_segments = diarize_model(AUDIO_PATH)
print("Speakers!detected!")

result_with_speakers = whisperx.assign_word_speakers(
diarize_segments,
result_aligned

)
print("Speaker!labels!assigned!")

# --- Step 4: Transcript generation -------------------------------------------

print(f"Generating!transcript!({len(result_with_speakers[’segments’])}!
segments)...")
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output_lines = []
total_segments = len(result_with_speakers["segments"])

for idx, seg in enumerate(result_with_speakers["segments"], start=1):
if idx % 10 == 0:

print(f"!!!Segment!{idx}/{total_segments}")

start = seg["start"]
end = seg["end"]
text = seg["text"]
speaker_id = seg.get("speaker", "UNKNOWN")
speaker_name = SPEAKER_MAPPING.get(speaker_id, speaker_id)

line = f"[{start:.1f}{end:.1f}]!{speaker_name}:!{text}"
output_lines.append(line)

print("All!segments!processed!")

# --- Step 5: Save transcript -------------------------------------------------

print("Saving!transcription...")
output_text = "\n".join(output_lines)
output_file = Path("output_transcript.txt")
output_file.write_text(output_text, encoding="utf-8")

print(f"Transcription!saved!to:!{output_file.resolve()}")
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F. Used Quotes

This Section presents the quotes that were used in the thesis to see the full codebook
click here

F-ID Quote

F13 Recently the US put in motion a fund of 200 billion to foster innovation in
AI. . . the European Commission came up with a fund. . . 1 billion. So that
tells you the extent.

F3 In our startup, we can’t really work without AI anymore.

F11 We are basically building a sales intelligence solution based on AI. . . this
task could never be done by a human being on their own.

F9 The ability to process vast amounts of information and turn it into relevant
insights for users is the biggest. . . obviously without AI, this would not
even be close to being possible to manually process thousands of articles a
day.

F5 I have seen more or less every department integrate AI in one way or
another.

F5 We do have a bi-weekly meeting where the whole company presents how
they are using AI.

F5 Could it be more? Yes. And that’s why we’re also actively pushing for it.

F3 In the future, it will be even more of the agents coming up. . . and we also
try to highly leverage them.

F11 We started using machine learning, natural language processing. . . very,
very time consuming. When starting using AI, all of this changed because
you can do so much better, you can be so much more efficient in building
things.

Continued on next page
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F-ID Quote

F9 The bureaucracy and regulation and all this stuff is a huge hurdle to, I think,
being able to compete with the US. . . Europe is lagging behind. . . the total
VC funding in the US is like 10 times all of Europe despite having a smaller
population.

F9 The bureaucracy and regulation and all this stuff is a huge hurdle to, I think,
being able to compete with the US.

F15 I see USA startups. . . [they go] business first. . . whereas [European pro-
grams] regulation comes first, documentation compliance and some sort of
bureaucracy comes first.

F7 We have applied for the Microsoft for Startups Founders Hub. . . you get
some credits on the Azure cloud. . . Why don’t we have such solutions from
European bodies?

F13 I incorporated almost a year ago here in the Netherlands and I am going
to move the company before we get funding to Delaware just because the
getting fundraising process here is too tedious.

F10 If I find something hard to overcome here. . . I can quite easily open a remote
company in Delaware. . . and still manage everything from Lisbon.

F7 We are highly dependent on solutions from the US. . . which are in contra-
diction to German or European data privacy policies.

F9 Some sort of EU incorporated. . . EU wide business entity.

F15 As easy as possible way to deploy an experiment into the market.

F7 I think the impact of AI on business or startup development is something
that. . . startups cannot manage independently where we need to have the
proper ecosystem in place.

F7 We are a German startup and we see any progress that we make in sovereign
AI technology here in Europe as a major influence for our business.

F7 They see ‘Made in Germany’ or ‘GDPR compliant’ as a good sign.

F7 If you say we are a European, a German-based solution, we are GDPR
compliant, EUAI compliant, they see this as a very important selling point.

F7 We know it may be not as good in performance right now. . . but we use
German technology because we want to be really compliant.

Continued on next page

128



F-ID Quote

F7 In B2C we are more reluctant. . . In regards of business, people are much
more aware of that.

F16 If you have a software product which is not AI-focused, it’s not as interesting
anymore. So basically, AI has to be the center of software products.

F16 Maybe three years ago, where AI wasn’t that big, this would have been
really cool. . . Nowadays you can vibe code. So people ask, “Hey, why am I
not just vibe coding and I’m done?”

F16 Users expect to interact with the prompt now. . . people expect you to build
very fast. . . if you come up with a new software which doesn’t have AI,
forget it.

F7 Access such a mass of data in such a short point of time.

F11 Very easy to get access to high quality data.

F3 With the help of AI, you have the opportunity to really gain access to data
sets that are. . . behind paywalls. . . [or] restricted API accesses. . . to build
the bridges or the connections via MCP.

F12 I believe we should not leave it to AI to connect to APIs. Um I think that’s a
massive security risk.

F5 A lot of the data that we’re dealing with is. . . not public. . . and then that
means the AI cannot be trained.

F14 Okay, I will say neutral. Yeah, because there is too much sensitive informa-
tion. So we are not allowed to use AI on the sensitive information. So we’re
allowed to, like, we use it, you know, to generate some solutions. We can
also provide, like, how the data structure looks like, but not the data itself.
So not negatively, but also not positively for now.

F17 So at the moment, basically where we get our data from is from research
panels. So it’s primary data. It’s people that we’re paying for attending
these studies.

F4 Our AI has already looked into that and automatically recognizes. . . and
this. . . produces high quality data.

F8 Step by step, I say. . . If you can see, step by step, there will be maybe
something good.
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F4 With AI we can apply OCR and convert text into structured data. . . so I
expect reliability and precision to go up.

F4 Without AI, we couldn’t use this data at all. . . that’s why I think it will
highly affect the reliability and precision of the data.

F13 Browse around Internet sources using Google, put it together manually and
there were more mistakes than now.

F14 [AI] helps you. . . to be more precise. . . [and] more reliable.

F14 On the other side you can lose track because you rely on AI too much.

F9 [AI] often does and makes things up.

F11 Reliability and precision depends on the prompt. . . when you’re writing a
very good prompt. . . then you get very reliable and precise data.

F12 Using the right systems. . . [and combining automation with] hardcoded
moderation and. . . quality checks [that can] spot inconsistencies [and] fill
gaps. . . but you need to know how to use it.

F4 AI will do a great job because of all the summarization and categorization. . .
that’s the bulk of work in getting our records into a usable state.

F5 We still do it mostly manually. . . ask AI for some data but then you just still
review it manually.

F14 If we assume that there’s an AI workflow, then of course the integration and
processing of much data will be much easier and faster.

F4 We need to enrich [product catalogs] through optical recognition using
AI. . . [using] a hybrid approach. . . first include the human at the beginning,
making very precise prompts. . . then. . . a second layer of review. . . and
then running what is called AI evaluation sheet. . . with that you can control
more or less reliability depending at the scale in which you are creating
data.

F5 Right now it’s quite difficult to get good data, and I hope AI will improve
getting good data in the future, there will be more we can feed in, even if
some of it starts out messy.
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F10 We are collecting hundreds to thousands of articles a day with scraping and
other data collection methods. And then we’re analyzing every single one
of them with AI and then extracting the kind of key parts out of that and
then turning that into custom information . . . for each user.

F17 We basically need to adjust the data with AI or with the help of AI and
answer these business questions automatically and that’s basically where
we leverage AI. . . and then of course product because everything we’re
building, we’re leveraging. . . for the data analysis, for building the product
front-end, back-end, for writing code. It’s basically included in all of these
pieces. And then sales is really about. . . building a scalable process. . . we
are using a lot of AI in email automation. . . that’s all managed by AI.

F7 The challenge that I see is that with training, that we also already right now
see that AI tends to, or generative AI tends to provide also false information.
And it becomes more and more important to divide between scientifically
proven information and data and data that has been established based on
our human, how is it called, swarm intelligence.

F12 That depends a little bit on how you use AI, right?. . . there is a kind of a
blind spot that I would attribute here to. . . certain usage of AI where you’re
going into an over reliance. . . and then reliability and precision is not. . .
guaranteed [due to] hallucinations.

F4 But I think also it’s hard to say a little bit because on the one side, there will
be much more data that we can feed in, but on the other side, somehow I
expect the data to be poor quality for a lot of cases. . . it depends a little bit
on how it develops and I think it’s hard to foresee.

F15 I instinctively feel like this is a two, that it does decrease by a little bit.
Even the data that is now accessible, I just don’t think it was that good of a
quality to begin with. And when we create the data, most likely we’ll sway
it towards worse.

F15 I guess my answer of it being either worse or neutral is scope to the next
five years. Beyond five years, ten years, I feel like intuitively I would answer
that yes, it will be better or at least as reliable as we have.

F17 It’s neutral I don’t think that reliability and precision will massively im-
prove. . . But it will also not get worse. No, definitely not. Maybe a bit
positively because you’re getting rid of all the cheaters.
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F17 The quality is quite. . . It’s always on the same level. I mean, they always
have problems with chatbots and people are trying to tweak the system. But
nevertheless, the data is quite good.

F9 I’ll give it a three because AI is not doing so much on the reliability or the
precision of it. It’s more processing it and also hallucinate after it processes
it, which it often does and makes things up. . . so yeah, I would be pretty
neutral on that right now.

F7 It’s a trap that with more data you have on hand, things become easier just
with the data. It’s important to be able to understand data.

F7 The problem was that they were not able to understand the data. They were
not able to understand, okay, what is the input of this calculation. . . And
they were not able to. . . say, okay, and the reason for having 20% of turnover
was that we closed down one of our production sites.

F7 Here we as a startup have to provide the confidence to our clients that what
we deliver as outcome is appropriate and we can explain it. And on the
other hand, we have to be able to structure the input that we provide to the
LLM in a way that the outcome makes sense for our customer needs.

F7 We can train chatbots and solutions that they provide like explanatory
information for every data. . . but. . . it’s not black and white so it always
has some shades of gray. . . it will never be able to 100% ensure that the
person understood it correctly.

F7 As long as you do it better than people from Deloitte or PWC or EY, you
will cross-check those references and research to understand where do we
have hallucination and where do we have reliable data on.

F3 The most important skill for humans in the future will. . . be the verification
and the checking of the answers. . . not really solely rely on the AI.

F5 I do trust the outcome of AI if I’m very, very precise with the prompt, but. . .
I also wouldn’t trust to integrate and process data.

F14 It helps you. . . to be more precise. . . [and make solutions] more reliable but
on the other side you can lose track because you rely on AI too much.

F10 So the information is found, the source is mentioned, then it’s more of a thing
on actually how to rate if that information is not made up or something.
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F10 I ask Perplexity for the research, I do not take it blindly.

F10 First, I do a little bit analysis by sampling. . . read one or two [papers] to
understand if it matches what it’s saying. . . The second one is actually to
compare different providers against each other. . . for them almost to do
what would be called peer review among them.

F8 We need someone to supervising the AI. . . we need to be behind this AI to
see if he cannot make some error and to fix it.

F8 Everyone makes error, same for computer. . . same if it’s 10, 20, 30 years, it’s
important to get someone behind the AI.

F6 That depends on the data set because, I mean, if I have data that is not text
and not video or audio. . . that’s totally unaffected. . . but if it’s about stuff
that people pump into the internet. . . I think that’s a problem. . . overall the
reliability and precision. . . will cancel each other out.

F14 If we assume that there’s an AI workflow, then of course the integration and
processing of much data will be much easier and faster with AI.

F13 The ability to integrate and process data from multiple sources. . . will
influence it very positively because if you think now of what retrieval
augmented generation is. . . integrating and process data from multiple
sources and using real time data. . . I think that this is very positive.

F10 The learning curve for me to import different knowledge in different ways. . .
it takes a lot of learning for me. And AI actually solves all of this.

F7 You can use so many different sources, products and combine the individual
output so you can really create integrated microservice ecosystems. . . This
hasn’t been possible prior to this breakthrough in generative AI. . . Now
we’re talking about integrated ecosystems of sales agents of whatever.

F17 It’s all about data cleaning, bringing it in the right order, and integrating it
in all processes. Yeah, massively.

F16 Just faster in building connectors. If you have multiple data sources, if
you’re scraping data from a website, you’re faster. Whatever, if you have
images and you want to connect these images to a language model. I mean,
this is very standard. So I think this is five.
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F12 The process data is the interesting one here. Um how will AI influence your
ability to process data from multiple sources? Massively like very positively.
Um, so again, um, I’d give it a four just because I believe the integrate is
very different from the processing.

F8 For me, it will be a four because I can mix a lot of shares in one time. . . we
can maybe have 1,000 information in one second.

F11 Integration and process data gets very lean and very easy . . . the integration
of different sources and the summary interpretation of them gets very very
easy.

F4 So when an entity is created, like when the user creates a property in the
software, then there’s an event and we can hook up our AI calls on that to
enrich the data. . . we have also a workflow system. . . and there are multiple
AI nodes. . . categorize that email. . . if so then the next node starts the next
AI call. . . drop an email proposal. . . to send to the insurance company. . .
or the handyman.

F3 On a weekly basis, there are new standards coming out. . . we are at the
beginning of this path, but it will be expanding quite quickly. . . with the
agents coming up. . . integration [is] even more important.

F3 If you want to have. . . a good AI solution, you need the data structuring
and data processing as one of the core competencies at the beginning.

F3 The underlying data is so unstructured and even the most advanced copilot
isn’t able to access or make sense out of the data.

F5 If AI needs to merge the data really well, and if it’s very, very specific
information, I still have my doubts.

F3 With synthetic data, you can really enhance the data quality and the preci-
sion.

F17 It’s quite costly to recruit a thousand participants for a study. . . if we
manage to produce equal quality compared to research panels. . . it will be
a huge leverage.

F6 For exploration, it’s awesome. . . creating a synthetic data set for exploring
what you need for this application. . . you basically de-risk the whole project.
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F13 Using synthetic data is sometimes not something you use for production
system, but you use it for training the models and for example AB testing.

F6 Using synthetic data for basically doing your raw models and then fine tune
them with actual data is a valid approach.

F17 100%. . . it’s not the question if, it’s just a question of when.

F12 Synthetic data is great. . . if we don’t have any real world data available and
we want to test something. . . [but] there is also a lot of bias in synthetic
data. . . [and the question is] what do we want to get out there.

F17 It’s not about just answering a survey. . . it’s really about what are the
emotions when you’re dropping a product? On which products are you
clicking? And what is really driving your decisions?

F15 AI will be used to generate a lot of data based on what AI knows, which
might be a poor quality, for example.

F15 In robotics, you have a problem of sim to real. . . it’s very hard to deploy
into reality. . . [Startups are] all mistrustful of synthetic data. . . We have
teleoperation. . . we have a robot at home. . . You can’t just simulate that.

F11 When you Google, you get a lot of trash. By using the right prompt, you are
very focused on the right datasets and relevant datasets.

F4 AI is clearly helping to bootstrap a product without investors. . . very re-
source intensive products which in the past you needed multiple employees
to get working. . . you would need an investment or funding which you can
now sort of like start out with or like keep working with AI.

F15 Slightly to the side where I will need less help from an investor, given that I
have AI.

F5 AI is all the rage. . . if you do not have any AI focus right now it is very
difficult to find investors; investors want to put money into AI startups.

F13 AI is helping you. . . helping startups become autonomous or let’s say break
even without even needing funding.

F12 1 billion revenue in less than four years. . . fully bootstrapped. . . it’s massive
if you have a small team of highly knowledgeable and highly executable
people.
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F10 There is a bias. . . I would not say a bubble. . . I would say an opportunity,
probably.

F17 Looking five, six years back, we would have never had this speed, never a
small amount of money that we needed to stand here.

F17 To be honest, it really depends what kind of startup you’re building. I mean,
if you build a hardware startup, you need a lot of capital.

F10 If it’s all software, it might be cheaper. . . [but] AR glasses, wearables. . .
takes money. . . investors are important in the cash advance.

F17 At the moment I only need the people that really can benefit me in terms of
introductions.

F12 I’m just working with with a VC who’s um saying they need three days
from um submission of their online um form to investment decision because
they’re having an AI model trained where they’re checking on signals from
your LinkedIn from you know Seamrush from many different places.

F12 I think of a big VC who’s having built systems that can integrate into your
Stripe payment, into your Google Analytics and so forth and they can spot
trend and they can say, “Hey, what the f*** is going on? Why why is this
10% down?”

F12 I think the investor um influence will grow through AI because they have
much more like the one thing in um a founding partner doesn’t or like a
an investor doesn’t have is is time right. . . So um with their systems um
kind of alerting here and there they can much more go in and um you know
provide support over there.

F15 Right so with the advent of AI I am intuitively seeing uh that it’s much
easier to build startups in lots of different spaces but I simultaneously see
that everyone is doing it so suddenly the niches are becoming smaller.

F15 So having an investor could technically put you ahead of the pack. . . and
therefore, I don’t know in which direction.

F3 The funding process to get funding will be shorter, but also less costly.

F10 AI. . . allows me to actually search for grants, search for European funds. . .
that typically for a person not using any AI tools will be hard to become
aware that they exist.
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F10 Also, when it comes to investors. . . in other geographies. . . that might be
interested in investing in AI startups. . . AI will help me do this research.

F10 Our ChatGPT for Business. . . if he finds an investor that might have an
angle, he can help me prepare the pitch. . . towards the angle that will be
better fit to that investor.

F16 If you build a pure. . . stupid wrapper around [a foundation model]. . . it’s
not very sustainable.

F6 It’s easier for investors to find startups and quickly sift through everything. . .
the rate of being detected is higher.

F9 We’re getting cold DMs every single week asking to have a call from in-
vestors. . . I don’t think this would happen if we didn’t have AI in part of
our business.

F11 Investors um always looking for um disruptive technologies so basically
everyone wants to know how we use AI. . . so the reason to to invest in us is
very AI driven. . . [making it] clearly more easy to get money from investors
by being an AI native startup.

F17 Funding, it’s fucking easy to get money. . . it’s positively, very positively
because. . . I don’t have the dependency anymore. I can select basically who
I want.

F5 Even companies that. . . don’t have that much to do with AI. . . will find an
AI angle. . . so that it’s easier to find investors.

F10 AR glasses, wearables. . . takes money. . . when it comes to hardware it’s
expensive and you need cash flow. . . investors are important in that part, in
the cash advance.

F7 This is becoming more and more the investment and investor game because
it gets easier to start a business with AI. . . you can easily turn [an idea] into
a flourishing front end.

F3 You need to have like some unique technology. . . to really gain a high
investor interest.

F4 Incumbents. . . integrate a chat window. . . which is just a chat GPT wrap-
per. . . [Depper integration is] one of the main factors we would use. . . to
get new funding from an investor.
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F14 It doesn’t necessarily help to get the funding because it’s more important
the business model that you have and not just that you leverage AI.

F14 Some of them, they’re already focused on not to invest just in [ChatGPT
wrappers].

F11 You have to have very, very good and competing arguments. . . [because]
every competition is using AI and the market is very crowded.

F16 An investor doesn’t look for AI alone. . . they’re interested in what you’re
solving.

F7 The investor game is becoming more tricky because investors have to be
very keen in really understanding what’s a real product and what’s just a
chat GPT and a nice front end.

F17 If the founders and the business model and the company are not. . . interest-
ing they wouldn’t invest.

F5 I would not check AI. . . I would go through my network. . . most of the
time you need an introduction anyway to an investor.

F4 I don’t think. . . it will change much. . . except maybe LinkedIn outreach. . .
lots of networking work is important for finding funding.

F9 Probably also being in Stockholm helps a lot. . . they’ll see that we’re there,
they’ll know that we’re connected.

F11 The investor network is still very very important so . . . i wouldn’t say that
this . . . will be changed by ai in my ability to secure funding.

F9 Connections to their people that they know. . . I may outsource some of my
questions. . . to AI. . . but aside from that, the value that an investor provides
is much more difficult for an AI to kind of capture.

F17 The primary reason wasn’t to get money. . . [but] to get access to a network
where we got basically introductions to new companies.

F16 In my opinion, you don’t just get an investor for the money. You get them
for everything else.

F12 What is important of an investor right? money for sure, but then introduc-
tions, right? Other founders who have solved problems, um clients that
might be, you know, giving feedback on your product or even adopt it.
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F12 Helping with important decisions like how do I set up my employee stock
option plan? How do I solve that challenge with my co-founder?

F12 The moment the human factor is involved, AI can only do so much.

F3 AI helps you to gain strategic benefits, but not extremely. . . this unique deep
dive knowledge from your investors, your strategic partners is extremely
important.

F5 [Investors] help you with hiring. . . [and] with sales. . . [AI does not replace
this].

F4 LLMs, OCR, transcription. . . all of this is public. . . I’m not sure where we
would get different strategic support. . . since we have a technical back-
ground.

F7 Networks in general are becoming more and more important to really
understand the reason why founders or startups have decided to build a
solution.

F10 I think that AI in a relationship that the founder has with the investors will
not change that relationship or influence. . . it will not change because I have
AI or not.

F13 I know AI is helping them give us proposals and ideas, etc. Well, static
support investors, I think it’s going to make it less relevant. . . before you
need an investor seasoned on a determining industry to solve very difficult
questions. . . as long as you are able to phrase those questions correctly, you
don’t need an investor because you can put it in Perplexity, ChatGPT, Grok
and Gemini and see which ones you like.

F15 I can always go and chat with ChatGPT about my investors and ask what
other investors would advise me. . . assuming the AI is at least 50% right. . .
it’s still useful for me to chat about this to clarify my thinking. . . basically,
at the end of the day, AI helps me learn much faster about this field of, say,
investors. . . ultimately. . . I will need less help from an investor, given that I
have AI.
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F6 Startups can do much more on their own and find things out. . . the whole
consulting part. . . when the investor is giving advice. . . can be limited to
the real juice, to the real question because there’s freed up time because
they don’t need to talk about all the basics because the startups can talk to
an AI and get the basics done on their own. . . meetings can be much more
focused and there’s more time for the real important stuff.

F5 I generally think that. . . GDPR, the AI EU Act, are more positive for larger
companies. . . It is much, much, much harder for small companies.

F17 Where this data is going, what is happening with the data, who’s using that
data.

F15 The answer is very simple. We are at an early stage. We’re fishing for the
first clients. If we waste time, we die. . . we cannot afford to spend the time
in keeping up to the AI acts and whatnot. . . make sure that you’re obviously
not leaking personal information, get the majority of things right but you
have much larger problems than regulation.

F14 There will be for sure more and more regulations and it will be harder.

F13 Yes, it is getting more difficult. . . as it stands right now, it’s negative if they
continue to release more and more regulations.

F7 We do have the trap of. . . relying on data that has been generated from an
artificial intelligence based on algorithms that none of us understands. So
AI itself is the challenge in compliance and regulations.

F7 In general, I would expect that AI will serve as a significant factor to increase
the documentation practices from companies like us.

F6 It will be much more easier to do all the paperwork because we have AI
now, but the fact that we need to do more governance and compliance stuff
puts more on our desk. . . there’s more things that someone might interpret
as, hey, you violated something.

F3 The speed of AI is so fast. . . the regulatory really needs to keep catching up.

F17 Summarize what are basically all the regulations. . . it’s not possible to know
all of them.

F3 You can see this is one of the worst regulatory-compliant frameworks. . .
because there’s so many. . . gaps in it.
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F10 AI will shape compliance in Europe very negatively. . . this kind of legisla-
tion will make startups and companies search for places that do not have
this kind of roadblocks.

F5 The US startup can really focus on selling. . . while the EU startup is still
checking if everything is compliant. . . they might bring out the product
three to six months later. . . so now they’re ahead.

F9 I would probably put that high. . . especially operating in the EU. . . because
new things are going to come out around AI it’s more difficult to stay
compliant.

F15 Assuming there’s an arms race between Europe and the US and other
countries right now, if we get more compliance requirements, Europe dies
from the vaccine.

F15 One is, in theory, AI helps me understand these things better because it lets
me learn faster. That’s the obvious thing.

F4 Some insurance companies. . . their AI had a big role for new regulations. . .
you could ask AI “what do we need to implement. . . to be compliant with
this regulation.”

F6 I think it will be much easier for me because these are things that are well-
defined in big documents. . . having a chatbot where I can just type in, okay,
I want to do this. What do I need to do in order to be compliant? And I get
an answer that I then can fact check with an expert, with an actual lawyer
or something. It’s much more efficient and easier.

F7 AI gives you the opportunity to understand what kind of regulations you
have to carry on and you have to comply with. . . from a research perspective,
it will give you the opportunity to easily understand, okay, what do we need
to deliver when we want to be XYZ compliant?

F7 The ability to comply with such regulations, may it be GDPR, EU AI, is
depending on the level of my personal knowledge. And with the help
of generative AI, I am able to quickly ramp up my knowledge in certain
spaces. . . I see a positive impact on that.

F12 Obviously, there’s a part that AI can help you with. . . going through these
regulation texts and answering to you what you want.

F14 It can also help you to deal with these regulations.
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F12 AI models miss important nuances to your business model. . . for example,
I was checking out do I need a joint controllership agreement or data
processing agreement with my clients. AI was like, whatever I said, “yeah
absolutely you need that,” made a great call.

F3 They just want to have the insurance that everything stays in Europe. . .
this is evolving even more and more in companies. . . this trend won’t be
flattened soon.

F5 If we win a new customer, they are sending us questions. . . “are you
compliant with the EU AI Act”. . . where we used to get 25 questions. . . now
20 of these 25 are regarding AI. . . if you’re not compliant, they will not do
business with you.

F3 Everything needs to be compliant first, needs to be trustworthy, needs to be
checked multiple times.

F4 Our market isn’t that relevant. . . face recognition is one thing that’s reg-
ulated. . . that isn’t really that relevant for us. . . so I’m very neutral on
that.

F6 I think building trust will be more difficult. . . it’s now so easy to build
agents. . . you build an agent that sifts through the public information
and then they craft something like this. . . things like that are eroding
trust in information of what you see. . . the generative AI is such a strong
propaganda tool. . . You can influence people.

F11 Also negative but to be honest building trust is. . . positive because building
trust is always about. . . getting the right answers for the questions, so by
using AI you get always or potentially get better answers than by not using
AI, but ethical standards is affected negatively because everybody is thinking
about okay how did an AI do that. . . so it’s kind of a negative.

F13 Standards in the end, negatively. Because if I think like everyone in a
company, this is going to include your company information in every LLM
they use to then make decisions. . . probably is not positive.

F12 If you have AI run and you don’t control it, you don’t put up the relevant
security around it. . . then it can also leak sensitive information just by
jailbreaking, talking to your LLM because everyone has an LLM out there.
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F10 If AI finds it better to lie to me and say that it’s protected. . . I will be
blinded. . . that’s my polarized version.

F9 I would probably put that pretty low as well. . . I think negative for sure. I
don’t think it’s positive at all.

F17 We’re trying to be as compliant as possible. . . but I’m sure if you put 10
lawyers in our company, they will find some loopholes where we did some
mistakes.

F7 The privacy and data protection standards. . . require higher standards of
documentation. . . as long as we do not train our own models. . . we will
never be able to 100% explain why the AI has returned content XYZ in
exactly that way.

F7 We will have to find our spot in saying, okay, this is to that extent we can
explain what has been done. . . and we have put some rules and procedures
to avoid like hallucination, to avoid like biases.

F8 AI is like a robot. If you say to him, no, don’t do that, he will not do that. . .
If you say to him, protect this data, he will protect the data. He will not
share the data with everyone.

F10 AI will help me maintain my company with strong privacy. . . it’s a hundred
people doing the job a hundred times faster, better.

F8 For me, the most dangerous thing is. . . if a hacker is coming to steal the
data. That’s the big problem for a company. . . That’s why the AI needs to
be protected. . . protect the AI and AI will protect the data. That’s a chain.

F15 I’m skeptical about process, but I’m slightly optimistic about software. . .
so AI will help me build whenever I need a privacy feature and whenever
I need data protection standards. . . I actually just want to make a more
private product. AI, I think, does help, so I am actually on a four here.

F5 We are allowed to use OpenAI on Azure with customer data, but we are not
allowed to use OpenAI directly because it’s not approved.

F3 You can also use all the American models quite easily. . . so that the data
stay in your company.
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F6 For now, this is dictated by our customers. . . all of them have their stuff in
the cloud anyways. . . those that have their stuff in the Google Cloud, then
pick Gemini. . . if we come to the conclusion that the target audience we
have in the use case requires stricter data protection stuff. . . then we would
use in-house solutions. . . if that does not play any role. . . I don’t see any
reason for in-house infrastructure.

F4 We depend on US companies and have to believe them and their data
protection agreements. . . so we sort of lose control a little bit.

F4 We have a data processing agreement. . . with OpenAI, and it isn’t much
different. . . than if we use Google Cloud or AWS.

F8 AI is like a robot. If you say to him, no, don’t do that, he will not do that. . .
If you say to him, protect this data, he will protect the data. He will not
share the data with everyone.

F10 AI will help me maintain my company with strong privacy. . . it’s a hundred
people doing the job a hundred times faster, better.

F6 Because the really good ones are all. . . it’s the Google, the Gemini, OpenAI,
AWS, but also Anthropic. This makes this dependency much worse. . . If the
EU is able to somehow also create a European-based LLM, that is not shit.
That would be absolutely awesome.

F9 Offload some tasks. . . download an open source model and then run it
in-house. . . and then use the leading frontier models for the more heavy
processing quality focus tasks.

F8 This company is not possibly because we will be in late to other company. . .
That’s why we need to wait. . . and after that, we can get our in-house if you
want.

F6 This has nothing to do with any compliance rules. . . [but] that this engi-
neering company might not want to risk that. . . their business secrets are
outside of their bounds.

F9 Move as much in-house as we possibly can especially with this increase in
importance in data privacy and security.

F7 Currently political decisions have been taken that rather open up the gap
instead of closing it. So I do see that negative as well.
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F8 For me, the most dangerous thing is. . . if a hacker is coming to steal the
data. That’s the big problem for a company. . . That’s why the AI needs to
be protected. . . protect the AI and AI will protect the data. That’s a chain.

F15 I’m skeptical about process, but I’m slightly optimistic about software. . . so
AI will help me build whenever I need a privacy feature and whenever I
need data protection standards, which might not be coming from policy, but
from, you know, I don’t want to do. . . I actually just want to make a more
private product. AI, I think, does help, so I am actually on a four here.

F7 We think it’s our responsibility to ensure that we do our best to keep up our
ethical standards, build trust.

F11 Ability to maintain strong privacy and data protection standards. . . for us
we use data also from potential buyers to provide our users with. . . this gets
better and better by using AI so it’s. . . difficult to maintain the standards.

F14 Because you cannot control if people feed AI with the data or not. You can
just ask them not to do that.

F7 AI in general will affect this negatively because we see this also right now
that some people are already scared of lawyers coming around the corner
next year and suing them for not being compliant with European AI because
we simply don’t know. We simply can’t explain what is going on. Even
though we try to do as much as possible.

F8 We need to show to the customer the AI is not alone. . . if there is someone
behind that for controlling him, customer will be more trusty.

F7 So I would say in our case, in our startup case, the evolution of AI and the
speed of evolution of AI is a push. . .

F12 For the majority of people I think we’re actually having an issue with the
ethical standards because suddenly you have this recruiting tool that is
just. . . exposing all that data or whatever.

F12 For me AI was actually a reason to go much deeper and. . . really dig deep. . .
understanding what makes a difference.

F9 These guys are pushing so hard on building new things. . . Gemini 4 releases
tomorrow, then you kind of still need to use Google.
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F17 Amazon could build whatever they want if they want to, but it’s still far
away from their core business. So why should they?

F10 The models that keep coming up, smaller, faster, more efficient. . . for me
it’s a race so far that only the big players are allowed to play.

F10 It’s more on the architecture that I think startups can find the winning point
or the unique value proposition. . . it’s not about the models themselves to
train, but how you put other information as a middle layer, almost like tools,
almost like a RAG.

F9 I’d probably say neutral. . . we’re going to always need to uphold ethical
standards to the same level, regardless of what technology is there. . . the
technology itself is not really impacting the standards.

F12 This will be a trend towards. . . less cloud and more okay external infras-
tructure providers. . . there’s obviously much others smaller collocate I think
they will rise anyway overall neutral. . . I don’t think change to five years
ago.

F17 Neutral. . . I mean, we want to have them high. I don’t see any influence
because our effort has nothing to do with AI.

F3 The ethical part is determined by people working in these organizations. So
I’m quite neutral.

F16 People don’t trust in AI. They trust a person or a company, and that’s the
same now as before.

F14 Ethical standards build trust. . . I don’t think AI will influence it.

F9 Regardless of where we’re working in rocketry or bio, I would always want
to have the highest ethical standard possible.

F12 I find it in fact a very difficult question to answer. . . neutral because of the
risks but also for those who use it wisely.

F8 I can make some researches comparing with other business model. . . asking
ChatGPT how can you compare with other company, how they make money.

F15 It feels like an arms race and it feels like, in many cases, AI gives me a lot of
data. I don’t know where it comes from, but I feel like I care less and less. . .
the efforts to uphold ethical standards will decrease.
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F8 For me the effort will be more or less because the AI will do all alone. . . We
need to show to the customer the AI is not alone. . . If there is someone, a
human, behind the AI, customers will be more trusty.

F13 It can impact positively because I can make more regular and thorough
assessments on the kind of standards we are setting and evaluate where we
stand and what are the actions that I can take to improve it.

F7 I have been asked from a colleague who is operating in the Emirates, and
he asked whether we can actively embed any bias in our solution. And I
was like, yeah, we could. So it’s depending on whom you are talking to and
the product you’re talking to.

F4 The models, if you know how they’re trained, how they’re framed, you
have all this filtering into the weights of the models as well, so the ethical
standards are. . . biased from the provider side.

F4 The training is one of the most important things how AI models behave and
the ethical part is determined by people working in these organizations.

F3 The ethical standards are biased from the provider side. . . the training is
most important for how AI models behave.

F10 The AI coach can become almost like a companion in trouble. . . you might
not even realize it, but you’re already being influenced in the ways that
ChatGPT thinks that you might be influenced.

F12 For the majority of people I think we’re actually having an issue with the
ethical standards because suddenly you have this recruiting tool that is
just. . . exposing all that data.

F6 Yeah, rather negative. . . there’s more attack vectors. . . more things that
someone might interpret as, hey, you violated something. . . if there’s more
things that you can violate and if you have a probability that’s more than
zero to violate some rule, if there’s more rules, it just goes down.

F11 So just internal system processes and controls for staying compliant with
laws and ethical standards or GDPR. . . I don’t know right now, so I would
go for a neutral.
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F8 Maybe with time, that’s why I will be neutral about this, because docu-
mentation with time is more difficult to understand. . . with time and the
progress of the AI, we will get some trust to AI to control this part of the
startup.

F13 I want to think that the intelligence that AI is bringing is going to help
establish more robust governance models. . . but then get rid of all those
processes that make organizations so stiff right now and let people really
work and only establish boundaries. . . when it’s really needed to ensure
things are governed.

F9 I would say probably change the processes themselves. . . the processes
themselves are positively changed because we can do things like a back-
ground check or writing documentation and all those things, doing HR
tasks with AI.

F7 At the end, I think that will be positive as well because if we talk about
compliance, it’s often about creating test scenarios, doing pen tests, doing
all those kind of stuff. . . You can use AI to really push this to a limit, like
saying, okay, we’ve done like 1000 of tests.

F7 In our case for example what we’ve did, we’ve used one and the same CV,
one and the same interview answers, but different names, different ethnical
backgrounds, and asked our solution to evaluate that. . . This was in a small
scale, but you could think of using AI doing that on a large scale.

F17 I think it will simplify it so positively. . . AI helps us to get basically all the
right information at one place. . . if you’re looking for information, we can
always find it.

F10 It will change very positively in terms of speed and delivery of execution.

F10 In his previous startup, security certifications were all done manually with
a consultancy company that took months and months. . . AI can probably
do it for a third of the cost, and not necessarily for a third of the results.

F15 One is, in theory, AI helps me understand these things better because it lets
me learn faster. . . learning that quickly about that one and learning when a
new regulation comes out takes effort. . . it makes it harder to answer this
question because I don’t 100% understand why.
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F12 I think good because the problem here is usually time. . . we only have so
much time as founders as small teams. . . having systems that automatically
crawl and then evaluate, make decisions and alert, put the human in the
loop. . . it’s a good thing, so positive trend.

F16 I mean, whenever you have complicated situations which are written in text,
it can help a lot.

F13 I think it will make them more thorough in some cases while allowing some
processes to get automated and therefore streamlining. . . get rid of all those
processes that make organizations so stiff.

F4 AI will help setting up. . . automated systems that trigger chains of work. . .
recognizing attackers’ attempts. . . outages. . . already recognized automati-
cally.

F3 We are finding new business opportunities on a daily basis. . . AI is extremely
helpful with that.

F5 You can get out a product in a week instead of three months. . . for new
companies, it is much. . . faster to get off the ground.

F4 It’s easier and faster to develop an MVP. . . or even the whole product. . . so
in that sense, it speeds it up.

F6 I mean, I have a friend who also has a company and they made a new
system, which is called IdeaGear.ai. . . it’s collecting all the information
from the internet and. . . creates. . . a business model canvas and lists your
competitors for your business idea. . . These tools will accelerate.

F11 Creating a business model is very positive because you can do so many
things right now by using AI.

F7 It will speed up business model re-invention in a way that we haven’t seen
before.

F17 So a new packaging, a new asset for an advertisement. . . we’re basically
making use of it. . . creating two, three new creatives in seconds, so I would
say very positively.

F10 Create new business models very positively. . . We saw usage of credits. . .
So new business models, I do believe, will emerge.
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F16 Today you have an idea for a web platform and you go to. . . and you have
it in a couple of days. And you have a prototype.

F16 So you can. . . create a business model. . . get quickly to the point to actually
see if it’s going to work out. . . That’s a huge ability boost. Like what we’ve
built, we couldn’t have built without it.

F6 And I think these will accelerate this whole process and also help with. . .
indirectly allocating resources to the right problems. . . it’s as easy as ever to
find a niche. . . where there’s problems that need to be solved.

F17 Yeah, very positively. We’re just building a new product, a new feature
inside our platform. . . one of the biggest pain points our clients have is
basically creating assets.

F14 Okay, then I’ll say positively because it will be just easier to pivot. . . I’ll say
very positively.

F13 I think this should really be more positive. . . everything that revolves into
development of new business models, sustainable practices. . . this level of
intelligence is going to help us boost anything and new business models is
within that.

F3 With every new model. . . every new innovation. . . the new business model
is evolving and AI is a huge factor of that.

F5 We did a big switch to. . . offering AI features. . . because the models are
more and more reliable, which means that we can use it in our product.

F4 Lots of business models will be more fast living or fast dying.

F9 Definitely very positively. They would not exist, the ones that we have right
now for AI. . . I would say generally positive, but with some unpredictability.

F12 So somewhere between three and four I’m on this one a little more negative
because I feel it’s our cognitive ability that we need to strengthen to be
creative and only then use AI to structure the thoughts.

F4 You can create an MVP with only AI, but. . . you shouldn’t continue devel-
oping that product then, because that’s a very bad base at the moment.
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F9 I want to say for us, because we’ll be better than all the other startups, very
high... I can definitely see it being negative because OpenAI can just release
a new thing tomorrow that destroys a sustainable revenue stream that you
had.

F7 And I see that business models will become less sustainable. We will
definitely see a turnover over here.

F15 We’re not seeing the attitude of staying with us for the long run.

F10 Sustainable as. . . yeah, consistent cash flow. . . I put neutral, because the
very positively would come if you actually have software as a service –
predictive revenue – so you understand how much you need to put in in
order to have sustainable revenue. . . I would not see the AI do it, because
people change providers nowadays. . . if I do not engage you enough, it’s
so easy for another one to come immediately and do something new that
will be the new hot thing. . . I don’t think it will be sustainable in terms of
predictable.

F16 Maybe you start something very easily and you get revenue in, but very
quickly you disappear again. . . The turnover is higher.

F3 You’re not only getting one-time revenue, but you can really gain MRR,
ARR. . . because the AI. . . keeps them engaged and upselling all the time.

F4 I would say also very positively because it can save your time if you want
also to optimize something, or also for the outreach to find the client. . .
shape your approach to integrating sustainability to your presence.

F17 The stickiness of the platform is very, very big. . . all these clients now gave
us basically the feedback that they want to continue.

F5 Companies are asking for AI features. . . Companies have AI budget. . . if
you don’t offer an AI functionality, it is very hard to budget. . . there is not
that much budget left for non-AI products.

F8 I will be again at four. Because with AI, we can make a branding. . . it can
help us to make a branding that can be more good than other companies. . .
If the company has a good branding, the customer will be more closely to
understand what we say, what we put on the market.
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F12 It’s positive sustainability. . . it’s able to discover certain things around the
supply chain that maybe you have not found out with a website that is
specialized on that. . . because it can crawl.

F14 Maybe first like ideation thing, because sometimes when you don’t have the
idea when you’re also talking with the client, AI can help you with that. . .
it can already give you some kind of inputs which might be helpful.

F6 I think it’s easier, mild easier, because it now makes it easier to tackle things
and understand things.

F13 Approach to integrating sustainability into your business. . . even if I have
no clue, I can always ask AI and say, look, this is my product and business
model. How can I make it more sustainable?

F9 Neutral. . . none of what we’re doing has anything to do with this really. . .
it’s just cost. . . it’s super difficult for us to trace. . . we can’t really get into
our decision making at this point.

F7 In regards of sustainability and environmental, I don’t know whether this
will cause any major changes. . . we’re talking about two parallel streams. . .
I don’t know whether AI in general will help us to build more impactful
business models regarding that.

F17 I would put it in neutral. . . yes, we need more electricity, but compared
to five, six years ago, I’m traveling much less. . . you can do a lot of stuff
digitally.

F17 Zero impact. Really, sustainability is. . . I don’t even think about it for our
business.

F16 Too small to answer this. . . AI is not helping me with that. . . But AI is also
not changing that.

F15 Right now, I’m neutral. I don’t think I’ve seen any impact on that in my
startup.

F7 If we talk about social sustainability in regards of our business case, it will
definitely help us because we can shape a solution that helps people with
non-linear resumes to find better jobs.

Continued on next page

152



F-ID Quote

F17 Nowadays, consumers. . . they don’t fucking care. They’re not even willing
to pay 5 cents or 10 cents more just because it’s more sustainable. . . there
are many more factors that are more important than sustainability.

F6 You can save so much unnecessary work if you use AI. You’re much, much
more efficient, which in turn reduces the waste of resources, which is then
good also for the environment.

F10 If my AI coach runs on AWS and it’s spending 10,000 euros in servers per
month, please do optimize it. . . So it comes to operations: did we manage to
use all that RAM, all that server power? No. So it becomes more sustainable,
more efficient. An AI will do that part. . . For product decisions then it’s up
to me.

F3 The models are getting better and the economics decreasing. . . token per
energy is getting diminished. . . So the sustainability is increasing with AI.

F5 They made an AI call. . . and that is completely 100% unsustainable. . . they
either solve it once they’re bigger, or they’re hoping that the AI cost goes
down as their customers go up.

F13 Instead of using commercial LLMs like Gemini etc., we use open-source
LLMs which are much cheaper, consume less energy and are trained on
more specific samples.

F6 These models need lots of energy right now in their current state. . . these
things are in their current state very energy hungry.

F16 This is the case for every larger server solution, right? You’re always on
someone’s server. And if they have renewable energy or not, it’s not your
decision.

F9 The cost of building technology is dropping so much, having good partner-
ships with people and this network of trust is more important than it ever
has been before. . . if you don’t have a good partnership or a network, then
it can be very difficult.

F14 Startups are growing. . . there is a need of the partnerships to make it grow
better, to make it grow faster. . . you can use some free credits from the other
model. . . it also helps the startup as the first push, so that they don’t spend
so much money.
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F13 The role of partnerships with other tech firms, research institutions is
shaping how a startup grows. . . a partnership with a governing body can
be a grant. . . it also helps the startup as the first push, so that they don’t
spend so much money.

F10 We do partner with research institutions in the United States, in Europe,
government bodies. . . because it comes actually to the accountability of
it. . . The importance of having universities, people who understand physiol-
ogy. . . who gives this seal of approval? In my opinion, research institutions.
So partnerships – if we want to deliver in our case – we do need these
partnerships.

F3 Branding ourselves as the most compliant and one of the most secure
startups in Europe or in Germany.

F3 You have such a huge amount of talents coming from especially India and
China, working in the best universities, best research firms in the world. . .
There are breakthroughs from AI and in collaboration with humans on a
daily basis. . . working with them together has such a big impact on your
startup as well.

F3 ISO certification this year to be fully certified for all the data structuring,
data processing, data storage and everything.

F6 I’m working together mainly with two research institutions. . . I have strong
bonds there, also personal, these are my friends and also ex-colleagues. . .
it’s a scaling strategy involving these research institutions. . . the process of
getting this whole contractual basis done is so much faster than in the past.

F4 In training AI it will be important, for example, in property management
companies. . . there’s this insurance part for properties and that’s one way
where one might want to work together with insurance companies and
develop AIs based on that.

F16 If you’re just another AI solution, then maybe you need partnerships so that
people actually start to trust you at all.

F8 AI can advise us what branding we need for this startup, for this niche. . .
what we need to do, how to grow a startup in this niche. . . he would
compare other companies in this niche to be a new picture in this niche.
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F11 Positive, but not very positive because everyone is talking about the next
new shit in AI development and tech firms, research institutions and so on
are talking about it, and this is the most important topic right now, so you
can gain a lot of information about it.

F17 We have now one big partnership with one large agency. . . our product
is relevant, which is leveraging a lot of AI. . . I would say, yes, there is an
impact. But it’s not like a super big impact.

F12 I think we will see much more requests coming to other firms. . . ‘hey,
we should partner’ or business development requests or ‘hey, research
institution, I want to be part of your funding program’ or ‘hey, government,
I want to be part’. . . but there is also so much inefficiency from answering
all those requests because you’re spammed. . . so it’s very neutral at the
minute.

F14 How is it possible for a small startup to build their own LLMs?. . . I would
prefer external providers. . . This will also be the main way to go in the
future.

F13 My reliance is going to be higher because I need to host somewhere. . . So
negatively. . . I do want to be less reliant, indeed.

F7 We see a risk of having no sufficient sovereign or European solutions. . . we
could train our own small language model, but compared to the outcome
that is delivered by those you mentioned, we are far behind. . . We see a
dependency. We are relying, we are depending on them.

F17 Completely. I mean, it’s the backbone. . . we will always work on cloud and
always have our data there.

F10 We start to outsource. We become more and more reliant on this. . . in my
opinion and experience, it’s a good thing. . . If I want to see it in a doomsday,
catastrophic point of view, it’s a bad thing. . . you’ll be more and more
reliant on these infrastructures. . . and yes, if Cloudflare breaks down and
our whole ecosystem is dependent on that, that’s a bad thing.

F16 Big companies, corporates, industrial players. . . in Germany are not able. . .
to do this properly.

F16 Oh, very, very strongly. . . nobody builds things in-house anymore. . . just
external, always external.
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F15 You can get very cheap servers. . . right now, I’m using OpenAI tokens every
day and I’m not stuck.

F5 In order to use a subprocessor, your customers need to agree that you can
use that subprocessor. . . all of our customers already automatically agree to
Azure. . . They already agree to AWS. . . They haven’t agreed to OpenAI. . .
we are allowed to use OpenAI on Azure with customer data, but we are not
allowed to use OpenAI directly because it’s not approved. . . it will positively
affect our reliance on these providers. . . But you will never be able to avoid
the large language models.

F4 A startup without billions of funding doesn’t have the capability to develop
such AI systems for LLMs. . . smaller categorizations on neural networks
are still a lot easier to develop, and you won’t need to rely on other firms
for that, but for LLMs, it’s important.

F6 One of the students that are writing their master’s thesis in my startup
currently, they found our startup and my email and sent me because of AI. . .
the index of the AI was still able to find this because it was still on the web
server but not linked on the website, so the student found this and asked
me, hey, is this still relevant?

F7 Recruiting teams in the past haven’t been able to pre-screen 300 resumes.
We can do that in real time with 300 or 3,000 resumes, we don’t care. . . this
will be an efficiency gain, and with this, we will be able to also understand
more talent-relevant data.

F17 I’m using Strawberry. . . it’s basically a browser that is completely leveraging
AI, so I can tell the guy at the browser: this is Jacob Friedrich, he has a perfect
CV. . . find me 20 more Jacobs in Munich that are studying at TUM, LMU
or Munich Business School because I’m looking for an intern. . . then the
AI starts, goes on LinkedIn, has access to my accounts, basically everything
that I did manually before. . . I’m completely using AI for that.

F13 With AI I can not only browse the Internet for candidates, but I can also,
just based on their CV and the results of the interview, automate and make
more perfect the process of the assessment of the right candidates. . . so this
is in fact very positive.
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F12 They can help you to evaluate CVs much better. . . they can have first
conversations and so forth. . . somewhere it’s not very positively, somewhere
in between here, because again all the spams. . . I believe we’re going to see
on the medium level less.

F16 Right now, I mean, it’s mostly the economic situation that changes these
things. . . with AI, maybe there’s some HR platforms where you can do
AI-based applications and so on, maybe a bit positive. . . I think there are
options.

F7 I think it’s very positive because AI will give us the opportunity to get
a broader understanding of talent, so the interpretation of talent will be
different in the future.

F6 The fact that we are an AI startup and that we are not newcomers to AI. . .
the core of my startup consists of people who do this for more than 10 years
already with neural networks and so on. . . that is helping a lot because
people are really into this and it’s really attractive to them.

F6 Because currently my personal experience is very positive, because I have a
hype topic. . . and if I tell people I have an AI startup, eyes get big and it’s
like, wow, nice. . . I have the luxury to be in a network with lots of people
who are very smart.

F14 But on the other side, like really good talented people, they’re starting their
own venture. . . and also people that are not able to do something really
cool, they are now able to do something really cool.

F13 It can be negatively because also AI means people can do more on their
own. . . it’s more likely that they say, all right, look, I have the tools at hand,
I don’t need to work for anyone, I can just build this myself.

F12 They can help you evaluate CVs much better. . . have first conversations. . .
somewhere in between. . . because again all the spams.

F3 I would say AI itself is not that relevant. . . it will be quite the same because
you’re just doing like a documentation, you’re just writing some announces.

F15 Yeah, it’s easier to attract because AI has displaced a lot of jobs, so developers
are in discount these days, myself.
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F5 It would make it more difficult to hire, especially in the engineering de-
partment. . . are you really a good developer or are you just good in using
coding tools?

F3 In a hard way when I know AI can do it with my help even faster and even
better than I can do it. . . if you’re open-minded to AI and use it in your
workflows in your startup, then I think it’s so attractive for students.

F10 Needs to be more about the mission, the passion of building something
together.

F17 The best people at one moment, they will leave if you’re a good manager. . .
because at one moment they can learn more [elsewhere].

F17 Because it’s fucking hard to build a company. . . there’s a reason why nine
out of ten fail. . . the odds are very low.

F3 The models are quite close. . . but the gap will be even bigger in the future.

F5 The hiring process needs to be adjusted to an AI world. . . companies have
adjusted their coding interviews.

F5 I think hiring now, engineers especially, is more difficult than it was three
years ago. . . it’s a little bit more difficult to really evaluate the people.

F3 I think for companies, it’s really important to be as open as possible to that
because students know how capable AI is and they don’t want to work in a
company where they just have access to whatever the shittiest AI model in
the world. . . in a hard way, when I know AI can do it with my help even
faster and even better than I can do it. . . if you’re open-minded to AI and
use it in your workflows in your startup, then I think it’s so attractive for
students. . . you can see that there’s a gap evolving now, but the gap will be
even bigger in the future.

F7 AI will give us the opportunity to get a broader understanding of talent. . .
the interpretation of talent will be different in the future. . . recruiting teams
in the past haven’t been able to pre-screen 300 resumes. . . we can do that
in real time with 300 or 3,000 resumes, we don’t care. . . this will be an
efficiency gain, and with this, we will be able to also understand more
talent-relevant data.
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F13 It can be negatively because also AI means people can do more on their
own. . . if they have that mindset, it’s more likely that they say, all right,
look, I have the tools at hand, I don’t need to work for anyone, I can only
just build this myself.

F3 The non-verbal, the communication between humans, will get even more
important in the future because the knowledge is in the AI systems.

F13 Because now with AI we are less dependent on technical rules because
people can write code, can learn faster and information is just there. . . I’ll
just need the people with the right mindset skills or motivation. . . they
are very resourceful, they have critical thinking. . . the skills that matter
nowadays are more softer skills in many cases.

F17 You need to be able to work with tools [and] understand what you’re doing.

F6 It’s rather the general intellect and ability to handle difficult problems and
the willingness to learn. . . these things are now rather the bottlenecks.

F7 While currently in the startup game and in a lot of companies we are still
focusing on qualifications and A levels. . . those skills become less important
in the future, especially driven with AI development. . . what I have learned
in the past, what is written down on my CV, is not worth the same as 10
years ago. . . this requires that we focus more on personal skills like empathy,
resilience, AI literacy and critical thinking.

F17 The most important skill that we’re always hiring for, especially in
client-facing roles, is the ability to be really, really good with people because
people buy from people. . . there’s a bit of a shift that only being a generalist
and being nice is not enough.

F15 I’m, let’s say, a four towards yes; people skills and other non-technical skills
are rising in importance.

F16 Just actually build prototype, try. . . see if it’s going to work out or if you
actually have a business case.

F6 So I think it’s positive because you can achieve more with fewer hard skills
per se, and it’s easier to acquire new skills.

F11 Yeah, very positive because non-technical people can also build products
and small features.
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F14 I think it will be good because also the non-technical people will be able
to do something technically, so there are more teams of technical and
non-technical people. . . it will be a bit more competitive. . . I don’t know
if it’s negative or positive, but there will be not so many [purely technical]
people because I think it’s positive.

F12 There is less need for technical skills because there’s so much no-code,
low-code that you can now with AI amplify and then, boom, get this
landing page done, get this integration work and so forth.

F3 This is shifting from having like the basic Microsoft skills to really under-
standing how LLMs work. . . and how do you use it in the best way possible
in your daily lives.

F17 You need to be more and more technical and be able to use technical tools. . .
not necessarily being the best coder, but being able to work with tools and
understand what you’re doing. . . if you use them right, you’re 10 times
more efficient than others.

F16 You know, in the world I am living, technical skills don’t decrease. The
importance of technical skills doesn’t decrease; they rather increase. . . if
you really deploy something with AI, it’s just as complicated or maybe even
more complicated as before. . . you can use AI to code, but you have to
control it and you have to understand it.

F10 Technical, the need – very positively in this kind. . . because for you to
understand when you’re writing with an LLM and you leave some doors
open. . . if you do not understand what is being done, even the basics, then
it becomes high risk.

F5 I personally don’t think that we will hire fewer engineers. . . I don’t see it
happening anytime soon.

F17 The workload that I’m doing today in a week, I would have done four years
ago in a month.

F15 You can just build anything you want. . . It’s a force multiplier for sure. Very
optimistic about that.

F11 It’s brutal, absolutely brutal. . . but more positive.

F9 [A cohort that will] crash and burn very hard. . . [because of expectations
that] serious products should be done in 15 minutes.
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F9 [Valuations are] insane. . . no product, no revenue. . . bonkers.

F3 [Anticipating an] energy crisis.

F3 [EU AI Act requirements are] not even possible [to fulfill].

F16 [There is an] awakening [in European tech investment].

F3 The most important skill for humans in the future will be the verification
and the checking of the answers. . . not really solely rely on the AI.

F6 [AI research is] awesome.

F17 [Work has become] ridiculous how easy.

F13 Not that we are going from five people to three, but of course the size will
be influenced towards. . . being smaller than before.

F11 AI will need less people. . . because i replace systems basically. . . software
and AI replace some people or some especially tasks. . . you don’t need
more people to do the same task anymore.

F5 For new startups, I absolutely see this trend. . . you can build something
very quickly that wasn’t possible before.

F3 You just have to have like a two to three man team and AI can help you
get your valuations, get your revenues. . . to attract investors. . . faster than
before.

F10 The size of the team will become smaller and smaller, even though we are
three, but I believe that with less than 10 people is more than enough.

F9 Instead of like a front end developer, might need an AI engineer. . . instead
of like a sales agent you might need like a GTM person.

F9 Very positively. . . the ability to make code again is dropping. . . however
the ability to spot bugs and understand what’s going on is increasing. . .
understanding code becomes vastly important, maybe less so code, but
engineering, design, architecture and infrastructure and big systems. . . the
importance for somebody technical to be able to look at the code and
evaluate whether it’s good and to build it for scale and to handle data and
privacy has increased.
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F11 In technical things a technical guy is always better than a non-technical guy,
so even when you’re using AI. . . a well-skilled person can write a much
better prompt than a non-technical guy. . . but when you have that kind
of marketing job role, then you can also build other things with AI much
easier.

F7 On the one hand, it’s a lever because you haven’t been able to access all the
data of the world’s knowledge with that speed. . . on the other hand, it will
require a more sophisticated understanding of data management and data
science.

F12 We still need those, but the middle ground is somewhat replaced by anyone
who can use AI. . . they can do marketing, sales, whatever, because they just
work with AI.

F15 Yeah, ultimately I see something like a company of 25% technical people
and then a technical company with 25% people still doing purely technical
work.

F16 It’s maybe for a startup prototype, it’s not an issue, but it will become an
issue. . . at some point it gets so complicated that you cannot just tell AI, fix
it, please. . . you have to maintain it, and that is still a human who has to do
it.

F9 Instead of a front-end developer, you might need an AI engineer. . . in-
stead of a sales agent you might need a GTM person. . . right now it’s
more difficult; over the coming years it will shift as it naturally does with
everything.

F16 I think what AI is replacing now is a lot of tedious work. . . these junior
developer roles. . . but the senior roles, like in terms of architecture, it’s a
different story. . . maybe the software developer is just not going to be an
important job anymore in the future. . . the roles are changing, but that’s
just an evolution that has to take place.

F7 So we will see, more than today, a split in real technical roles and in technical
skills. . . and non-technical skills will become part of job roles that before
were very technical. . . if you think of software developers, they need to have
non-technical skills in the future because we will have only one software
developer and this person might also talk to the clients.
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F14 I think you cannot say here if it’s white or black because on one side it
will help you to find better people and make some smart people one of the
best because they’re using AI. . . but on the other side, really good talented
people are starting their own venture because it’s easier to do that because
there is also AI.

F3 Students know how capable AI is, and they don’t want to work in a company
where they just have access to the shittiest AI model. . . when I know AI can
do it faster, even better.

F8 We can be in the middle with a high product. . . to be the more good between
the less and the high concurrency.

F3 We try to gradually increase the amount of people in our team, but really
carefully, and try to be as AI-native as possible. . . we try to hire not the
senior person, but tech-native people that are quite familiar with AI.

F4 Younger developers are more AI-engaged.

F9 For a startup, I don’t think it will make it smaller because I think the roles
are changing. . . you’re seeing companies growing their headcount massively
because they understand that the need for people is still there. . . in large
corporations, it’s definitely making it smaller in many ways.

F13 At the stage at which we are in seed round, talent and skills are key. Every
person that joins the company determines whether we’re going to make
it or not. . . we just fired our CTO in probation because he couldn’t build
everything that we needed. . . people are going to create the rest.

F6 I can achieve more with less people, that’s all for sure. . . but I’m in the
mindset where I’d say, okay, then let’s do more instead of do the same
with less people. . . if I hire a new talent amplified with AI, that’s massive
growth. . . this motivates me even more to hire more talent.

F6 The real unfair advantage is sitting there where the data is created.

F4 That’s the most important aspect. . . it’s how we use AI in our product. . . we
want to be able to use AI to access our data and improve our data quality.

F11 Efficiency in collecting data and interpreting.
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F9 Quality is super important. . . access because there’s so much data. . . you
can kind of get a lot of it now. . . right now, we’re only dealing with external
data. . . in the future, we’re going to be dealing with a lot of internal data.

F10 So far, no [not higher], because this is very heavy research and this is what
we use the networks and the influence to have it.

F3 Data integration or data quality is especially for AI startups one of the most
important.

F3 Because with other businesses you are not able to survive.

F7 Business model innovation means that we are close to our customers. . . we
are adapting what we do depending on the real customer needs.

F4 Business model innovation and sustainability is two. . . it’s much easier to
go into new markets with AI. . . business models will be less sustainable, so
that’s also important.

F4 Basically is irrelevant now because two years ago there were lots of worst
quality AIs on the market.

F9 Don’t think there’s a lot of innovation in business models right now that’s
happening.

F13 Every person that joins the company determines whether we’re going to
make it or not.

F9 The need for good people. . . having people who can capitalize on those,
move fast, be lean.

F17 At the moment, I don’t see any way how AI could really help us make that
decision and find those people.

F7 We will be attracting talent automatically if we are successful.

F15 I’m fairly certain I can find a developer if I have everything else nailed
down.

F6 I speculate that this is something that is mildly important if we want to
switch to product-based business models.

F10 If you’re doing deep tech, we do need access to the partnerships, universities,
and actually to give it the seal of approval.
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F13 If you don’t get, you don’t have network, you’re not going to have clients.
And if you cannot access to investors, you’re not going to get funding.

F15 Sometimes you can get the customers through an investor almost or through
your network.

F3 You just have to rely on that and comply with that.

F4 It doesn’t matter in the business sense since we’re B2B. . . maybe it will play
a role in the future.

F15 But right now, compliance and ethics doesn’t bring us closer to actually
having a startup at all. . . it doesn’t pay our bills.

F7 We will be successful if we adopt our, or if we have a product that is
compliant and applies high ethical standards.

F6 I’m living a life with a pretty solid, more ethic compass. . . so for me, it’s
not like I don’t often come into this situation where I have these ethical
considerations. . . and so this is not a knocker for me.
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