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Artificial intelligence (Al) is increasingly reshaping the venture capital (VC) industry by
augmenting decision-making processes and expanding opportunity identification. By
augmenting the search and selection of promising ventures, accelerated due diligence, and
optimized knowledge management, Al offers VC firms new ways to navigate uncertain and
competitive markets.

This bachelor’s thesis examines how artificial intelligence influences the European venture
capital landscape across different stages of the investment lifecycle. The study combines a
theoretical framework from prior research on Al adoption and decision-making in VC with
qualitative insights gathered from sixteen semi-structured interviews with European VC
professionals and Al experts. Participants were selected to capture diverse perspectives on
both off-the-shelf and custom-built Al solutions in VC operations.

Findings reveal that Al primarily contributes to efficiency gains in deal sourcing, preliminary
screening, and data organization. Despite this, human judgment remains essential in final
investment decisions and founder evaluations. Adoption barriers include fragmented data
availability, limited technical expertise, and cultural resistance to automation. Successful
integration of Al in VC requires not only technical tools but also organizational openness to
experimentation, cross-border data harmonization, and in some cases organizational
restructuring to fully unlock AI’s potential in enhancing investment practices.
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Tekodly (AI) muokkaa yhd voimakkaammin péddomasijoitusalaa (VC) vahvistamalla
padtoksentekoa ja laajentamalla mahdollisuuksien tunnistamista. Tehostamalla lupaavien
kohteiden etsintdé ja valintaa, nopeuttamalla due diligence -prosesseja sekd optimoimalla
tiedonhallintaa tekodly tarjoaa pddomasijoitusyhtidille uusia tapoja suunnistaa epavarmoilla
ja kilpailullisilla markkinoilla.

Taméd kandidaatintutkielma tarkastelee, miten tekodly vaikuttaa eurooppalaiseen
pddomasijoituskenttddn sijoituselinkaaren eri vaiheissa. Tutkimus yhdistdd aiempaan
kirjallisuuteen nojaavan teoreettisen viitekehyksen tekodlyn kéayttdonotosta ja
padtoksenteosta pddomasijoittamisessa sekd laadulliset havainnot kuudestatoista
puolistrukturoidusta haastattelusta, joihin osallistui eurooppalaisia VC-ammattilaisia ja
tekodlyasiantuntijoita. Osallistujat valittiin tuomaan esiin monipuolisia nidkokulmia seka
valmiisiin (off-the-shelf) ettd radtiloityihin tekodlyratkaisuihin padomasijoitustoiminnassa.

Tulokset osoittavat, ettd tekodlyn ensisijainen lisdarvo liittyy tehokkuuden paranemiseen
erityisesti kohteiden hankinnassa (deal sourcing), alustavassa seulonnassa ja tiedon
organisoinnissa. Téstd huolimatta inhimillinen harkinta sidilyy keskeisend tekijand
lopullisissa sijoituspddtoksissd ja perustajien arvioinnissa. Kéyttoonoton esteitd ovat
hajanaisesti saatavilla oleva data, rajallinen tekninen osaaminen ja kulttuurinen vastarinta
automaatiota kohtaan. Tekodlyn onnistunut integrointi pdfomasijoittamiseen edellyttid
teknisten tyokalujen ohella organisaation valmiutta kokeiluihin, rajat ylittivadd datan
harmonisointia sekd joissakin tapauksissa organisaatiorakenteiden uudistamista, jotta
tekodlyn potentiaali sijoituskdytintdjen kehittimisessa voidaan tdysimadrdisesti hyodyntaa.
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1 Introduction

Artificial intelligence (Al) is changing how companies work across industries. In recent years, tools
like ChatGPT and other generative Al models have made it possible to speed up tasks, understand
data more quickly, and support data-driven decision-making. At the same time, Al-powered
knowledge management systems are helping organizations organize and make sense of large
amounts of data and information and use their internal information more effectively. 73% of
organizations worldwide are assessed to use or plan to use Al in core business processes (Technation,
2025). Additionally, 92% of companies said they were planning on investing in GenAl over the next
three years, says a G2 article that comprised findings on Al enterprise usage from trusted sources

like Reuters, McKinsey, Statista, and Stanford (G2, 2025).

The venture capital (VC) industry is a subset of private equity investing that focuses on early-stage,
high-growth startups with significant innovation potential. As an asset management practice, it raises
funds from institutional investors or wealthy individuals and aims to invest their funds into
innovation with high risk but also high growth potential. Especially in the early stages of a startup’s
life, investors face a great deal of uncertainty. VC firms step in, providing capital to startups in
exchange for equity, typically because startups aren't eligible for more traditional financing like bank
loans due to their risky nature, lack of collateral, or unstable cash flow (Da Rin, Hellmann & Puri,
2013). As an industry, it has long relied on human judgment, intuition, and personal networks.
Finding good startups, evaluating them, helping them grow, and planning exits are all time-
consuming and difficult tasks. But now, as more data and capital have become available and
competition between VC firms increases, many investors are starting to explore how Al can make
their work more efficient (Gornall & Strebulaev, 2020). Al has the potential to support many VC
activities, such as identifying promising companies faster, analysing performance, and organizing

internal knowledge (McKinsey 2025).

Al models are trained by large amounts of data input and then their internal settings are adjusted to
improve predictions or task performance (Russell & Norvig, 2020). The data used for training often
comes from publicly available sources, company databases, or human-created datasets. Often the
process of creating these Al models includes fine-tuning and feedback loops that make the model

more accurate (O’Dell & Grayson, 2012).

Research has already shown how Al can add value in private equity and corporate finance. For
example, in buyout it can speed up due diligence and find useful patterns that humans might miss

(Darpoe, 2024). However, VC is different. Decisions are based more on people and potential, the so-



called team fit and market fit, not just numbers and data (Da Rin et al., 2013). This makes it harder
for Al to fully replace human insight. Because of that, it’s still unclear how useful Al can be in in
VC, especially when choosing very early-stage companies. Al also has limits: if a startup or market
opportunity is already widely known and is reflected in public data, it may already be too late for an

early-stage VC to get in and still gain a competitive edge.

Most of the current and older research on VC focuses on the United States (U.S.), where the VC
market is bigger and more developed. The European VC ecosystem is different. It’s more
fragmented, has more local regulations, and tends to adopt new technology more slowly (EIF, 2022).
This means we still do not fully understand how European VC firms are using Al, or what challenges
they face. This is also the case with the US market, where no academic papers that exclusively study
Al’s use in US VC processes have been made. Most academic studies cover broader entrepreneurial
finance or Al investment trends, with Al in VC processes as a secondary theme. The lack of specific
academic papers may stem from the field’s novelty and only recently found popularity. There is also
little research on the difference between using off-the-shelf tools and building custom systems inside
firms. Instead of peer-reviewed research, multiple white papers and surveys written by companies
like Allvue, Rooled, Mahdlo, and many others who offer affiliated Al products and services can be
found with a quick search. These, however, call into question the motives driving the provided

findings and suggestions.

Several factors help explain this gap in research. In addition to being smaller and more fragmented,
the European market also has considerable variations in regulations, tax systems, and institutional
frameworks between countries (Schertler & Tykvova, 2012; Cumming, Johan & Zhang, 2016). This
fragmentation complicates cross-border investments and makes it difficult to produce generalizable
academic studies. Moreover, Europe’s greater reliance on government-backed funds introduces
additional layers of complexity that make VC activity harder to study through traditional research
models (Karsai, 2018). Another reason for the research gap is the limited availability of standardized
and comprehensive data on European VC transactions. In contrast to the U.S., where public capital
markets and extensive datasets have enabled deeper and more consistent analysis, Europe’s
ecosystem lacks equivalent infrastructure, which hinders large-scale empirical studies (Kaplan &
Lerner, 2016; IMF, 2024). Furthermore, cultural attitudes differ across European countries,

influencing investment behaviours (Cumming et al., 2016).

Particularly the comparison between off-the-shelf and custom-built Al systems and the scarcity of
research is tied to the novelty and increased usage of these technologies. The use of Al in VC is a
relatively recent development, with many firms still in experimental phases or reluctant to disclose

detailed information about their Al tools for fear of revealing competitive advantages (Du, 2024



Accenture, 2023). In addition, the rapid pace of Al innovation means that academic studies often

struggle to keep up with technological advances (Deloitte, 2024; McKinsey, 2025).

The motivation behind this thesis is both academic and personal. As someone deeply interested in
artificial intelligence and aspiring to work in VC, I wanted to explore how these two fields intersect
in real-world settings. Through discussions with industry professionals and early exposure to VC
firms through personal connections, I became fascinated by how tools like EQT’s “Motherbrain™"
are already transforming sourcing and decision-making. This research is also timely, given the rapid
development of Al tools and the growing pressure on VCs to find competitive advantages in a

crowded and highly saturated market.

To address the research gap on how Al is currently being adopted and used within European VC
firms and the comparison between off-the-shelf and custom-built Al solutions, my thesis combines
a literature review with semi-structured interviews with 16 industry professionals working in VC
and/or Al across Europe. The study seeks to understand both the theoretical side and the practicalities

of Al adoption in VC processes.
The main research question guiding this study is:

RQI: How is artificial intelligence impacting venture capital firms across the

investment lifecycle in Europe?
The main research question is supported by several sub-questions:
SRQI1: At what stages of the VC lifecycle are Al tools currently most commonly used?

SRQ2: What are the perceived benefits and limitations of using generative Al and knowledge

management systems in VC workflows?
SRQ3: What are the main adoption hurdles of Al faced by European VC firms?
SRQ4: How do off-the-shelf Al tools perform in comparison with custom-built solutions?

SRQS5: How does the use of GenAl-based tools impact the role of human judgment in VC

decision-making?

LEQT, a global investment organization created a proprietary inhouse Al and data analysis platform
Motherbrain in 2016. Its goal is to support EQT’s entire investment lifecycle, including identifying
opportunities and value optimization in portfolio companies. Available at:
https://eqtgroup.com/about/motherbrain (Accessed: 17.7.2025)
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This study is limited to the European VC market and does not include North American firms.
Although the differences between markets will be briefly discussed. This distinction is made because
of structural and institutional factors, like regulatory fragmentation, government-backed funding
models, and smaller average fund size. Additionally, including North American firms could risk
diluting the findings and making it difficult to draw meaningful conclusions specific to Europe’s
unique challenges and opportunities in Al adoption (Schertler et al., 2012; Karsai, 2018). The
primary focus is on the use of Al tools by VC professionals, rather than on the startups being funded.
This ensures that the research captures decision-making processes and operational changes within
VC firms, which in turn is central to understanding Al's role in investment workflows. The
technologies examined include both off-the-shelf solutions and custom-built platforms, with a focus
on generative Al and knowledge management applications. Restricting the technology scope to
generative Al and knowledge management systems provides a manageable research framework
while concentrating on tools most relevant to the VC lifecycle and, and decision support functions
in VC (McKinsey, 2025; Deloitte, 2024). The interviews will be analysed using thematic coding,

which helps find common themes and ideas.

This thesis is divided into six chapters. Following this introduction, Chapter 2 presents a literature
review that covers both the fundamentals of VC and recent research on the use of Al in finance.
These two areas are then brought together to form the theoretical background for the study. Chapter
3 outlines the research design and methodology, explaining how data was collected and analysed.
Chapter 4 presents the results of the interviews with European VC professionals, organized by themes
related to the VC lifecycle. Chapter 5 compares the findings with the literature and offers
interpretation and discussion. Finally, Chapter 6 summarizes the key conclusions, explains the

limitations of the study, and offers suggestions for future research and practice.

This topic is highly relevant today for several reasons. First, because of VCs investment mandate
focused on early-stage companies and the abundance of Al startups, VC is one of the industries with
the most to gain or lose, all depending on how it adapts. Second, many VC firms are now expected
to use technology to make even better calculated investments and grow the asset class's value in the
eyes of limited partners (LPs). Third, Europe is under pressure to keep up with global innovation
while navigating its own regulatory and structural challenges. Understanding how Al can support
decision-making in European VC firms can help firms stay competitive, improve transparency, and
allocate capital more effectively. Lastly, this thesis contributes to a relatively small but growing
academic conversation on how Al is actually being used in real investment work, both from

theoretical and practical viewpoints.
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2 Literature review

2.1 Venture Capital

Venture capital plays a crucial role in innovation cycles. By supporting early-stage businesses, they
contribute to regional but also global economic development. The following analysis incorporates

foundational literature as well as recent developments in the European VC landscape.

Venture capital is a form of private equity financing that provides capital to startups and early-stage
companies with high growth potential. The core purpose of VC is to bridge the funding gap faced by
innovative and mostly risky ventures that typically cannot access traditional bank loans due to their
lack of collateral or stable cash flows (Klonowski, 2006). Private equity is an umbrella term that
refers to investment funds taking minority or majority stakes in private companies. It is divided
broadly into VC, which targets early-stage, high-growth startups, and buyouts, which focuses on
acquiring majority stakes in mature companies (Metrick & Yasuda, 2011). Compared to buyout, VC
takes a minority stake, meaning less than 50%, in a company, whereas buyout generally takes a
majority stake and focuses on restructuring and optimizing operations for stable cash flow. In
addition to capital, VCs also offer the companies they invest in, knows as portfolio companies,
managerial support, strategic advice, and access to networks. This value-adding role often includes
board participation, where VCs assist with strategic direction, governance, and milestone setting
(Hellmann & Puri, 2002). VCs also help recruit key team members, such as senior executives and
advisory board members, and connect startups with follow-on investors, customers, and partners
(Gompers, Gornall, Kaplan & Strebulaev, 2020). Operational support can cover everything from
refining go-to-market strategies to advising on international expansion or regulatory compliance.
This hands-on involvement happens especially in early stages, where startups often lack internal
resources or experience (Da Rin et al., 2013). VCs may also help portfolio companies professionalize
their operations by introducing reporting systems or aligning incentives within teams (Lerner &
Nanda, 2020). These activities are part of the so-called “smart money” that distinguishes VC from
other forms of financing (Sorensen, 2007). The ability to provide such value-add is often a key
differentiator between top-performing and average funds, with the most successful firms leveraging

networks and expertise to amplify startup outcomes (Kaplan et al., 2016).
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2.1.1 VC Structure and Investment Strategies

The typical VC structure is a limited partnership between general partners and limited partners. The
general partners (GPs) manage the fund, source deals, and make investment decisions, while limited
partners (LPs) provide the capital and have limited liability (Mikhail, 2022). The model is shaped by
its unique economics and incentive structures. General partners (GPs) typically earn a management
fee that’s usually 1.5% to 2.5% of committed capital, designed to cover operating expenses. The
main incentive, however, comes from “carried interest.” This means that GPs usually retain 20% of
the fund’s profits above a certain threshold return, or hurdle rate (Metrick et al., 2011). This structure
encourages GPs to pursue high-return opportunities, as only significant successes affect their
compensation. The distribution of outcomes is highly skewed, with a small number of investments,

often fewer than 10%, generating the majority of fund returns (Kaplan & Schoar, 2005).

To manage risk and maximize upside, VCs typically secure pro rata rights, allowing them to maintain
or increase ownership in the best-performing companies in following funding rounds (Gompers &
Lerner, 2001). These economic incentives explain many aspects of the industry dynamics, such as
the focus on scalable ventures, the appetite for risk, and the prioritization of exit opportunities such

as IPOs or high-value mergers and acquisitions.

VCs can be categorized based on their investor type or their startup stage focus. Traditional VCs, or
financial VCs, seek a return on their investment, whereas corporate VCs can seek access to new
innovation and strategies that materialize later than the normal investment cycle (Ma, 2025). Stage-
based categorization consists of seed-focused micro-VCs, early-stage funds (seed-series A), and late

funds that focus on growth capital, meaning funding rounds from series B onwards.

The last decade has seen a shift in operational practices and sector focus of VC. Sectors like deep
tech, climate tech, health tech, and artificial intelligence are prominent domains in investments
(Dealroom, 2024). Additionally, new organizational models like corporate VCs, distributed VCs,
mission-driven funds, and remote-first funds have diversified and brought new competition to the
industry. Corporate VCs offer domain expertise and integration potential, whereas distributed VCs
and remote-first funds challenge traditional and network-based VC structures and models. ESG and
the demand for diversity have also become a part of VC decision-making as gender-diverse teams
and impact metrics have gained importance in fund evaluation (Invest Europe, 2023a). These changes
often emerge from changing societal standards and even more often from the investment strategies
of limited partners. Especially when the limited partners are institutional or government entities.
Other market trends include the growing fund sizes to join the global competition and longer

timelines between funding rounds.
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Growing fund sizes and longer timelines also offer challenges to VCs: capital is increasingly
concentrated in fewer, more established funds, limiting access for first-time managers and smaller
funds (Sifted, 2024; Carta, 2024a). Longer timelines, especially in early stages, are reflecting on a
more cautious funding environment and increased traction before follow-on investments. As en
example, according to PitchBook (Zapflow, 2025), the median time from seed to Series A is now

exceeding 700 days in comparison to 607 days in 2022 (Carta, 2024Db).

2.1.2 VC Operations: VC lifecycle

The venture capital (VC) lifecycle refers to the stages a VC fund goes through from its formation to
its eventual closure. It includes fundraising, investing in startups, supporting portfolio companies,
and exiting those investments to return capital to limited partners (Zapflow, 2025; Haran Rosen et
al., 2025). This process typically spans several years and is cyclical, as returns from earlier funds
often feed into the creation of new funds and future investment rounds (Haran Rosen et al., 2025).
Before investing, the VC first collects capital from LPs into a fund, which can vary in size depending
on the fund’s focus, the VC, the LPs, and the targeted investment stage. The typical VC fund lifespan
is 10-12 years: 3-5 years for initial investments, followed by a monitoring and exit phase (Haran,
Montag, Zandberg & Zohar, 2025). This process is usually structured into six core stages (Figure 1):
sourcing (1.), screening (2.), due diligence (3.), deal structuring (4.), portfolio management (also

known as monitoring) (5.), and exit (6.) (Revest & Sapio, 2012).

Sourcing involves identifying promising startup opportunities (EIF, 2023). Screening then filters
candidates based on market, product, and team assessment. Based on the VCs and fund’s focus, the
VC might add filters to further narrow down investment opportunities. Due diligence (DD) is an
intensive stage, requiring between 20 and 400 hours of work, that looks further into the companies
by assessing the startups' legal, financial, and strategic risks (MaRS, 2020). If the company moves
forward from DD, the next step is to structure a deal between the investor and startup. Deal
structuring formalizes terms and governance rights, typically convertible preferred shares, also
known as equity. To provide context, studies by Harvard Business Review (2021) report that for
every 100 companies considered, approximately 28 may receive a first meeting, about 10 go to a
partner-level review, and only 5 to 10 enter full due diligence (Gompers et al., 2020). After the deal
is finalized, the startup becomes a portfolio company. Instead of being a passive holding period,
portfolio management often requires active monitoring and support. Exits occur through IPOs,
mergers and acquisitions, or secondary sales. Exit outcomes are heavily skewed: approximately 70%

of exits yield minimal or negative returns, while a small minority generate the bulk of fund profits
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(Invest Europe, 2023b). These dynamics highlight the importance of sourcing high-potential deals

and managing portfolios effectively.

TIME

1. Deal Sourcngj—LZ Deal SUEEHHQH} Due Dilligence 4. Deal Structuring 5. Monitoring 6. Exit

Pre-investment Contracting Post-investment

Figure 1: VC lifecycle

2.1.3 Europe vs. US market

Compared to the US, the European VC market has historically been smaller, more fragmented, and
less aggressive in its risk appetite (Oehler, Pukthuanthong, Rummer, & Walker, 2007). Key
differences between the two markets include smaller average fund sizes and fewer exits from
unicorn-level startups, meaning startups with over 1-billion-dollar valuations. Additionally, a clear
difference can be found in the reliance on government-backed or hybrid funds, especially in central
and eastern Europe (Karsai, 2018). Key reasons for these differences are lower liquidity, limited IPO
activity, and regulations. Europe’s VC ecosystem has grown steadily but still lags significantly
behind the U.S. in scale. As of 2024, Europe accounted for about 16% of global VC funding, while
the U.S. represented over 50% (Crunchbase, 2025). Recent analyses say that while European VC
markets are maturing, structural limitations, like underdeveloped capital markets and regulatory

fragmentation, are still slowing down growth and scalability (IMF, 2024).

While size and fragmentation are key differences between European and U.S. VC markets, deeper
causes include cultural, institutional, and financial factors. Historically, European markets have
shown greater aversion to entrepreneurial risk and failure, partly due to differing social safety nets,
bankruptcy laws, and attitudes toward second chances (Cumming et al., 2016). Additionally, the U.S.

also benefits from its deep public markets, active secondary markets, and a high density of tech IPOs.

As mentioned, public capital plays a large role in European VC, particularly in emerging regions like
Central and Eastern Europe. This means that often governments act as limited partners in funds or
create fund-of-funds structures to encourage private co-investment (Campbell & Kraeussl, 2007).
These interventions help offset market failures, especially in early-stage, high-risk sectors (Karsai,

2018). Recent programs such as British Patient Capital and the European Innovation Council Fund
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exemplify how state actors now aim not only to fill capital gaps but also to strategically direct VC

toward innovation-critical sectors (Financial Times, 2021).

A persistent barrier in Europe is the underdevelopment of cross-border VC activity. National
regulations and differences in tax structure and law are still inhibiting the smooth flow of capital,
regardless of EU programs such as the Capital Markets Union (Schertler et al., 2012). In addition to
regulatory and geographical differences, the lack of knowledge in foreign markets is listed as the
main reason hindering cross-border investments (EIF, 2024). This limits the scaling potential of high-
growth companies compared to US peers, who operate with a unified legal and financial system.
Efforts to unify standards, improve enticing exit opportunities, and attract global LPs and capital are
being made, but the process is incremental (EUVC, 2024). Additionally, reforms are underway to
make Europe’s public markets more attractive for tech IPOs, with changes to listing rules to
encourage more companies to go public locally rather than seeking U.S. markets (Financial Times,
2025). All of this also aims to lure more capital into Europe through the Capital Markets Union,
which aims to remove barriers to cross-border investment and improve access to finance for startups
and scale-ups and make Europe more attractive for tech IPOs through reforms. This includes
measures to standardize listing requirements and reduce administrative burdens (Delors Centre,

2025).

Europe hosts several hundred active VC funds, with leading firms such as Index Ventures and
Balderton Capital managing multibillion-euro portfolios (Invest Europe, 2023b). European fund
sizes are smaller compared to their U.S. counterparts. While top European funds may reach several
billion euros in assets under management (AuM), U.S. funds tend to concentrate capital among
fewer, larger entities (Sifted, 2024). European VC firms often manage one or two funds
simultaneously, whereas leading U.S. VCs run several funds with different stage or sector focuses

(Zapflow, 2025).

2.2 Artificial Intelligence

The concept of Al dates back to the 1950s when Alan Turing proposed the question, “Can machines
think?” The 1956 Dartmouth Conference formally marked the birth of Al as a research field. Since
then, Al development has gone through phases of optimism and funding winters driven by advances

in computing power, data availability, and the sophistication of algorithms (Russell et al., 2020).

Al refers to systems or machines that mimic human intelligence to perform tasks and where some

are able to actively improve themselves based on the information they collect (OECD, 2021). Al can
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be categorized into different types, including narrow Al, general Al and the still aspirational
superintelligence. Narrow Al is designed for a specific task, like image recognition, whereas general
Al can theoretically be able to perform any intellectual task that a human can. This includes
reasoning, learning, problem-solving, perception, and language understanding (Russell et al., 2020).
Superintelligence is a theoretical form of Al that surpasses human intelligence across all fields. Due
to its nature, it remains a domain of speculation and ethical debate. Today's Al uses machine learning
(ML), natural language processing (NLP), robotics, and computer vision, among others, to automate,
predict, and optimize processes (McKinsey, 2025). By integrating many of these domains

simultaneously, it allows machines to perform complex tasks.

ML involves algorithms that are able to learn patterns from data and improve their performance over
time without being specifically programmed. It includes supervised, unsupervised, and
reinforcement learning (McKinsey, 2025). ML includes multiple branches, such as anomaly
detection and reinforced learning. Anomaly detection is used to identify unusual patterns in data to
find possible risks and opportunities. Reinforced learning, on the other hand, puts systems to learn
optimal action through trial and error (McKinsey, 2025). Natural language processing allows systems
to process, interpret, and generate human language, and its applications include chatbots, sentiment
analysis, and document summarization (Deloitte, 2024). Something many people are used to through
ChatGPT, Grok and others alike. Computer vision allows machines to interpret and act on visual
inputs such as images and videos. Common use cases include automated document scanning, facial
recognition, and industrial monitoring (Accenture, 2023). Robotics combines Al with mechanical

systems to create machines capable of autonomous operation (OECD, 2021).

Based on the data inputs and through processes like machine learning, Al systems can adapt their

behaviour and refine their output over time (OECD, 2021).

Al has many applications, and with its development, new ones are found constantly. Examples of Al
applications most useful to VC and PE are data analysis, pattern recognition, predictive modelling,
natural language processing, anomaly detection, and sentiment analysis. Data analysis and pattern
recognition allow the processing of vast data sets at unprecedented speed that can uncover patterns
and insights that could be otherwise missed (Deloitte, 2024). Predictive modelling and predictive
analytics support forecasting of probabilities and market trajectories and can assist in risk-adjusted

decision-making (Accenture, 2023).
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2.2.1 Generative Artificial Intelligence (GenAl)

The term "generative AI" (GenAl) refers to systems that are capable of creating new content based
on patterns learned from training data. This includes content like text, images, video, code, or audio.
Unlike traditional narrow Al systems that focus on classification and prediction, GenAl is able to

create original outputs (McKinsey, 2025).

GenAl models, like large language models (LLMs) and generative adversarial networks (GANs), use
deep learning to identify patterns in data and can then generate novel, new content made by
combining the learned patterns in new combinations. Most known LLM models include ChatGPT,
Claude, Gemini, and DeepSeek (Accenture, 2023). These models are trained on large datasets and
fine-tuned for specific tasks, like being API-first (application programming interface) or the ability

to work with large documents.

While multiple Al subfields, like ML, NLP and anomaly detection, already play an important role in
finance, GenAl is of particular relevance to VC due to its unique ability to process and generate
unstructured information. Unlike predictive or classification-focused Al, which improves efficiency
in structured numerical tasks, like risk scoring, fraud detection or portfolio optimization, GenAl is
particularly relevant for this thesis because of its ability to directly support the knowledge-intensive
workflows in VC. Unlike predictive and classification-based Al, which primarily focuses on
improving efficiency in structured data task, GenAl allows for the generation of investment memos,
synthesis of market research, competitor mapping, and automated drafting of due diligence reports.
These functions are closely aligned with everyday practices of VC analysts and partners, who process
large volumes on unstructured information in a short timeframe. Moreover, the conversational
interface of LLMs lowers adaptation barriers for non-technical VC professionals and firms with
limited engineering resources. This makes GenAls more impactful in VC firms than many other Al
subfields. Thus, while this thesis recognizes the broader spectrum of Al applications, the focus on
GenAl is motivated by its potential to reshape decision-making and knowledge work in the European
VC industry. GenAl is prioritized because it aligns most closely with the knowledge-driven,

qualitative nature of VC decision-making.

2.2.2 Al in public conversation: Ethics, risks, and opportunities

Al’s rapid adoption has created widespread public debate among academics, business leaders,
policymakers, and civil society. The conversation revolves around both the transformative potential

of Al and its possible downsides. This conversation often focuses on the social and psychological
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aspects of Al use but often overlooks the more difficultly modelled effects and material costs of the

technology industry.

Al is widely regarded as a key driver of future economic growth and societal progress. Its ability to
improve and support decision-making, automate mundane tasks, and tackle complex problems like
climate modelling and financial inclusion is seen being used. Influential voices in VC, such as Vinod
Khosla, have argued that Al will create entirely new markets and unlock new opportunities in sectors
like healthcare, energy, and finance by reducing inefficiency and bias (Time Magazine, 2024).
However, scholars, practitioners, and critics warn about risks including data privacy breaches,
embedded biases, job displacement on a massive scale, and the opacity of Al decision-making
(OECD, 2021). In finance, over-reliance on Al could amplify systemic risk if many firms use similar
models, leading to herd behaviour (IMF, 2023). Especially the opacity of Al decision-making, often
described as the “black box problem”, raises issues of accountability and trust. This has particular
relevance in VC and PE, where investment decisions have long-lasting consequences (Deloitte,

2024).

As Al models grow (e.g., large language models), so does their energy demand. This adds a layer to
the conversation of the growing concern for the environmental footprint created by AI. The
International Energy Agency (2024) notes that Al data centres could consume as much energy as
mid-sized countries by 2030, raising the question about how to balance technological advancements
with sustainability goals. OpenAl has estimated that the computing power used to train one single
Al'model has increased 10x every year since 2012 (Crawford, 2021). To put Al's energy consumption
projections into perspective, recent estimates suggest that by 2027, Al-related electricity demand
could reach 3.5% of global electricity consumption. This is comparable to the total annual
consumption of countries like Japan and highlights the urgent need for energy-efficient Al systems
and policies that align with climate objectives (Masanet, Shehabi, Lei, Koomey & Saunders, 2023).
Older research conducted in 2019 by Emma Strubell and her team at the University of Massachusetts
Ambherst studied the potential estimates for the carbon footprint of natural language processing by
running Al models for hundreds of computational hours. They concluded that running only one NLP
model produced over 660,000 pounds of carbon emissions. This amount can be compared to five
gas-powered cars over their total lifetime, including their manufacturing, or the equivalent of 125
round-trip flights between New York and Beijing, which stretches almost 11,000 kilometers
(Crawford, 2021). The increasing use of energy calls into question who will foot the bill for the
largely increased energy demand of Al. Possible energy scarcity will most likely increase electricity
costs, affecting everything from manufacturing and building to the energy bill for the average

homeowner.
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Energy consumption is one of the more visible aspects of the development and deployment of Al.
Additionally, the real costs of the technology industry are often kept out of sight. Energy can be seen
as the lifeblood if Al but its backbone is still minerals. As Crawford (2021) observes, Al systems
depend on extensive supply chains for minerals like lithium, cobalt, and rare earth elements, which
are critical for manufacturing the batteries, semiconductors, and devices that power data centres and
mobile technologies. The mining of these resources, such as the lithium brine ponds in Nevada or
rare earth extraction in Inner Mongolia, carries significant environmental and social costs, from water
scarcity to hazardous waste and exploitative labour practices. Yet these material realities remain
largely hidden behind abstract concepts like “the cloud” or “digital transformation.” (Crawford,

2021).

Industry and regulatory bodies are advocating for responsible Al frameworks that ensure
transparency, fairness, and accountability. The OECD Al Principles (2021), the EU’s draft Al Act
(2023), and the G7’s Hiroshima Al Process (2023) aim to set global standards for ethical Al
deployment. Recent reports from the World Economic Forum (2024) highlight the importance of
embedding ethics into Al design and ensuring inclusivity in Al governance (WEF, 2024).

2.2.3 Knowledge management systems (KMS)

Knowledge management systems (KMS) refer to technologies and processes that take in, share, store,
organize, retrieve, and distribute knowledge within organizations (Alavi & Leidner, 2001). In a
comprehensive study of 160 knowledge management frameworks, six core activities were identified:
knowledge identification, acquisition, creation, sharing, storage, and application (Heisig, 2009). By
integrating both technical and organizational elements, organizations are able to manage explicit and

tacit knowledge effectively.

A critical part of KMS is information and communication technologies. They can include databases,
intranets, content management systems, and tools for collaboration (Maier, R., 2007). KMS are not
only designed as knowledge storage but also as a strategic tool to support and integrate tacit
knowledge (Nonaka & Takeuchi, 1996; Alavi et al., 2001). Effective implementation can lead to
improved decision-making, innovation, faster problem-solving, and enhanced organizational

performance (Knowledge and Information Systems, 2025).

Early frameworks emphasized technology as the central enabler. However, contemporary
perspectives highlight more the socio-technical nature of KMS, meaning that the successful

implementation of KMS depends not only on available technologies but also heavily on
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organizational culture and readiness. (Assegaff & Hussin, 2012; Santhose & Lawrence, 2023).
Factors like communication quality and organizational structure have been seen to significantly
affect knowledge-sharing behaviour, all things built on organizational standards, leadership, and
trust. With such a majority of KMS implementation success depending on the human aspect, it is
natural that that is also where most challenges lie. Common challenges include resistance to change,
lack of time and training, and difficulties in capturing tacit knowledge or learning new technologies.
Additionally, aligning KMS with business goals and ensuring the right use of the technology are
persistent issues (Santhose et al., 2023; O’Dell et al., 2012; Heisig, 2009). It is to be noted that a
notable gap exists in empirical studies that evaluate the long-lasting effects of KMS on organizational

learning and performance.

2.3 Intersection of Al in VC

Al has become a transformative force across almost every field, reshaping how companies hire,
operate, make decisions, and manage risk. Its adoption across the finance sector has been driven by
advances in data availability, computing power, and algorithmic sophistication (OECD, 2021).

Despite being a very human- and network-centric industry, it is also starting to impact VC.

2.3.1 Al’s effect on Finance

In finance, Al applications have increased. They deliver value by enhancing accuracy, speed, and
scalability in decision-making processes. Recent research shows that over 80% of large organizations
have adopted some form of Al, with applications ranging from predictive analytics to fully automated
decision-making systems (G2, 2025). Financial institutions increasingly rely on Al to process
massive datasets, detect fraud, optimize trading strategies, and improve customer service. This trend
reflects a broader global shift, where Al is no longer seen as an optional add-on but as a core driver

of efficiency and competitiveness (FutureFinance, 2025).

In capital markets specifically, Al has enhanced algorithmic trading and portfolio management by
identifying market patterns faster than human analysts. One notable area is underwriting and credit
scoring, where machine learning algorithms improve the ability to predict. They do this by analysing
large and complex datasets that would be too large for human analysts alone (McKinsey, 2025).
Additionally, by integrating alternative data sources, like social media behaviour, transaction records,
and geolocation data, Al models are able to provide much more detailed insights into borrower

profiles (IMF, 2023). These advancements have contributed to higher operational accuracy and
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speed, creating competitive advantages for firms with advanced Al capabilities. However, this
widespread adoption has also sparked concerns over market stability. As multiple firms deploy
similar Al-driven models, there is a risk of synchronized behaviour amplifying volatility during stress

events (Stanford HAI, 2025).

Globally, private investment in Al reached over $250 billion in 2024, with a significant portion
directed toward financial services applications (Stanford HAIL, 2025). This indicates not only growing
confidence in Al’s value creation potential but also intensifying competition between firms and
regions for technological leadership. The rapid scaling of Al adoption highlights a structural change
in financial markets: data and computation are becoming as important as capital itself in driving

returns and managing risks.

Risk management has also benefited from real-time anomaly detection and scenario simulations that
assess systemic vulnerabilities across interconnected markets (G2, 2025). Al systems can generate
early warnings about changes in markets, fraud, or other emerging threats (Deloitte, 2024). For
example, anomaly detection can help identify unusual trading patterns or operational irregularities,
allowing firms to intervene before small issues escalate into bigger problems. Additionally, Al-
powered simulation tools allow financial institutions to model risk scenarios, stress-test, and assess

the potential impacts of macroeconomic shocks or regulatory changes (PwC, 2023).

Within the domains of private equity (PE), Al plays an increasingly critical role in enhancing
operational efficiency and competitive positioning. Unlike the public markets, where trading is
frequent and data is abundant, buyout and especially VC have to often rely on high information
asymmetry and qualitative judgment (Da Rin et al., 2013). Al is helping address these challenges by
supporting key processes such as deal sourcing, screening, due diligence, and portfolio monitoring
(McKinsey, 2025). A notable example of Al’s integration into PE practice is EQT’s Motherbrain,
which is able to combine machine learning and big data analytics to identify opportunities, assess

market trends, and support investment decisions (Atomico, 2023).

2.3.2 Al's effect on venture capital

The core structure of the VC lifecycle has largely remained unchanged for decades (Revest et al.,

2012). However, the tools and methods used are evolving quickly (Atomico, 2023).

Traditionally, deal sourcing in VC has relied heavily on personal networks, warm introductions, and
informal information channels (Gompers et al., 2020). Al can enhance deal sourcing by using

predictive models that analyse public and private data, including company websites, patents, funding
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databases, and media, to generate and rank leads (Du, 2024). This allows VC firms to cast a wider
net beyond personal networks (Gompers et al., 2020). However, this does not promise results, as
many argue that if data about a promising company is findable, it might already be too late for an

early investment.

In screening and due diligence, Al can accelerate analysis of market size, competition, and financial
metrics, tasks that would take humans significantly longer (Deloitte, 2024). Al also automates legal
and financial checks, using natural language processing to review documents and detect
inconsistencies (PwC, 2023; Accenture, 2023). Team backgrounds, on the other hand, are difficult
to evaluate with predictive systems and rely more heavily on references, past work experience,

passion, and character.

Al supports the monitoring of tens of companies and portfolio monitoring through real-time
dashboards and anomaly detection. This helps identify deviations in performance that may signal the
need for intervention (McKinsey, 2025). The system, however, still clearly needs human supervision,
as startups are prone to quick pivots and irregular growth that may trigger the system. In exit
planning, scenario simulation tools assist in evaluating different strategies under varying market

conditions (PwC, 2023).

Recent industry research highlights the growing momentum behind data-driven approaches in VC.
The Data-Driven VC Landscape 2024 report (Data-Driven VC, 2024) shows that adoption of Al and
data automation tools has increased significantly since late 2022, with 66% of surveyed firms now
using large language models (LLMs) in their workflows, particularly for tasks such as deal sourcing,
screening, due diligence, and reporting (Data-Driven VC, 2024). These tools help VC firms
overcome long-standing inefficiencies in traditional investment processes, which have historically
relied on manual, time-intensive work and human judgment. According to the report, data-driven
approaches can increase productivity by up to 40% and reduce task completion time substantially,

enabling smaller teams to process larger volumes of opportunities without sacrificing quality.

2.3.3 Opportunities and Challenges of Al in VC

Al may allow VC firms to process vast volumes of data efficiently, uncovering patterns and
relationships invisible to human analysts (Deloitte, 2024). This is especially valuable in fragmented
markets like Europe, where Al can help manage cross-border complexities and identify overlooked

opportunities (EIF, 2022).
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However, Al adoption brings challenges. Algorithmic bias can unintentionally strengthen existing
exclusions (IMF, 2023). Transparency is another concern; deep learning models often function as
“black boxes” without clear explanations or reasoning for decisions or knowledge of the decision-
making process (OECD, 2021). Furthermore, over-reliance on algorithms created by external
vendors can introduce operational risks, such as vendor lock-in or reduced control over data

(Accenture, 2023).

The competitive pressure to adopt Al tools in VC is also becoming increasingly evident. The DDVC
2024 report highlights that over a third of data-driven VC firms now attribute at least 50% of their
sourced deals to Al-powered platforms and automation technologies (Data-Driven VC, 2024). This
shift reflects a broader transformation in deal sourcing, moving from a predominantly network-based,
inbound model towards proactive, data-driven outbound sourcing. Such tools allow firms to identify
startups earlier, expand their coverage beyond traditional geographies and networks, and prioritize
high-potential opportunities with greater precision. This ability is crucial in a market where returns
follow a power-law distribution, meaning that missing a single outlier investment can significantly
impact overall fund performance (Data-Driven VC, 2024; TechCrunch, 2017). For European VC
firms, where competition for high-quality deals is intensifying, adopting Al-enhanced sourcing
mechanisms may become a precondition to remain competitive against U.S. and global peers.
Moreover, the falling costs of alternative data collection and advances in natural language processing
(NLP) models have lowered barriers of entry, making Al tools accessible even to smaller funds that
historically lacked the resources for large analytics teams (Data-Driven VC, 2024). These
developments suggest that early adopters of Al stand to gain a meaningful advantage in the European

VC ecosystem, both in terms of deal volume and quality.

Despite the clear benefits of Al integration, the Data-Driven VC Landscape 2024 report also
highlights several challenges hindering widespread adoption in VC firms. One major barrier is data
quality and integration: 57% of surveyed funds report difficulties in sourcing reliable data, while
50% struggle to identify the right tools and make data actionable across the investment process (Data-
Driven VC, 2024). This challenge is particularly pronounced in Europe, where fragmented regulatory
environments and inconsistent reporting standards limit the availability of standardized, high-quality
datasets (EIF, 2022; IMF, 2024). Additionally, organizational culture plays a significant role in
slowing adoption. Many firms face internal resistance to change, especially from partners
accustomed to traditional, intuition-driven decision-making models. Another recurring issue is the
lack of engineering talent within VC teams. To put this into perspective: median data-driven firms
report employing only two engineers for every ten investors, which suggests that building and
maintaining in-house systems remains resource-intensive (Data-Driven VC, 2024). These constraints

often lead smaller firms to rely solely on off-the-shelf tools, which may lack the customization
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needed to fully align with their investment thesis. Collectively, these findings highlight that while Al
has the potential to transform VC operations, achieving successful implementation requires not only

technical solutions but also shifts in mindset, talent strategy, and cross-border data unification.

While Al greatly improves efficiency and scale, it cannot replace the nuanced human judgment
required to assess qualitative factors such as team cohesion, vision, and market fit (Da Rin et al.,
2013). Additionally, responsible, ethical deployment that ensures accountability for investment

choices must be balanced with efficiency (IMF, 2023).

Al serves as an enabling technology rather than a substitute for investor expertise (Du, 2024). The
DDVC 2024 report reinforces this consensus that Al will not replace human decision-making in VC
but rather augment it. Approximately 75% of respondents believe the future of VC will be
characterized by an "augmented model," where Al-driven insights and human intuition complement
one another to enhance investment outcomes (Data-Driven VC, 2024). While automation is already
reducing the need for repetitive analyst tasks like updating CRMs, drafting memos, and conducting
preliminary research, the key qualitative judgments about founders, teams, and market fit still rely
on human expertise. This perspective echoes prior academic work suggesting that VC decisions are
inherently uncertain, relational, and context-dependent, making them difficult to fully automate (Da

Rin et al., 2013; Du, 2024).

2.3.4 Al and VC in European context

Europe’s VC ecosystem is characterized by smaller funds and public sector involvement, creating
strong incentives to improve efficiency with Al (EIF, 2022; Karsai, 2018). Al tools can help firms
manage complex, geographically divided portfolios and support cross-border investment (McKinsey,

2025).

At the same time, regulatory complexity, including GDPR, builds constraints for Al use by limiting
data access and adding requirements for compliance and governance (IMF, 2024). Europe’s more
cautious cultural attitude toward entrepreneurial risk and failure can also slow Al adoption compared

to the U.S. (Cumming et al., 2016).

Efforts to unify Europe’s capital markets, through reforms like the Capital Markets Union, could
position this and other reforms as strategically necessary to compete in the competitive global

ecosystem (Delors Centre, 2024).
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2.3.5 Off-the-shelf vs Custom Al solutions

A critical decision for VC firms integrating artificial intelligence (Al) is whether to adopt off-the-
shelf Al solutions or to develop custom-built tailored Al systems. This choice reflects a trade-off
between speed of implementation, cost, competitive advantage, and control over data and algorithms.
Both approaches present distinct benefits and limitations, and the decision often depends on the

firm’s size, technical capabilities, investment strategy, and long-term objectives (McKinsey, 2025).

Oft-the-shelf Al tools, such as commercial platforms for deal sourcing, automated due diligence, and
portfolio analytics, offer a good start to Al adoption. Typically needing a lower upfront investment
and the ability to be deployed quickly, they can allow VCs to test the waters and realize operational
benefits before splurging on in-house solutions (Deloitte, 2024). With off-the-shelf solutions, the
vendor is responsible for continuous updates and improvements, which reduces the maintenance
burden. For smaller funds or those new to Al integration, off-the-shelf tools represent a low-risk way
to experiment with Al applications in various points of the investment lifecycle (EIF, 2022). This
reliance can, however, introduce new strategic or operational risks. Firms may face vendor lock-in,
which limits flexibility and control over future upgrades or changes. Additionally, these tools are
often designed for broad use cases, which may result in generic outputs that fail to capture the
nuances or compatibility of a firm’s unique investment thesis (Accenture, 2023). The standardized
nature of off-the-shelf Al could also lessen competitive differentiation when many firms have access

to the same technology.

In contrast, custom Al solutions are developed internally or in close partnership with technology
providers to address the VC's specific needs and priorities. These systems can be designed to reflect
a firm’s unique investment strategy or sector focus, creating greater synergies between Al outputs
and strategic goals (Atomico, 2023). Additionally, custom solutions allow for a safer keeping of data.
The main downsides of custom solutions are the high upfront costs, longer development time, and
the need for technical talent and infrastructure to maintain and update the system (Accenture, 2023).

Due to the costly nature, this might be too costly for smaller or resource-constrained firms.

DDVC 2024 also provides insights into the strategic approaches firms take when adopting Al
solutions. Around 80% of data-driven VCs reported using a hybrid model that combines in-house
developed systems with off-the-shelf, external tools (Data-Driven VC, 2024). This reflects a trade-
off between rapid deployment and competitive differentiation. These findings align with
observations in existing literature on Al adoption in finance, which emphasize the need to balance
scalability, cost, and data security considerations when choosing technological solutions (McKinsey,

2025; Accenture, 2023).
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2.4 Theoretical Lenses: Judgment- and Knowledge-Based Perspectives

VC decision-making has long been recognized as a complex process characterized by uncertainty,
information asymmetries, and limited availability of quantitative data in the early stages of startup
evaluation (Tyebjee and Bruno, 1984; Gompers et al., 2001). Unlike investments in public markets,
VC relies heavily on qualitative assessments of teams, emerging technologies, and market potential
(Huang & Pierce, 2015). At the same time, successful VC firms depend on their ability to build,
store, and leverage their networks and organizational learning capabilities to gain a competitive edge

(Zacharakis and Meyer, 2000; Grant, 1996).

Artificial intelligence (Al) technologies have the potential to reshape both of these foundational
elements of VC activity. On the one hand, Al tools promise to augment or even partially substitute
human judgment in screening, due diligence, and portfolio management by processing larger datasets
and identifying patterns that human investors might miss. On the other hand, Al-based knowledge
management systems may fundamentally alter how information is sourced, shared, and internalized
within VC organizations, potentially changing their core knowledge-based advantage (Heisig, 2009;
Nonaka et al., 1996).

Two theoretical perspectives frame the analysis of AI’s impact on the VC investment process.
Judgment-based theories of decision-making make it possible to understand the cognitive limitations,
heuristics, and biases that shape investor choices under uncertainty (Simon, 1955; Tversky &
Kahneman, 2013). Knowledge-based theory of the firm provides a complementary view,
emphasizing the role of organizational knowledge creation and management as a key driver of value
(Grant, 1996; Spender, 1996). Combining these perspectives enables a better understanding of how
Al affects not only the efficiency and accuracy of investment decisions but also the way knowledge

is generated, shared, and applied across the VC lifecycle.

2.4.1 Judgment-Based Theories of Decision-Making in VC

As a result of early-stage investment having very little to no data available, VC professionals
frequently rely on judgment, heuristics, and intuition to assess opportunities, predict future market
potential, and make investment selections (Huang et al., 2015). Judgment-based theories provide a
theoretical foundation to understand these cognitive processes and how they may interact with

artificial intelligence (Al) tools.
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The concept of bounded rationality (Simon, 1955) suggests that decision-makers operate under
constraints of limited time, cognitive capacity, and imperfect information. Rather than optimizing,
individuals "have” to choose an option that is good enough given the available knowledge and
resources (Gigerenzer and Selten, 2001). This principle is evident in VC settings where investors
cannot analyse every possible startup or endless future outcome. This leads to a larger focus on
promising leads filtered by experience and network referrals (Shepherd, 1999). Al systems have the
potential to expand rationality by processing larger datasets, identifying hidden patterns, and
providing predictive analytics in easier bite-size pieces. However, these systems may also introduce
new forms of bounded rationality, like the earlier mentioned overreliance on algorithmic

recommendations or biases in training data (Mullainathan and Obermeyer, 2017).

Behavioural decision theory, on the other hand, argues that human judgment, under uncertainty, often
deviates from rational models due to reliance on mental shortcuts used to simplify complex problems
(Tversky et al., 2013). This is also known as heuristics. In VC this can look like pattern matching,
anchoring, or confirmation bias. In pattern matching, investors favour startups that resemble
previously successful ventures (Franke, Gruber, Harhoff, and Henkel, 2006). In anchoring, early
information, like the founder's pedigree or prior ventures, disproportionately influences final
decisions (Zacharakis and Shepherd, 2001). Lastly, confirmation bias makes VCs selectively look
for information that fits their pre-existing beliefs. These heuristics can lead to systematic biases,
potentially not having an eye for unconventional ventures or reinforcing existing inequalities in
funding. Al-assisted decision tools may mitigate such biases by introducing data-driven
counterpoints or highlighting overlooked correlations. However, if trained on biased historical

investment data, Al models can continue strengthening these patterns.

Intuition, often described as “the gut feeling,” plays a prominent role in early-stage VC decision-
making (Huang et al., 2015). Intuitive judgments are based on knowledge acquired through
experience, which allows investors to rapidly evaluate founder credibility, team dynamics, and
market fit. While intuition can be highly effective, it is also subject to personal biases that in turn can

build inconsistency in decision outcomes (Haynie, Shepherd and McMullen, 2009).

Al tools can complement intuition by offering objective data analysis, scenario simulations, or
predictive scoring models to validate or challenge investor instincts. Nevertheless, judgment-based
theories emphasize that intuition cannot be fully replaced because it incorporates context-specific
understanding and social cues that algorithms cannot yet replicate. Applying judgment-based
theories provides a foundation for analysing how Al reshapes decision-making processes in VC,

particularly in balancing human experience with data-driven insights.
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2.4.2 Knowledge-Based Theories in VC

VC firms operate in highly dynamic, information-intensive environments where access to specialized
knowledge, networks, and expertise can determine investment success. Unlike financial markets with
abundant historical data and standardized information, VC decisions often depend on tacit
knowledge, interpersonal trust, and the ability to identify and develop novel opportunities before they

become widely recognized (Gompers et al., 2001; Zott and Huy, 2007).

A clear distinction can be found between tacit knowledge, which is personal, experience-based, and
difficult to formalize, and explicit knowledge, which can be articulated, codified, and shared in
documents or databases. VC investment decisions rely heavily on tacit judgments that are difficult
to quantify. This can be reading founder passion, evaluating team cohesion, or sensing market timing

(Huang et al., 2015).

Nonaka and Takeuchi’s SECI model of organizational knowledge creation (1996) describes how
tacit and explicit knowledge interact through four processes. The name comes from socialization,
externalization, combination, and internalization. In socialization, tacit knowledge is shared through
observation, mentoring, and informal conversations. Externalization converts that knowledge into
explicit frameworks. Then the combination integrates those sources, and lastly, in internalization, the
knowledge is placed to support the individual's intuition and expertise. Al can be helpful in
combination, externalization, and socialization through helping in analysis, finding patterns,
structuring insights, and connecting people. However, internalization remains largely human-driven,
as contextual interpretation and learning through experiences are difficult to create algorithmically

(Huang et al., 2015).

KMS’s are closely linked to organizational learning theory, where firms are entities that improve
over time by acquiring and applying knowledge (Argote and Miron-Spektor, 2011). In VC, this
learning happens both within firms and across networks. Dynamic capabilities (Teece, Pisano &
Shuen, 1997) refer to a firm's ability to sense opportunities, seize them, and rearrange resources to
adapt to changing environments. Al can enhance this by supporting opportunities through big-data-
driven market scans and/or improving resource reconfiguration by better matching capital and

expertise to changing needs.

Despite recent advancements in understanding how artificial intelligence is reshaping VC, the
literature still reveals several blind spots, particularly in the context of Europe. Existing research has
shown that Al improves efficiency in deal sourcing, screening, and portfolio monitoring, enabling

firms to process more opportunities at lower costs and with improved coverage (Du, 2024; Data-
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Driven VC, 2024). What is known and what remains unexplored are summarized in Table 2. While
the benefits of Al in sourcing and screening are relatively well documented, its long-term impact on
fund returns and its role in later lifecycle stages such as exits and LP relations remain underexplored.
Moreover, studies suggest that the most likely future model for VC will be “augmented,” where Al
supports but does not replace human decision-making (Da Rin et al., 2013; Data-Driven VC, 2024).
However, empirical evidence on long-term returns from Al-driven sourcing, the effectiveness of
automated due diligence, and best practices for choosing between in-house and off-the-shelf tools in
fragmented European markets is still limited. This lack of research shows the importance of this

thesis, which aims to address these gaps.

In the following table the third column marked ‘Unknown’, highlights explicitly identified areas that
are unexplored in prior research and industry reports. Some of the identified gaps have been identified
in prior academic and industry literature and some by the author of this thesis, where the author found

no clear empirical evidence despite review of available sources. These gaps listed in Table I should

be interpreted as research gaps rather than complete absence of knowledge among practitioners.

Al Integration Area

Known

Unknown

Deal Sourcing

Al tools improve sourcing
efficiency and broaden deal
coverage beyond networks;
35-50% of deals are now Al-
sourced in DDVCs (Data-
Driven VC, 2024; Du, 2024).

Long-term impact of Al-
driven sourcing on fund
returns and market access in
Europe. (Du, 2024; Revest &
Sapio, 2012; Lerner & Nanda,
2020; IMF, 2024)

Screening and Due Diligence

LLMs and NLP can speed up
due diligence, reduce manual
work, and automate document
review (McKinsey, 2025;
Data-Driven VC, 2024).

Reliability and accuracy of
Al-driven screening decisions
in early-stage, high-
uncertainty environments.

Portfolio Management

Al dashboards and anomaly
detection support real-time
monitoring (McKinsey, 2025;
Atomico, 2023).

Intervention needs beyond
basic anomaly detection.

Human vs. Al: Balance in
Decision-making

Most experts predict an
augmented model combining
Al and human judgment
(Data-Driven VC, 2024; Du,
2024).

Optimal balance between Al
insights and human intuition
in high-stakes VC decisions
remains untested empirically.
(Da Rin et al., 2013; Data-
Driven VC, 2024; Du, 2024).

Fundraising and LP
relationships

Limited research: few firms
use Al for LP sourcing or
fundraising (Data-Driven VC,
2024).

How Al can systematically
transform LP relations and
fundraising strategies.
(Data-Driven VC, 2024; EIF
2024).

Custom vs off-the-shelf tools

80% of firms use hybrid
models; custom tools offer
differentiation, off-the-shelf

Best practices for deciding
when to build custom
solutions vs using off-the-
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tools faster to deploy (Data- shelf tools; impact on
Driven VC, 2024; Accenture, | competitive advantage in
2023). European VC.

Adoption Challenges Challenges in data quality, Scalable solutions for unifying
engineering talent, and fragmented European data
organizational culture ecosystems; overcoming
reported by >50% of VCs talent shortages in smaller
(Data-Driven VC, 2024; EIF, | funds.

2022).

Impact on VC Efficiency and | Al improves efficiency and Causal evidence linking Al

Returns productivity by 30-40% adoption directly to improved
(Data-Driven VC, 2024; VC returns is limited.

Deloitte, 2024).

Regional Differences: Europe | European VC lags US dueto | Empirical studies on European

vs. US market fragmentation and Al adoption patterns are
lower tech adoption (EIF, scarce compared to US-

2022; IMF, 2024). focused literature. (EIG, 2022;
IMF, 2024; Cumming et al.,
2016)

Table 1: Summary of known and unknown aspects of Al integration in VC

3 Methodology

This thesis uses a qualitative research design based on an exploratory case study approach. The
objective is to understand how artificial intelligence (Al) is impacting and improving the efficiency
of VC processes. The exploratory nature of the study makes a case study approach particularly
suitable, as it allows the research into complex, contemporary phenomena in its real-life context
(Saunders, Lewis & Thornhill, 2023). Additionally, industry professionals are able to validate or

challenge the hypothesis and existing assumptions.

Primary data for this study is collected through semi-structured interviews with VC professionals
and experts working with Al applications in the European investment landscape. Semi-structured
interviews were chosen because they combine the advantages of structured questions with the
flexibility to explore emerging themes in greater depth (Saunders et al., 2023). This approach makes
it possible for participants to elaborate on their experiences and perceptions and provide examples

while leaving room for more details and clarifications.

Sourcing for interviewees happened through a combination of convenience-based, criteria-based, and
maximum variation sampling. Convenience-based sampling allows the use of existing personal
networks, LinkedIn connections, and warm introductions. So, interviewees are chosen based on their

availability but also their relevance to the topic. Criteria-based sampling ensures that the selected
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professionals have hands-on experience in using or evaluating Al tools in the financial sector and
specifically VC (Patton, 1990). Thus, making their input highly relevant to the research questions.
Sourcing will happen through participation in groups and reports like Data-Driven VC and other
industry-produced materials. To strengthen the credibility and depth of the findings, maximum
variation sampling is used by deliberately including participants from diverse backgrounds. Diversity
metrics considered are factors like fund size, geographical location, investment stage focus, and
diversity metrics of the interviewees themselves. The interviews will be conducted in English or
Finnish via Teams, Zoom, or Google Meet and will be 45-60 minutes in length. The interviews will
be recorded and transcribed with the help of the Al tool Otter.ai. Anonymity and confidentiality will
be guaranteed unless explicit permission is granted to name participants. Any personal data obtained

during the interviews will be securely stored and destroyed after publication of the thesis.

The profiles of the sixteen interviewees are summarized in Table 2, which presents their role,
experience, fund size, organizational type, geographical focus, and current level of Al adoption.
Adoption categories were reported directly by the interviewees in response to the interview question
(Appendix 1) about their current use of Al tools. Table 2 highlights the diversity of perspectives
included in the study, ranging from early-stage to late-stage investors, Al researchers to Venture
Partners and -builders. The sample includes both highly experienced partners with over 20 years in
the industry and younger analysts with less than five years of experience, ensuring that both strategic

and operational perspectives on Al adoption are captured.

Firm Size
Organization
Interviewee Experience (AuM) or Al Adoption
Role Type and Region
Code in Years latest fund Level
Focus
(Euro)
Venture
) Developed
Founder & 610 M Capital asset DACH, )
VC-1 30 + years ) custom in-
CEO AuM Manager, Nordics
house tools
early-stage
Venture Using oft-the-
General 125 M . Europe &
VC-2 20+ years Capital, early- shelf
Partner (fund) Israel .
stage solutions
Venture Using oft-the-
110 M ) )
VC-3 Partner 25+ years Capital, early- Nordics shelf
(fund) )
stage solutions
Venture Using oft-the-
125M )
VC-4 Partner 30+ years Capital, early- DACH shelf
(fund) )
stage solutions
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Venture Developed
Managing 110 M
VC-5 5 years Capital, early- UK custom in-
Partner (fund)
stage house tools
Augmented
model:
developed
Venture
Associate 500 M custom in-
VC-6 8 years Capital, late- CEE, UK
Partner AuM house tools
stage
and off-the-
shelf
solutions
Using oft-the-
Investment 500 M Venture
VC-7 3 years . DACH shelf
Analyst AuM Capital )
solutions
Venture Using off-the-
200 M )
VC-8 Data Analyst 2 years AuM Capital, early - CEE shelf
u
stage solutions
Venture ) Developed
VP, Data & 1.6B ) Nordics, )
VC-9 ) 6 years Capital, late- custom in-
Analytics AuM USA, DACH
stage house tools
Augmented
model:
Europe, developed
) Venture ) )
Managing 400 M ) Middle East, custom in-
VC-10 8 years Capital, late-
Partner (fund) North house tools
stage
America and off-the-
shelf
solutions
Venture Developed
50M ) ) )
VC-11 CPO 3 years Capital, early - Nordics custom in-
AuM
stage house tools
Venture Developed
Venture 100 M ) ) )
VC-12 6 years Capital, early - Baltics custom in-
Partner AuM
stage house tools
Venture Using oft-the-
Venture ) )
VC-13 S years - Capital, early - Nordics shelf
Builder, VC .
stage solutions
Researcher & Using oft-the-
Al-1 Board 35 + years - Al Researcher Nordics shelf
Member solutions
Augmented
Al
Al-2 Head of Al 9 years - Nordics model:
Professional

developed
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and custom in-
Researcher house tools
and off-the-

shelf

solutions

o Developed
Principal Al 23B
Al-3 9 years Al Researcher Nordics custom in-
Researcher AuM
house tools

Table 2: Overview of interviewees

3.1 Interview structure and questions

The interview guide is structured around key stages of the VC lifecycle (deal sourcing, screening,
due diligence, portfolio management, and exits) to ensure comparability of responses, while allowing
room for discussion of additional relevant themes that arise during the conversation (Saunders et al.,
2023). Questions about productivity, tool adoption, and future expectations are included to add
dimension to the conversation. The questions are divided into four theoretical buckets: General
Questions, Al-related questions, Market-related questions and Personal Opinion Questions.

Questions are listed at Appendix 1.

3.2 Data Analysis

After the interviews, a thematic analysis was conducted using a coding framework. The interview
transcripts were analysed using a thematic coding approach. After transcription with Otter.ai, the
transcripts were manually corrected, and the data was reviewed several times to ensure accuracy and
familiarity. An initial open coding stage was conducted, where recurring phrases, ideas and topics
were identified across transcripts. These codes were then grouped into broader categories, which
allowed connections between concepts to be made visible. Finally, the categories were synthesized

into themes related to the research questions and the VC lifecycle.

To structure this process more systematically, the Gioia Methodology, which provides a transparent
way to demonstrate data-to-theory connections, was employed. The methodology proceeds in three
steps: first-order codes that remain close to interviewee language, second-order themes that reflect
researcher interpretation and theoretical insights, and aggregate dimensions that capture broader
concept categories (Magnani & Gioia, 2023). Figure 2 illustrates how this framework was applied
to this study. On the left-hand side, first-order concepts highlight answers and topics of and to the

research questions. These were then iteratively refined into second-order themes. Finally, these
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themes are clustered into aggregate dimensions that align with the theoretical lenses of judgement-

and knowledge-based perspectives.

Coding was carried out manually, supported by note-taking and audio recordings to maintain
closeness to the interview data. This process ensured that patterns were grounded in interviewees’
own language and experiences but also allowed comparison to the previously studied theory and
literature review. The Gioia Methodology was particularly useful here as it highlighted reasoning by
combining empirical insights with existing theoretical perspectives to generate new exploratory
concepts (Magnani et al., 2023). Codes and themes were refined and compared with theoretical lenses
of judgement- and knowledge-based perspectives to strengthen reliability. Thematic analysis,
complemented by the Gioia framework, was choses as it is well-suited for exploring this emerging

phenomenon of Al in VC, and for highlighting commonalities and differences in expert perspectives.
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1st Order Concepts 2nd Order Themes Aggregate Dimensions

Al in sourcing:
automation of lead identification, data scraping, thesis-
riven outreach

in screening:
memao drafting, competitor mapping, scoring systems
e.qg., GRITscore)

Al in due diligence:
limited adoption, challenges with incomplete/inconsistent
ata

Operational
transformation

Al in portfolio management:
anomaly detection, summarization, but hindered by
startups’ reluctance to share data

(Al in exits:
inimal use; exits still human-driven

enefits:
efficiency, faster processing, scaling sourcing, improved

nowledge structuring, democratization of access . i
Sociotechnical
tensions

uman judgment & intuition:
irreplaceable in team assessment, founder guality,

U7 LITIT

trateqic fit
Challenges: Future
fragmented/poor data, GDPR, talent shortage, — trajectories

(organizational resistance, organizational restructuring

Custom vs. off-the-shelf tools:
hybrids dominate; small funds rely on commercial
solutions, large funds build proprietary systems

Strategic
positioning

uropean constraints:
fragmented markets, GDPR limits, smaller funds, slower
doption

Institutional & contextual
Eopes & fears: )

constraints

opes:
democratization, efficiency, better decisions, leveling the
field

Nk

ears:
herd behavior, reliance on U.5./China tools, neglect of
maller businesses, overregulation

Figure 1: Overall Data Structure

4 Interview findings

4.1 Al adaptation across the VC lifecycle

Al adoption in VC is gradually increasing, with most interviewees agreeing that it primarily supports

data-heavy, repetitive, or early-stage analytical tasks rather than core investment decisions. How
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much and what type of Al is adapted varied depending on the VC firm size, whether the focus is on
early or a later stage, available data, investment thesis, and the willingness to invest in technology
infrastructure. Custom in-house solutions are rare and mostly concentrated in firms that had
embraced technology from the start or have focused major resources towards in-house engineering
departments, such as VC-1, VC-5, VC-6, VC-9, VC-10, VC-11, VC-12 and AI-3 whereas other
respondents (VC-2, VC-3, VC-4, VC-7, VC-8, VC-13) rely on off-the-shelf tools for limited use
cases. Beyond size and stage focus, Al adaptation was also heavily shaped by internal data
governance and procurement. Several interviewees noted that stitching together heterogeneous

datasets enforcing access across LP, fund and portfolio layers remains a blocker.

Most interviewees saw Al’s strongest current role in deal sourcing: the process of scanning thousands
of startups for potential leads. VC-5 described a fully integrated data pipeline that combines
information from different sources, market movements, and company signals and then runs the data
through different evaluation models. This then allows their team to screen thousands of startups
annually and proactively reach out to these startups at scale. Similarly, VC-6 has developed a semi-
automated sourcing engine that collects structured data from different databases, uses Al algorithms
to rank potential opportunities, and initiates outreach. This approach reduces reliance on “low-quality
inbound leads” and supports a more thesis-driven sourcing strategy. In contrast, most early-stage
investors (VC-1, VC-2, VC-3, VC-7, VC-8) reported that sourcing is still predominantly network-
driven. The main barrier is the lack of structured, publicly available data for early companies that
makes them nearly invisible to algorithms. Al experts (Al-1, AI-2) echoed that sourcing automation

is only as good as the data foundation: Al cannot identify what is not digitally visible.

In screening, Al is commonly used to accelerate the first evaluation of a company by summarizing
information, generating competitor maps, and drafting memos (VC-2, VC-3, VC-7). VC-5
mentioned automated evaluation models that assign simple scoring and prioritization to startups
before a human investor looks into them. VC-6 similarly uses Al to extract structured data from call
transcripts and decks to assign a score based on the G.R.I.T. framework. G.R.I.T. stands for ARR
(annual recurring revenue) Growth, Retention, Runway, meaning how long before the company runs
out of funding, and Efficiency. Contradictions emerged in how far Al can assist with team
assessment. VC-11 suggested that scraping and aggregating publicly available data, such as LinkedIn
profiles, already offers useful proxies for founder backgrounds. In contrast, VC-13 and VC-4
cautioned that Al remains “too straightforward” in interpreting human qualities and cannot capture
interpersonal dynamics. Al-1 offered experimental methods where founders interact with Al systems
to simulate collaboration scenarios, but these remain exploratory. Similarly, AI-3 explained that their
in-house proprietary data platform, had successfully predicted startup outcomes using feedback loops

between partners and algorithms. However, adding that portability across funds is nearly impossible



37

without shared proprietary data. Despite advances, human judgment still dominates the screening
stage. Many interviewees highlighted that Al insights are only as reliable as their inputs (VC-3, VC-
6, VC-7, VC-8). Additionally, AI-1 pointed out that while Al can surface correlations or patterns, it
is time and resource intensive to train to assess qualitative aspects such as team cohesion, founder
resilience, or decision-making under uncertainty. As a result, screening decisions remain a hybrid of

data-driven filtering and human intuition.

Al adoption in due diligence is still experimental. While some firms have begun using Al tools to
validate financial models or check assumptions (VC-6), most respondents reported that due diligence
remains a manual, conversation-driven process. VC-5 noted that Al can pre-draft investment memos
and generate scenario analyses, but the final assessments depend heavily on private data disclosed
by startups that’s driven by relationships built on trust. Several VCs (VC-1, VC-2, VC-3, VC-4, VC-
10) expressed scepticism about Al’s ability to accurately model risk at this stage, as private company
data is often inconsistent, incomplete, or deliberately curated by founders. VC-1 shared to have been
looking for ways to automate due diligence for closer to 10 years. They explained that for this to be
made possible, investors would need to gather the same information in a unanimous format from all
startups. Especially in early-stage investing, no solution had yet been found due to the lack and
fragmented data of documentation within startups. Al-1 suggested that Al could eventually assist in
“stress testing” investment hypotheses and uncovering causal patterns that humans might miss, but
this would require greater data standardization as well as secure data-sharing frameworks, which are
not yet common practice. Echoing VC-1’s decade-long search for solutions, Al experts emphasized
that bottlenecks are structural. VC-9 and AI-3 explained that even with advanced models, no platform
has yet succeeded in safely integrating proprietary deal data across providers. Similarly, VC-11
warned of LLMs’ “affirmation bias,” meaning they often validate founders’ claims rather than
critically challenge them. This scepticism aligns with VC-3’s concerns about European regulatory
constraints, suggesting that data standardization, rather than modelling sophistication, is the critical

barrier.

Portfolio monitoring is one of the least Al-driven stages in the VC lifecycle. While Al could
theoretically flag anomalies or predict future challenges based on company KPIs and market
projections, the reality is quite different. VC-1, VC-3 and VC-6 mentioned that portfolio companies
are often reluctant to share real-time operational data as performance fluctuates. “Often data doesn’t
tell all.” VC-1 pointed out that in some cases withholding data from investors while a startup
navigates a bump in their road may save both the investor and the startup from unnecessary panic.
These moments are, however, very context reliant. VC-1 and VC-2 emphasized that portfolio support
is primarily relationship-based. AlI-2 suggested that as data-sharing norms mature, this stage could

see more automation, enabling earlier interventions and proactive support. AI-3 noted that
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knowledge management systems already attempt to centralize deal documentation so that investors
can query a portfolio’s history conversationally. Similarly, AI-3 described the principle of
“denoising”, an act of filtering signals from the growing volume of portfolio and market data, as a
core future value. Yet, VC-13 observed that many early-stage builders lack resources to
systematically track performance, relying on ad hoc updates instead. VC-12 insisted that without
clear theses and consistent data labelling, portfolio insights risk being misleading rather than being

helpful. This contrast shows how monitoring practices diverge sharply across fund models.

None of the interviewees reported using Al in exit planning. Exit timing and deal structuring remain
inherently human and context-dependent, as they are driven by market conditions, negotiation
dynamics, and strategic fit (VC-1, VC-3, VC-6). The only Al-related impact mentioned was indirect:
companies without Al capabilities in their own products may struggle to achieve high valuations in
current markets (VC-1, VC-6). This trend confirms buyer and market interest towards Al solutions
and influences exit readiness and but is not linked to VC firms’ internal Al tooling. Although no
respondent reported direct Al use in exit planning, some pointed to indirect effects. VC-10 argued
that Europe’s weak DPI track record has made returning capital the overriding priority, which might

incentivize funds to adopt Al for scenario modelling in the future.

4.1 Off-the-shelf vs. custom solutions

Most respondents reported using off-the-shelf Al solutions such as ChatGPT, Grok, LinkedIn
scraping tools, and transcription assistants for day-to-day tasks. VC-2 explained that they “plug Al
into research and memo drafting,” saving hours on manual work but noting that results “still need
human validation.” VC-7 uses similar tools for competitor mapping and quick market overviews,
describing them as “great for speed, but too generic to rely on for real decisions.” VC-3 added that
data privacy concerns limit their use of public Al tools: “We can’t just feed startup financials into
third-party systems because of GDPR and confidentiality issues.” The consensus among traditional
firms (VC-2, VC-3, VC-7, VC-8, VC-11) was that off-the-shelf tools are easy to adopt, cheap, and
provide incremental productivity improvements, but they offer no proprietary edge because “every
other VC can use the same thing” (VC-1). VC-12 further cautioned what VC-1 pointed out: relying
on the same publicly available models risks entrenching herd behaviour, as “everyone ends up
looking at the same deals through the same lens.” VC-9 agreed but emphasized that integration into
proprietary pipelines can still yield an advantage if teams discipline themselves to update, structure,

and cross-link outputs with internal knowledge repositories.
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In contrast, three firms in the sample (VC-1, VC-5, VC-6) have invested heavily in custom-built Al
stacks. VC-5 described their firm as “a technology company doing VC,” with a fully integrated
workflow that ingests vast professional datasets, uses proprietary scoring models to rank
opportunities, and automates many internal processes such as meeting notes, memo drafting, and
follow-up generation. This infrastructure allows them to screen more and cover more ground than
competitors without additional headcount. VC-1 and VC-6 also built semi-automated systems for
sourcing and deal evaluation, combining algorithmic filtering with human oversight. These firms
emphasized strategic differentiation as a key advantage of custom solutions: VC-5 noted that “you
can’t get these insights from a generic tool because we’re training on proprietary data,” while VC-6

said, “we control our process end-to-end, which means fewer blind spots.”

However, custom solutions come with significant barriers to entry. VC-6 admitted that building these
tools required dedicated engineers and ongoing maintenance. VC-5 noted that even with
sophisticated infrastructure, “data quality is still the limiting factor.” AI-2 supported this point,
explaining that the firms that will benefit most in the future are those that “combine proprietary data
with tailored Al systems,” but this requires both capital and technical talent. Most popular approach,
after off-the-shelf solutions, is exploring hybrid approaches, mixing off-the-shelf capabilities with
partial internal automation. VC-6 described using public LLMs for drafting documents but feeding
sensitive startup data only into internal scripts and secure environments. AI-2 suggested this blended
model is likely to become more common, as it balances cost-effectiveness, data privacy, and
incremental differentiation. VC-9 already applies this hybrid approach by embedding open models
within its internal data platform, ensuring that outputs are instantly contextualized with proprietary
metrics, while VC-12 argued that hybrids are attractive precisely because they limit lock-in to a
single vendor ecosystem. VC-9 underscored vendor risk, compliance reviews, and model governance
as hidden costs for smaller teams, whereas AI-2 argued that disciplined evaluation frameworks can
keep “off-the-shelf first” strategies viable if tools are swapped or retrained against clear KPIs (VC-
9, VC-12, Al-2).

4.2 Benefits & value creation

Across the interviews, the consensus is that Al currently creates incremental, efficiency-focused
value in VC rather than fundamentally transforming investment decision-making. Even when
adoption levels vary, respondents agreed that Al primarily frees time for higher value tasks and

improves research and data structuring. The potential for more transformative value, however, still
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stays largely unreached due to structural constraints like data scarcity, lack of standardization, and
cultural barriers within VC. Several respondents also noted that organizational behaviour can be as
much a barrier as technology. VC-13 emphasized that for smaller, venture-builder style firms, the

challenge is not cost but lack of time and effort to systematically implement Al strategies.

The most widely recognized benefit of Al is its ability to automate repetitive, low-value tasks across
the investment process. VC-2, VC-3, VC-7 and VC-8 reported using Al tools for rapid information
gathering, summarizing market research, and drafting investment memos. Instead of manually
combing through search engines, news articles, and public databases, tools like ChatGPT, Perplexity,
and Grok allow analysts to generate first drafts of market research and competitor mapping in
minutes. VC-5 emphasized that custom-built pipelines cut manual data-processing time dramatically,
stating that tasks that once took several hours or even days are now completed in a fraction of that
time. Similarly, VC-6 described the ability for faster outreach and shortened sourcing-to-contact
cycle due to automated models preliminary scoring. According to VC-3, while Al is not changing
the fundamental nature of VC work, it is reducing the hours spent on non-core, administrative tasks,
allowing partners to dedicate more focus to evaluating strategic fit and nurturing relationships. Al-2
noted that, across industries, maturity in Al usage directly correlates with shorter decision-making
cycles. VC-11 illustrated this by pointing to automated background aggregation of founders, which
accelerates the initial screen, while VC-9 described how simple text-processing agents save hours in

portfolio reporting.

Another widely acknowledged value driver is the ability to scale deal sourcing beyond human limits.
VC-6 reported that automated sourcing and outreach have increased their “deal universe”
substantially, thereby improving their ability to pursue outbound opportunities aligned with their
thesis rather than relying on inbound pitch decks of varying quality. This allows a view into a more
diverse deal flow. VC-9 similarly described how their in-house data platform provides a proactive
view of the market, emphasizing that data integration, rather than tooling alone, is the key
differentiator. VC-1 and VC-10, however, warned that sourcing advantages are often temporary, as
widely available datasets level the playing field and erode differentiation. Al-1 agreed, stressing that
unless data foundations improve, sourcing automation will only replicate surface-level visibility
rather than uncover hidden opportunities. In contrast, VC-4 noted that while Al can support trend
spotting and information organization, its usefulness in sourcing is still constrained by the availability

of reliable datasets.

Al is able to organize fragmented, unstructured information into usable formats that in turn can
support quicker, more informed decision-making. VC-6 illustrated how automated call transcription
and structured extraction of key metrics and the use of frameworks like GRIT, improve the sharing

of internal knowledge and reduce errors and manual data entry. Similarly, VC-5 highlighted that Al-
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enhanced data pipelines have allowed their company to make comparisons more reliable by building
a consistent evaluation framework that looks at all incoming opportunities. Al-1 emphasized Al’s
potential to challenge assumptions and test hypotheses, allowing VCs, at least in theory, to spar with
Al-generated perspectives and quantify uncertainties more systematically. Although this is not yet
fully realized, several interviewees see long-term value in Al’s ability to process complex datasets
and uncover patterns that humans may miss in later stages when more financial and operational data
is available. Al-3 underlined that the key challenge lies not in model sophistication but in “data
representation”: without consistent ontologies linking documents, emails, and pitch decks, large

language models cannot reason effectively across contexts.

Some interviewees expressed optimism that Al could democratize VC access by making sourcing
more data-driven and less reliant on closed personal networks (VC-7, Al-2). Al could help identify
founders outside traditional hubs or personal introductions, potentially levelling the playing field.
While this effect is still aspirational, respondents see it as a possible future value proposition. VC-10
also connected this to diversity, noting that if everyone uses the same tools, herd behaviour may
increase but at the same time well-designed systems could expand the visibility of underrepresented
founders. This was also noted by VC-12, who suggested that standardized Al scoring risks
converging everyone on the same “obvious” deals. VC-1 argued that contrarian bets depend on
human intuition that algorithms cannot replicate. So, while Al might broaden access, there is also the

risk of standardization reinforcing existing biases.

By removing manual burdens, Al allows investors to focus on high-value human interactions such
as deep due diligence conversations, founder mentoring, and long-term strategy development (VC-
2, VC-3, VC-5). VC-5 described Al freeing partners to think more creatively and spend more time
on impactful work rather than repetitive reporting. At the same time, VC-1 and VC-13 reiterated that
founders ultimately value personal interaction and trust, meaning that efficiency gains cannot replace
the relational core of venture capital. Al-2 agreed that effective Al integration shifts decision-making
toward a more evidence-based, hypothesis-testing approach, complementing human judgment
instead of replacing it. VC-6 and VC-9 echoed this, noting that while automated insights speed up

decisions, the responsibility and accountability to LPs, is still firmly with the human partners.

4.3 Challenges and limitations

Every interviewee highlighted significant practical, cultural, and ethical barriers that are standing in

the way of larger Al adoption. These challenges affect not only the quality of Al insights but also the
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willingness of investors and founders to rely on them. Overall, Al is seen as a support tool, limited

by fragmented data, complex human dynamics, immature technology, and regulatory considerations.

The biggest barrier cited by all VCs mentioned is the lack of data and its inconsistency. This applies
specially when it comes to early-stage startups. VC-1, VC-2, VC-3, VC-7 and VC-8 emphasized that
many promising companies have little to no public data available, making automated sourcing and
analysis inherently unreliable. Even when data points exist, they are often incomplete, unstructured,
or deliberately curated by founders, introducing noise and bias into Al-driven assessments. VC-12
described this as a “pattern problem”, because “...unicorns are outliers, replicating their success with

historical training data is nearly impossible.”, leaving models with misleading benchmarks

VC-6 explained that reliable Al models depend on structured input, metrics that are rarely
standardized across startups. As a result, “garbage in, garbage out” remains a recurring theme: no Al
system can compensate for poor or missing data. Both Al experts (AI-1, Al-2) highlighted that
significant advances in secure, standardized data-sharing frameworks are needed before Al can make
a meaningful predictive impact in VC or any other industry. Al-3 reinforced this by pointing out that
no platform has yet managed to integrate proprietary deal data safely across funds, creating silos that

stall predictive modelling.

Several VCs (VC-1, VC-3, VC-6) reported that founders are often hesitant to share sensitive
operational or financial data with investors in real time. Concerns include reputational risks, fear of
overexposure, and not wanting to scare investors with minor challenges highlighted in their data.
This reluctance creates blind spots that Al tools cannot fill. VC-6 pointed out that even after
investment, reporting is often curated, filtered, and delayed, limiting opportunities for Al-driven
proactive support. Without full access to accurate data streams, Al remains confined to processing
public signals or outdated numbers that poorly indicate real-life performance. VC-9 observed that
also within funds, fragmented ownership and varying documentation of data creates further barriers.
Especially in larger firms where compliance, investment, and operations teams may manage different

datasets with little integration.

Al adoption is not just a technical challenge but also a human one. Several interviewees (VC-1, VC-
3, VC-7, VC-8, Al-1, Al-2) observed that many professionals are defensive or sceptical about Al due
to fear of being replaced, losing perceived expertise, or diminishing their own judgment’s value. VC-
1 and AI-2 mentioned that resistance often stems from ego and job security concerns, leading
individuals to either avoid Al tools or use them secretly without acknowledgment. VC-13 pointed
out that for many smaller teams the main barrier lies more in “laziness of learning” or the lack of
dedicated time to learn at the pace of development, rather than the cost of tools. VC-1, VC-2 and
VC-4 added that trust-based relationships are at the heart of VC, making both investors and founders
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reluctant to let algorithms intermediate crucial human interactions or drive partnerships. Full Al
adoption was considered culturally uncomfortable, as decisions about partnerships or boardroom

dynamics are deeply personal and context dependent.

Generic off-the-shelf tools (VC-2, VC-3, VC-7, VC-8) lack VC-specific training, making results
often superficial or inaccurate. Whereas custom tools (VC-1, VC-5, VC-6) require significant
investment in engineering talent, data infrastructure, and maintenance. Additionally, contextual
understanding is poor. Al struggles with nuanced judgment calls, such as evaluating founder vision,
team chemistry, or non-quantifiable competitive advantages (VC-1, VC-6, Al-1). Additionally, Al-
1 warned that Al systems aren’t neutral but often reflect biases that are built in through their training
data. As VC-6 phrased it, “Al is like a smart intern: helpful, but not ready to make decisions on its
own.” Indicating that Al lacks maturity for high stakes calls. VC-11 echoed this sentiment,
emphasizing that while scraping public founder data can provide signals, it cannot substitute for the

tacit knowledge gained in long-term relationships

Regulatory frameworks in Europe create uncertainty. VC-3 and VC-6 noted that GDPR and similar
data privacy rules restrict experimentation with automated due diligence and portfolio monitoring,
as sharing raw startup data with external models can breach compliance rulings. This leads many
firms to limit Al use to public or anonymized datasets, greatly reducing its depth and reliability. VC-
3 highlighted that legal risk aversion outweighs potential efficiency gains, particularly for established
funds with institutional LPs, where reputational stakes are high. AI-2 also broadened the view by
explaining that most companies have not planned how they protect their data when it comes to
feeding confidential or personal data into third-party Al platforms. VC-9 added that integration work
itself is heavily constrained by compliance reviews, which often delay or block experiments before

they reach scale.

Beyond technical and regulatory issues, several interviewees flagged strategic and ethical risks such
as increased herd behaviour, overreliance, reinforced bias, and a possibility for a future where
decision-making power is centralized among a few model providers. Al-1 specifically warned that if
Al capabilities remain controlled by a handful of actors, capital allocation could become less
democratic and innovation more constrained, raising systemic risks beyond individual investment
decisions. VC-13 deepened this systemic concern, cautioning that Europe’s heavy reliance on U.S.
and Chinese platforms risks leaving local VCs dependent on external infrastructures that do not

reflect European priorities
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4.4 Conclusions: Human judgement vs. Al insights

All interviewees agreed that, despite Al’s growing role in sourcing and information processing, final
investment decisions remain fundamentally human. VC-1 emphasized that venture investing is “a
people’s business,” where trust, emotional intelligence, and long-term relationships with founders
and limited partners outweigh data models. Similarly, VC-7 stated that “a founder’s resilience or
ability to lead through uncertainty can’t be captured by an algorithm.” Public data scraping can
provide signals but never substitutes for tacit knowledge gained from long-term engagements with

founders, states VC-11.

Even the most Al-driven firms stressed the augmentative, not autonomous, nature of Al. VC-5
described their system as “a high-performance vehicle that still needs a human driver,” while VC-6
said that Al “helps us make sense of information but doesn’t decide where we put our money.” AI-2
echoed this, noting that “critical decisions require structured thinking and human context; Al can
inform but not replace that process.” Al-3 similarly warned that no system has yet bridged the gap
between predictive analytics and the interpersonal dynamics of boardroom negotiations, which
remain “irreducibly human”. VC-9 added that while automation shortens preparation cycles,

accountability to LPs ensures that humans must ultimately validate every judgment call.

Several respondents highlighted that overreliance on Al could introduce new risks, such as missing
unconventional opportunities or reinforcing biases embedded in datasets (Al-1, VC-3, VC-4, VC-8,
VC-12, VC-13). VC-12 went further, cautioning that standardized scoring models risk converging
everyone on the same “safe” investments, undermining the contrarian bets that often generate
outsized returns. VC-10 also suggested that VC professionals may embrace Al cosmetically to signal
innovation to LPs while keeping human judgment central, thereby avoiding reputational risk if
algorithmic decisions go wrong. Instead, VCs are using Al mainly to free up time for deeper founder
interactions and strategic thinking, ensuring that technology enhances rather than diminishes the
human dimension of VC. As VC-2 summarized, “Al gets us to the table faster, but the conversation

and the decision are still entirely human.”

5 Discussion

Next the empirical insights from the semi-structured interviews are compared with the themes of the
literature review. The aim is not to reiterate previous chapters but to critically evaluate where
academic expectations and theories connect or contradict findings. While Al adoption is accelerating,

as 78% of organizations report using Al in at least one business function in 2024, up from 55% the
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year before, VC presents a distinct context shaped by information asymmetries, human judgment,
and fragmented European markets (Stanford HAI, 2025). Perspectives diverge across our broader
sample. While several investors highlight measurable gains from Al in top-of-funnel sourcing and
triage, others point to persistent bottlenecks in data integration and the heterogeneity of European
datasets that dilute these gains. Experts echo this tension: some see rapid productivity improvements
from commoditised tooling yet warn that evaluation drift and overfitting to historical success patterns
can strengthen biases rather than mitigate them. The interviews included VC professionals (VC-1-
VC-13) and experts working on and studying Al (AI-1-AI-3). Offering a nuanced view of how and

where Al is (and is not) reshaping the VC investment lifecycle.

5.1 Al Adoption Across the VC lifecycle

Al adoption across the European VC industry and as a part of their lifecycles remains uneven. Most
firms are using tools for limited tasks and not for integrating them into decision-making processes.
Industry reports highlight AI’s large potential to streamline sourcing, screening, due diligence, and
portfolio monitoring to process larger volumes of information at a lower cost (Deloitte, 2024;
McKinsey, 2025). In theory this all should work. However, empirical evidence tells a different story.
Actual adaptation is gradual and experimental. Many firms lack standardized data infrastructure, or
the type of data needed to support advanced Al applications is not available or reliable enough (Data-
Driven VC, 2024, Interviews). The interviews gave a look into the reality in the industry and
reinforced this fragmented picture. Interviewed Al experts added by explaining how some companies

aren’t ready for Al adaptation, due to their lack of understanding where Al could be most useful.

Several interviewees have built semi-automated sourcing platforms that scrape for data from inbound
messages, multiple databases, apply ranking algorithms, and even initiate automated outreach to
promising leads. This allowed for a more proactive outreach strategy instead of relying solely
inbound leads. These platforms were seen as adding efficiency but not replacing the “human touch”
or use of networks in the industry. The level of usefulness was mostly determined by the investment
stage. Later-stage investors, investing in already established startups raisin series B onwards, saw
scarping tools generally more useful, as there was more public information about the companies for
the Al to discover. On the other hand, for many early-stage investors who often want to be the first
at the cap table, sourcing remains predominantly network driven and manual, as available data on

young startups is unstructured, if it exists at all.

During the screening stage, if data is available, Al is already able to help summarize pitch decks,

conduct market research or competitor analysis, and thereby accelerate preliminary evaluations.
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Despite allowing for some knowledge gathering or preparation for meetings, the consensus stays that
human judgment remains decisive also at this stage. Some use cases were brought forward, like when
GenAl was used in drafting diligence notes and structuring memos or when Al tools effectively
flagged sectoral mismatches or exaggerated claims. These examples however often came with the
warning of outputs remaining “superficial” without proprietary data or human interaction. In theory
team dynamics and founder resilience could be tested with psychological evaluations and the results
analysed by algorithms. However, in reality, the results were not considered reliable enough to weigh
heavily on an investment decision. The same for due diligence, where the majority of the trust-based
data for early-stage investments is gathered from founders during conversations. Even with
transcribed meetings and note-taking tools, the gathered data would need to be further processed and
standardized before being put to use. Collecting data in such a unified format was not seen accessible.
This is consistent with the literature, which emphasizes that Al’s effectiveness depends heavily on
data availability and quality (EIF, 2024; Deloitte, 2024). This strengthens the argument that while

Al extends the analytical toolkit, reliability concerns limit its role in assessing teams or resilience.

Portfolio monitoring and exits are currently the least Al-driven lifecycle stages. Interviewees
indicated that while Al could theoretically flag anomalies based on startup KPIs, practical
implementation is rare. Startups often reporting data with delays or curate information selectively,
made automated monitoring unreliable without strong data-sharing frameworks. Some interviewees
saw potential for more advanced applications if all historical deal data, meaning pitch decks,
communications, diligence notes, could be consolidated into a single repository where LLMs can be
queried, acting as a large prediction model and KMS for the company. This would work best in larger
VCs and financial institutions, who have accumulated large amounts of data. Nevertheless, the risk
of persistent integration challenges remained, meaning that reliable automation is difficult to attain

without substantial infrastructure and unified data formulation.

5.2 Oft-the-shelf vs. Custom Al Tools

The literature review findings highlighted a clear advantage between using off-the-shelf tools and
developing custom in-house solutions. Lower-cost and quickly deployable off-the-shelf solutions are
seen as lacking in customization and not providing long-term competitive advantages, whereas
custom systems allowed for the use of proprietary knowledge, unique datasets, and differentiated
evaluation processes. The need for significant technical expertise, longer development time, and

higher cost was acknowledged (McKinsey, 2025; Data-Driven VC, 2024).
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Interview findings largely confirmed the literature, but they did add nuance by showing how
adaptation depends less on the tools themselves and more on organizational context. A recurring
theme was that the effectiveness of Al was contingent on what the problem was, how success was
measured and the maturity of internal processes. Several respondents compared this to the early days
of the internet, where firms adopted technology because they “had to”, without clear vision on value
creation. This aligns with knowledge management research, that presents that technological
advantages materialize only when embedded into organizational routines and evaluation practises
(O’Dell et al., 2012; Heisig, 2009). Additionally, the interviews proved that the size of the advantage
depended heavily on what tools were needed, what they were used for, if they were used for their
intended use and how effectively they could be integrated. Most of the current benefit came from
gathering data, running numbers, scraping for opportunities, matching companies with investment

theses and text production.

Also firm size and resource availability play a significant role. Smaller firms predominantly rely on
commercial platforms such as ChatGPT, Grok, AlphaSense, Amy.VC or other similar data providers
for early-stage screening. While these tools reduce time spent on repetitive tasks, their outputs are
generic and accessible to all users, offering no unique edge. By contrast, larger and more
technologically oriented firms have built in-house data labs and proprietary pipelines that integrate
heterogeneous data sources that were often supported by dedicated engineering teams. This divide
mirrors patterns identified in in the literature. Off-the-shelf solutions democratize access to Al but
successful differentiation requires internal knowledge bases and proprietary data (Gornall et al.,

2020).

Data acts as a structural bottleneck. Both interviews and academic literature connect on the point that
without exclusive datasets, most off-the-shelf solutions risk commoditization and make companies
loose competitive advantages. Furthermore, without exclusive inputs, Al outputs converge, resulting
in increased herding behaviour and standardization (IMF, 2024; Gornall et al., 2020). This does not
necessarily work in an industry built on innovation and disruption. Several interviewees stressed that
scraping the same public information risks leading funds towards the same opportunities, creating a

dynamic that contradicts VC’s need for contrarian bets.

Custom solutions, however, are challenging for many European funds due to talent shortages,
fragmented data infrastructure, and high regulatory burdens around data privacy (EIF, 2024; IMF,
2024). While industry reports often highlight the theoretical potential of bespoke Al systems (Data-
Driven VC, 2024), professionals highlight the realities of budget constraints, high opportunity costs
and cultural hesitation towards heavy technical investments. Cultural hesitation aligns with the
societal differences between Europe and US, where Europe is slower to implement new technologies

and has a more negative view to second chances, making it more cautious compared to its US
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counterparts. In this sense, the findings differ slightly from global industry surveys, which portray
hybrid adaptation as straightforward. For many European firms, such hybridity is aspirational rather

than fully realized.

5.3 Theoretical perspectives: Human Judgement vs. Al Insights

Decision-making literature has consistently highlighted the limits of Al in replacing human intuition.
It suggests that while Al extends human cognitive capacities by rapidly processing large datasets and
identifying patterns that could otherwise be overlooked (Simon, 1955; Tversky et al., 2013; Du,
2024), it does not replicate relational expertise, emotional intelligence and context-specific
judgement that characterize VC. Instead, Al compliments human decision-making by reducing

informational constraints.

Judgment-based theories highlight that VC professionals operate in bounded rationality, make
decisions with limited time, incomplete information and considerable uncertainty (Simon, 1955;
Gigerenzer et al., 2001). Al is able to help with these limitations by improving information
availability, anomaly detection and providing different types of analytics (McKinsey, 2025). Several
interviewees described how automated scoring or ranking systems accelerate the filtering of
opportunities and therefore reduce the manual burden of early screening Yet, these tools provide only
preliminary direction as the conviction whether to invest or not, still requires human evaluation of

team dynamics, market context and founder resilience.

Knowledge-based theories highlight the role of tacit knowledge, networks, and organizational
learning in VC (Grant, 1996; Nonaka et al., 1996). From this perspective Al’s contribution lies in
managing and structuring information flows within the organization. Applications, like extracting
key performance indicators (KPIs) from call transcripts or structuring notes into a CRM allows for
improved internal learning and efficiency. These functions support the circulation of explicit
knowledge and promotes faster learning and helps in standardizing elements in processes (Grant,
1996; Nonaka et al, 1996). Yet, experiential learning, trust-building with founders, sensing market
timing and context-specific understanding cannot be codified into algorithms (Huang et al., 2015;

Da Rin et al., 2013).

Interviewees across firms stressed that Al is a "smart intern”: useful for repetitive data tasks but
incapable of making strategic conviction-driven decisions. Respondents consistently emphasized that
VC is ultimately relational, meaning about who you know. Founders want and expect long-term

partners, who can empathize, negotiate and commit to uncertainty. This aligns with academic work
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that suggests the future VC model will likely be augmented, meaning it combines algorithmic

insights with human expertise rather than replacing it (Data-Driven VC, 2024; Deloitte, 2024).

5.4 Key Challenges and Risks

The literature noted several challenges and risks associated with the adaptation of Al. As the foremost
barriers highlighted already in the literature, is the lack of quality standardized data. Especially when
it comes to early-stage investing, where data is inconsistent, fragmented and often too limited to train
reliable models (Data-Driven VC, 2024; EIF, 2022; IMF, 2024). This was strongly echoed by nearly
all interviewees, with several emphasizing that Al models are only as effective as the data they
receive. Professionals noted that automation and Al can accelerate basic screening, but making
decisions about investment decisions still requires direct interaction with founders, since early-stage
information is often incomplete or misleading. Technical experts further reinforced the view that the
bottleneck is less about algorithmic sophistication and more about how unstructured inputs can be
represented that LLMs can process reliably. This is in line with knowledge management literature,
which highlights that translating tacit expertise into structured formats is one of the most persistent

challenges in organizational learning (Nonaka & Takeuchi, 1996; Heisig, 2009).

Another challenge, less discussed in academic literature but, but instead repeatedly mentioned by
both Al researchers and VCs was organizational resistance. Many less data-driven professionals
expressed hesitation to integrate Al and others had noticed the phenomena in peers. The underlying
reasoning was often referred to professional identities and expertise that were closely tied to
traditional ways of working. Senior professionals, in particular, were described as hesitant to rely on
algorithmic recommendations, fearing that it undermines the “craft” of venture investing. In contrast,
younger analysts tend to experiment more openly with new tools in hopes of finding new efficiencies.
This generational divide reflects broader findings in organizational theory, where the adaptation of
new technologies often depends on technical feasibility, cultural acceptance and willingness to
reconfigure professional roles (Grant, 1996; O’Dell et al., 2012). Friction between technical staff and
investment partners was also reported as each group brings different expectations of what Al could
and should deliver. This further proves how adaptation barriers are as much social and organizational

as they are technical.

Other major challenging topics highlighted by literature, like lack of transparency, vendor lock-in,
over-reliance on algorithms, or ethical and environmental risk, appeared less during the interviews.
Most firms reported remaining in exploratory phases with off-the-shelf solutions, meaning that long-

term risks of dependency have not yet materialized. In contrast, algorithmic bias was more of a
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concern in practice. Several interviewees warned that training models on historical venture data risks
reinforcing existing biases, like favouring familiar geographies, educational or professional
backgrounds or founder archetypes. This can entrench inequalities rather than reducing them. This
mirrors academic concerns that Al can strengthen systemic exclusion if not carefully designed and
monitored (IMF, 2023; OECD, 2021). Thesis-driven funds were seen as particularly vulnerable to
“hard-coding” their own worldviews into proprietary models and thereby potentially narrowing

rather than diversifying investment strategies.

Growing concerns about energy consumption and the ecological footprint of large-scale Al systems
were seen as an interesting phenomenon that was largely acknowledged. Reports have highlighted
the growing energy consumption of Al data centres and the environmental footprint of compute-
intensive training (OECD, 2021; Masanet et al., 2023; Crawford, 2021). While some professionals
framed this as an ethical challenge, others viewed it as a source of strategic opportunity. For example,
ecological debates were seen as catalysts for investment in climate-tech solutions, suggesting that
environmental concerns may serve less as a direct barrier to adaptation and more as a driver for new
thematic priorities within the industry. This reflects the dual nature of sustainability in Al: Al

presents both a risk to be managed and a market opportunity to be seized.

5.5 Future Outlook

The integration of Al into European VC is shaped by advancements in data infrastructure, regulatory
evolution, and cultural adaptation within the industry. Both literature and interview findings point
towards a slow, gradual transition from Al as an efficiency tool to a more strategic enabler of

investment decision-making.

All interviewees, more or less predicted that Al would reduce reliance on junior staff by automating
sourcing, screening, repetitive market research tasks, and number crunching. This shift allows
partners to perform tasks once delegated to analysts, raising the possibility for leaner investment
teams and potentially lower management fees. This is in line with literature that suggests automation
will streamline workflows and increase operational efficiency (Data-Driven VC, 2024; EIF, 2024).
Literature frames this shift is often as cost optimization, whereas interviewees underlined the
structural implications. If smaller, Al-augmented teams become the industry norm may this mean
death to the traditional apprenticeship model in VC. This also means a change in role description for
analysts, whose task may be narrowed down and tied more directly to fundraising and portfolio

support.
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Better data availability will be crucial for AI’s future impact. Multiple interviewees say that if
startups were able to provide more structured, standardized data, it would significantly improve
visibility on Al-driven sourcing platforms. Literature supports this view, proposing that industry-
wide initiatives could establish reporting standards and enable more accurate predictive models (Du,
2024; EIF, 2024). VC’s noted that startups often provide inconsistent or biased pitch materials,
leaving Al tools “blind” without structured data inputs. Even when firms have invested in custom in-
house pipelines, most engineering resources are dedicated to data cleaning and harmonization rather
than algorithmic innovation. Moreover, disagreements within firms about which data points actually
matter complicate the codification of a shared approach. Both theory and practice agree on the
conclusion that Al’s transformative potential remains contingent on whether startups themselves
prioritize structured accessible data. This remains a question that neither literature nor interviews

have yet answered.

VC decision-making will likely become more augmented. Judgment-based theories have long argued
that bounded rationality and tacit expertise are central to VC decision-making (Tyebjee & Bruno,
1984; Huang et al., 2015). Interviews aligned with this perspective that conviction-driven decisions
under uncertainty and relationship-building with founders and operators are unlikely to be replaced
by algorithms. Instead, the future VC model is likely to be augmented. A model combining analytical

depth and scalability from Al with qualitative assessments that remain inherently human.

Future AI applications could provide real-time portfolio analytics, early risk detection, and better
exit timing predictions (McKinsey, 2025). As adoption grows, data privacy, fairness, and
explainability standards are expected to mature (OECD, 2021; IMF, 2024). Many interviewees
acknowledged Europe’s strong Al governance framework, but they disagreed on its strategic
implications. One interviewer suggesting that European VCs risk being “followers” if regulation
slows down adoption, whereas U.S. and Chinese firms push ahead and regulate when something goes
wrong. An interesting contrary view painted Europe’s strong regulatory framework as a potential
differentiator. This view argued that it could create trust in Al-augmented investing and attract global

LPs looking for transparency. Despite these debates, no interviewee wished for further regulation.

6 Conclusions

This study reveals that instead of serving as a transformative force in decision-making, Al currently
serves as an efficiency enhancer in European VC. While its adaptation is growing, current use cases

of Al focus on sourcing and screening. More limited applications can be found in due diligence, and
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even more limitation when it comes to portfolio management and monitoring. Exit planning has
remained mostly unaffected due to its ties to market conditions and lack of automatable tasks. Human
judgment remains indispensable, especially when evaluating qualitative factors like founder
resilience, team cohesion, and long-term strategic fit. Additionally, other major forces driving this
dynamic are the industry’s reliance on networks, notions of responsibility and long-term
partnerships. s Both founders and limited partners (LPs) place high value on direct human interaction,

preferring to build trust and relationships face-to-face rather than relying solely on technology.

AI’s most immediate value lies in automating repetitive, manual, low-value tasks. This allows for
leaner VC teams as well as faster information processing. However, the lack of standardized high-
quality data in early-stage startups majorly limits current use cases and predictive capabilities. Off-
the-shelf tools are widely used for their accessibility and low adaptation barriers. Compared to
custom in-house solutions and workflows, they offer less competitive advantage. Custom solutions
may offer strategic advantages but require substantial resources, data, and technical expertise that

may be difficult to obtain.

Key barriers to broader Al adaptation include poor data quality and lack of data, strict data privacy
regulations, conscious, unconscious, and/or cultural resistance within the firm, algorithmic bias, and
shortage of technological talent. These challenges suggest that to be able to successfully build and
integrate Al into European VC will depend on building secure, standardized data-sharing

frameworks, attracting engineering talent, and normalizing the use of algorithms and Al.

Looking forward, Al is expected to gradually reshape VC operations. Leaner, more data-driven teams
are likely to become the norm, potentially influencing traditional management fee structures. Hybrid
human-Al decision models will prevail, with Al augmenting but not replacing human intuition.
Improved data availability and evolving regulations could unlock AI’s potential in later stages of the

investment lifecycle, including portfolio monitoring and exit strategies.

Future research should focus on longitudinal studies assessing Al's real impact on VC performance,
comparative analyses of Al adoption across regions, and empirical investigations into best practices
for integrating custom Al solutions in fragmented markets like Europe. Understanding how Al can

enhance both speed and decision quality remains a key academic and practical challenge.
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Appendix: Interview questions

Thematic

Bucket

Question

General Question

Can you briefly describe your role and the firm you work for?

Al-related

questions

How do you see Al reshaping the core competencies required of a

successful VC over the next 3-5 years?

Do you currently use Al in your processes? How?

3.1 Do you use any Al-based platforms or custom tools for screening

startups? How effective are they?
3.2 Do Al tools play any role in how you structure deals or assess risk?

3.3 How do you balance human intuition with Al-generated insights in

investment decisions?

What are the strengths and limitations of Al in analysing startups’ data

or team quality?

4.1 How do you balance leveraging Al tools with navigating Europe’s

strict data privacy and compliance requirements (e.g., GDPR)?

Do you monitor portfolio company performance or identify

intervention points? Why?

Do you believe Al will fundamentally change the nature of

partnerships between VCs and startups? Why?
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7 | Do you think Al will change the way venture capitalists work over the
next 3-5 years? Why? What after 5 years?
8 | What are the main challenges in adopting Al (e.g., cost, talent, data
integration)?
9 | How is the rise of alternative funding sources (e.g., crowdfunding,
corporate VCs, family offices) reshaping competition for deals?
Market-related | 10 | Do you think the balance between early-stage and growth-stage capital
questions in Europe is changing? If so, what’s driving it?
11 | Do you see any major shifts in how VCs plan for and execute exits in
the next few years?
12 | Where do you see the greatest actual vs. potential value of Al across
the VC lifecycle today?
Personal opinion | 13 | Looking ahead, what’s your greatest hope and your greatest fear
question regarding Al’s impact on European VC?
14 | Is there anything else you’d like to add that you believe is important for

this research?




	1  Introduction
	2  Literature review
	2.1  Venture Capital
	2.1.1  VC Structure and Investment Strategies
	2.1.2  VC Operations: VC lifecycle
	2.1.3   Europe vs. US market

	2.2  Artificial Intelligence
	2.2.1  Generative Artificial Intelligence (GenAI)
	2.2.2  AI in public conversation: Ethics, risks, and opportunities
	2.2.3  Knowledge management systems (KMS)

	2.3  Intersection of AI in VC
	2.3.1  AI’s effect on Finance
	2.3.2  AI's effect on venture capital
	2.3.3   Opportunities and Challenges of AI in VC
	2.3.4   AI and VC in European context
	2.3.5   Off-the-shelf vs Custom AI solutions

	2.4  Theoretical Lenses: Judgment- and Knowledge-Based Perspectives
	2.4.1  Judgment-Based Theories of Decision-Making in VC
	2.4.2  Knowledge-Based Theories in VC


	3  Methodology
	3.1  Interview structure and questions
	3.2  Data Analysis

	4  Interview findings
	4.1  AI adaptation across the VC lifecycle
	4.1  Off-the-shelf vs. custom solutions
	4.2  Benefits & value creation
	4.3  Challenges and limitations
	4.4  Conclusions: Human judgement vs. AI insights

	5  Discussion
	5.1  AI Adoption Across the VC lifecycle
	5.2  Off-the-shelf vs. Custom AI Tools
	5.3  Theoretical perspectives: Human Judgement vs. AI Insights
	5.4  Key Challenges and Risks
	5.5  Future Outlook

	6  Conclusions
	References
	Appendix: Interview questions

