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Abstract

This thesis aims to contribute to the existing research on agency problems in the venture
capital industry. It consists of three empirical essays. The venture capital investment
process involves various parties with potentially conflicting interests who enter long-term
contracts under incomplete information. Namely, these parties are the venture capital
firm, led by general partners usually referred to as venture capitalists who manage the
funds; the entrepreneurs seeking funding for their venture; and the limited partners who
provide the capital for the venture capital funds to invest. The relationship between the
three parties is complex, as the general partner serves both as an agent for the limited
partner and a principal for the entrepreneur. While all parties may have the common
goal of successful investments, they may also have conflicting interests that can lead to
tension in the relationship. Each of the included essays examines one selected aspect
related to agency theory in venture capital.

In the first essay, we explore the potential agency conflict between limited partners and
general partners in venture capital firms due to changes in investment style. Investment
style refers to the characteristics of a venture capital fund’s portfolio, such as the portfolio
companies’ stage of development, location, and industry. While investment style can
significantly impact the risk and return profile of a fund, it is usually not explicitly
agreed upon by limited and general partners. We argue that changes in investment style,
known as style drifts, can reveal information about the risk-taking behavior of venture
capitalists and present empirical evidence in support of this claim. To determine whether
style drifts constitute an agency conflict, we consider two sets of hypotheses. The first
set posits that style drifts are intentional decisions to take on more risk, potentially
driven by incentives related to compensation or employment. The second set suggests
that style drifts may occur because of competitive pressure and may not necessarily be
indicative of an intent to increase risk. Our findings suggest that style drifts are likely to
create an agency conflict, as the evidence supports the hypothesis that well-performing
venture capitalists increase investment risk to benefit from higher compensation potential
via carried interest when they feel confident, they will be able to raise a follow-on fund
securing their base income via management fees. Additionally, we examine the impact of
style drifts on individual investments and fund performance and find that overall, style
drifts hurt a fund’s exit rate, indicating the potential for increased risk.
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In the second essay, we examine the relationship between venture capitalists and en-
trepreneurs, specifically focusing on the role of information asymmetry in the funding
process. Using text classification and text mining techniques we analyze the content
and level of detail in capital allocation plans provided by entrepreneurs to investors,
which serve as a proxy for private informational updates that are typically not widely
available. Our analysis shows that investors do consider the content and specificity of
these updates when making valuation decisions and that both positive information signals
and more detailed information are related to higher valuations. We also investigate the
effect of the relative level of information asymmetry between venture capitalists and
entrepreneurs on the value of these updates, finding that they are more impactful in
situations where there is a higher level of information asymmetry. The results of our
study have practical implications for entrepreneurs, as we find that the negative impact
of negative information signals can be offset by providing highly specific information
and that the value of an informational update is influenced by the existing level of
information asymmetry.

In the third essay, I explore the impact of university affiliations on the initial matching
process between venture capitalists and founders, the involvement of the investor during
the funding relationship, and the eventual startup performance and investment exit
success. University affiliations can influence the funding relationship through two channels:
first, attending a top university may serve as a signal of founder quality to venture
capitalists, helping them to avoid adverse selection; second, shared alumni networks
may establish trust and reduce information asymmetry between otherwise unknown
individuals. Using a dataset of 42,101 investments involving 38,452 unique venture
capitalists and founders, I find that educational ties between venture capitalists and
founders have a positive effect on the funding relationship, including the initial matching,
the level of involvement of the investor during the funding relationship, and the eventual
startup performance and investment exit success. The effect of sharing an educational
background between a venture capitalist and a founder is about five times larger than
the effect of a founder attending a top university. Further, the results also show that
educational ties are more valuable the more exclusive they are, and that redundant ties
between the founding team and the investors have diminishing value for the investment
decision.
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Kurzzusammenfassung

Die vorliegende Arbeit soll einen Beitrag zur bestehenden Forschung über Agency-
Probleme in der Risikokapitalbranche leisten. Sie besteht aus drei empirischen Aufsätzen.
Am Prozess der Risikokapitalinvestitionen sind verschiedene Parteien mit potenziell
gegensätzlichen Interessen beteiligt, die unter unvollständigen Informationen langfristige
Verträge abschließen. Bei diesen Parteien handelt es sich um die Risikokapitalgesellschaft
unter der Leitung von Risikokapitalgebern, die die Fonds verwalten, um die Unternehmer,
die eine Finanzierung für ihr Unternehmen suchen, und um die Limited Partners, die
das Kapital für die Investitionen der Risikokapitalfonds bereitstellen. Die Beziehung
zwischen den drei Parteien ist komplex, da der Risikokapitalgeber sowohl als Agent für
den Limited Partners als auch als Prinzipal für den Unternehmer fungiert. Auch wenn
alle Parteien das gemeinsame Ziel erfolgreicher Investitionen verfolgen, können sie auch
gegensätzliche Interessen haben, die zu Spannungen in der Beziehung führen können.
Jeder der enthaltenen Aufsätze untersucht einen ausgewählten Aspekt im Zusammenhang
mit der Agency-Theorie bei Risikokapital.

Im ersten Aufsatz wird der potenzielle Agency-Konflikt zwischen Limited Partners
und Risikokapitalgebern in Risikokapitalgesellschaften aufgrund von Änderungen des
Investitionsstils untersucht. Der Investitionsstil bezieht sich auf die Merkmale des
Portfolios eines Risikokapitalfonds, wie z.B. das Entwicklungsstadium, den Standort und
die Branche der Portfoliounternehmen. Der Anlagestil kann sich zwar erheblich auf das
Risiko- und Ertragsprofil eines Fonds auswirken, wird aber in der Regel nicht ausdrücklich
von den Limited Partners und Risikokapitalgebern vereinbart. Wir argumentieren,
dass Veränderungen im Anlagestil, die so genannten Style Drifts, Aufschluss über das
Risikoverhalten von Risikokapitalgebern geben können, und präsentieren empirische
Belege zur Unterstützung dieser Behauptung. Um festzustellen, ob Style Drifts einen
Agency-Konflikt darstellen, prüfen wir zwei Hypothesen. Die erste Hypothese besagt,
dass Style Drifts absichtliche Entscheidungen zur Übernahme von mehr Risiko sind, die
möglicherweise durch Anreize im Zusammenhang mit der Vergütung bedingt sind. Die
zweite Hypothese besagt, dass Style Drifts als Folge von Wettbewerbsdruck auftreten
können und nicht unbedingt auf eine beabsichtigte Risikoerhöhung hindeuten. Unsere
Ergebnisse deuten darauf hin, dass Style Drifts wahrscheinlich zu einem Agency-Konflikt
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führen, da die Ergebnisse die Hypothese stützen, dass leistungsstarke Risikokapitalgeber
das Anlagerisiko erhöhen, um von einem höheren Vergütungspotenzial über Carried
Interest zu profitieren, wenn sie sich sicher sind, dass sie in der Lage sein werden,
einen Folgefonds einzuwerben, der ihr Grundeinkommen über Managementgebühren
sichert. Darüber hinaus untersuchen wir die Auswirkungen von Style Drifts auf einzelne
Investitionen und die Fondsperformance und stellen fest, dass Style Drifts insgesamt die
Erfolgsquote eines Fonds beeinträchtigen, was auf ein erhöhtes Risiko hinweist.

Im zweiten Aufsatz untersuchen wir die Beziehung zwischen Risikokapitalgebern und
Unternehmern und konzentrieren uns dabei insbesondere auf die Rolle der Information-
sasymmetrie im Finanzierungsprozess. Mithilfe von Textklassifizierungs- und Textmining-
Techniken analysieren wir den Inhalt und den Detaillierungsgrad von Kapitalalloka-
tionsplänen, die den Investoren von den Unternehmern zur Verfügung gestellt werden.
Unsere Analyse zeigt, dass Investoren den Inhalt und die Spezifität dieser Information-
saktualisierungen bei ihren Bewertungsentscheidungen berücksichtigen und dass sowohl
positive Informationssignale als auch detailliertere Informationen mit höheren Bewertun-
gen verbunden sind. Wir untersuchen auch die Auswirkungen des relativen Ausmaßes der
Informationsasymmetrie zwischen Risikokapitalgebern und Unternehmern auf den Wert
dieser Informationsaktualisierungen und stellen fest, dass sie in Situationen mit einem
höheren Maß an Informationsasymmetrie größere Auswirkungen haben. Die Ergebnisse
unserer Studie haben praktische Auswirkungen für Unternehmer, da wir feststellen,
dass die negativen Auswirkungen negativer Informationssignale durch die Bereitstellung
hochspezifischer Informationen ausgeglichen werden können und dass der Wert einer In-
formationsaktualisierung vom bestehenden Grad der Informationsasymmetrie beeinflusst
wird.

Im dritten Aufsatz untersuche ich die Auswirkungen von Universitätszugehörigkeiten
auf den anfänglichen Matching-Prozess zwischen Risikokapitalgebern und Gründern, die
Beteiligung des Investors während der Finanzierungsbeziehung und die letztendliche Per-
formance des Start-ups und den Erfolg der Investition beim Ausstieg. Die Zugehörigkeit
zu einer Universität kann die Finanzierungsbeziehung über zwei Kanäle beeinflussen:
Erstens kann der Besuch einer Spitzenuniversität den Risikokapitalgebern als Signal für
die Qualität des Gründers dienen und ihnen helfen, ‚Adverse Selection‘ zu vermeiden;
zweitens können gemeinsame Alumni-Netzwerke Vertrauen schaffen und Information-
sasymmetrien zwischen ansonsten unbekannten Personen verringern. Anhand eines
Datensatzes von 42.101 Investitionen, an denen 38.452 Risikokapitalgeber und Gründer
beteiligt waren, stelle ich fest, dass sich Bildungsbeziehungen zwischen Risikokapital-
gebern und Gründern positiv auf die Finanzierungsbeziehung auswirken, einschließlich
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des anfänglichen Matchings, des Umfangs des Engagements des Investors während der
Finanzierungsbeziehung und der letztendlichen Startup-Performance und des Erfolgs
beim Ausstieg aus der Investition. Der Effekt eines gemeinsamen Bildungshintergrunds
zwischen einem Risikokapitalgeber und einem Gründer ist etwa fünfmal so groß wie
der Effekt eines Gründers, der eine Spitzenuniversität besucht hat. Außerdem zeigen
die Ergebnisse, dass Bildungsbeziehungen umso wertvoller sind, je exklusiver sie sind,
und dass redundante Beziehungen zwischen dem Gründerteam und den Investoren einen
abnehmenden Wert für die Investitionsentscheidung haben.
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Introduction 1
„Venture capital is about extracting enormous

signal out of very little data.
— Nigel Morris

(Venture Capitalist)

1.1 Motivation

The most common organizational form of venture capital financing is the independent
private partnership between limited partners and general partners organized in venture
capital firms. The interplay of general partners, limited partners, and entrepreneurs on a
very simplified level works as follows: venture capital firms act as financial intermediaries
that raise funds from investors (e.g. pension funds or family offices) acting as limited
partners. General partners at the venture capital firm usually contribute a small fraction1

of the fund’s capital as well to ensure ’skin in the game’, i.e. align interests between
limited and general partners. Eventually, general partners invest the fund’s total capital
into entrepreneurial companies on behalf of their limited partners. The goal of the fund
is to increase the value of the invested capital over the fund’s lifetime. This is achieved
by exiting its portfolio companies after – in the best case – considerably increasing their
value.

Since the 1990s, the venture capital industry has experienced significant growth and
evolution. In the early 1990s, the total amount of venture capital invested in the
United States was around USD $6 billion per year, accounting for almost 100% of global
venture capital investments (NVCA 2011). Since then, venture capital has become an
increasingly important factor for innovation financing and economic growth globally.
Figure 1.1 depicts the development of global aggregate venture capital funding over
the last two decades. By 2010, global aggregate venture capital funding had increased
to around $47 billion. In 2021 venture-capital-backed companies in the United States
raised almost $335 billion, while globally venture capital-backed companies raised around
$683 billion (NVCA 2022), underscoring the field’s growing importance both in the

1Typically general partners provide approximately 1% of the fund’s capital (Sahlman 1990).
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Figure 1.1.: Global Venture Capital Investment into Portfolio Companies (2004-2021)
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United States and the rest of the world. Today, it is a crucial source of funding for
entrepreneurial ventures, providing the capital and expertise needed to turn innovative
ideas into successful businesses. The development naturally has led to an increased
interest among academics, policy-makers, regulators, and practitioners in the subject
(Cumming and Vismara 2017). A growing body of literature has scrutinized various
aspects of venture capital. The most active research areas include, e.g. the relationship
between funds and companies, heterogeneity among venture capital investors, the process
of matching between venture capitalists and entrepreneurs, or the effect of venture capital
on the macroeconomic development.2

From a theoretical perspective, the overall venture capital investment process involves
several entities and agents with diverging interests that have to enter incomplete contracts
with time horizons of several years (see e.g. Hart 1995). This includes the venture
capital firm in which venture capitalists acting as general partners organize funds, the
entrepreneurs seeking funding, and the limited partners providing the capital for the
venture capital firm to invest. Figure 1.2 provides a schematic and simplified overview of
a typical venture capital setup. Sahlman (1990) describes and analyzes the relationship
between the three parties. What makes the venture capital context especially interesting
from an agency theory perspective is that a general partner acts both as an agent (for the
limited partner) and as a principal (for the entrepreneur). While all three parties may
share the common goal of achieving successful investment outcomes, they may also have
conflicting interests that can lead to tension in venture capital relationships. For example,

2See e.g. Tykvová (2018b) or Rin et al. (2013) for a structured survey of literature in the field.
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the general partner may want to closely monitor and control the company’s operations
to ensure that the investment is being used effectively, while the entrepreneur may resist
this level of oversight. Or, the limited partner might desire a different risk-return profile
for the fund than the general partner who might be maximizing his own compensation
via risky investments. These examples can all be related to typical situations in agency
theory: moral hazard and information asymmetry, adverse selection, and signalling. This
thesis builds on the theoretical framework provided by contract and agency theory and
contributes to empirical research in venture capital.

1.2 Structure of the Thesis

This thesis seeks to contribute to the literature about agency issues in venture capital.
It consists of three empirical essays connecting aspects of venture capital financing to
agency theory. Figure 1.2 gives a simplified overview of the relevant venture capital
setup and schematically highlights each essay’s context and which relationship they
scrutinize.

Figure 1.2.: Graphical Structure of this Thesis
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The first essay included in this dissertation (presented in chapter 2) sheds light on a
potential agency conflict between limited partners and general partners. The Investment
Style Drift Puzzle and Risk-Taking in Venture Capital is co-authored with Hans-Peter
Burghof. The main idea comes from Lukas König, who also conducted most work on
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the project. The essay is published in the Review of Corporate Finance3. It examines
the phenomenon of investment style drifts in venture capital. Investment style in the
context of venture capital refers to the development stage, location, and industry of the
portfolio companies in a venture capital fund’s portfolio. Usually, investment style is
not contractually agreed on between limited partners and general partners, even though
it majorly influences the risk-return profile of a fund. Thus, if general partners decide
to adapt their investment style, the limited partners cannot influence that decision and
must trust them to act in their best interests. In the essay, we argue that style drifts
carry information about the risk-taking of venture capitalists and provide empirical
evidence for that notion. To find out whether deviations from an expected investment
style constitute an agency conflict, the essay analyzes the motivational factors for style
drifts by differentiating two groups of hypotheses. The first group assumes style drifts to
be deliberate risk-taking decisions. We apply the concepts of compensation incentives
and employment incentives established as tournament effect in the mutual fund literature
to venture capital funds. If general partners increase the fund’s risk profile to maximize
their own carried interest potential, this might not be in the best interest of limited
partners. The second group of hypotheses explains style drifts with competitive pressure.
If general partners adapt their style due to necessity the resulting risk implications
might simply be side effects, which could still be in the best interest of limited partners.
The empirical results provide evidence for the first group of hypotheses, i.e. that style
drifts constitute an agency conflict. Results show that general partners adapt their
investment style to exploit their incentive structure by playing off their compensation and
employment incentives against each other. Further, both deal-level, as well as fund-level
analyses, show that style drifts have a negative effect on exit performance even after
controlling for endogeneity concerns.

The second essay in this dissertation is titled Tell Me Something New: Startup Valuations,
Information Asymmetry, and the Mitigating Effect of Informational Updates (presented
in chapter 3). It is co-authored with Julius Tennert who provided the original idea
and data. Lukas König conducted all conceptual and empirical work on the project.
The essay is published in Venture Capital4. The essay focuses on the principal-agent
relationship between venture capitalists and entrepreneurs. The primary objectives of
this paper are to contribute to the literature on the significance of information asymmetry
in the context of venture capital funding relationships and to examine the mitigative

3Lukas Koenig and Hans-Peter Burghof (2022). “The Investment Style Drift Puzzle and Risk-Taking in
Venture Capital”. In: Review of Corporate Finance 2.3, pp. 527–585. doi: 10.1561/114.00000023

4Lukas Koenig and Julius Tennert (2022). “Tell me something new: startup valuations, information
asymmetry, and the mitigating effect of informational updates”. In: Venture Capital 24.1, pp. 47–69.
doi: 10.1080/13691066.2022.2026744
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effects of informational updates on the funding process. Information asymmetry is a key
problem for venture capitalists acting as outside investors who are at an informational
disadvantage compared to the founders of the entrepreneurial ventures in which they
invest. We use text classification and text mining approaches to extract the content
and specificity of capital allocation plans in a unique sample of 1,550 European funding
rounds. This serves as a proxy for the private informational updates shared with investors
by entrepreneurs that are usually not widely available to researchers. We hypothesize
that informational updates that signal that an entrepreneurial venture is in a later
stage of development, i.e. closer to positive cash flows, or that provide more specific
information about the venture’s prospects are related to higher valuations. We provide
empirical evidence that investors in fact do consider the content and specificity of the
provided informational updates in their valuation decisions. Both positive information
signals and more specific information are related to higher valuations. The paper also
hypothesizes that the relative level of information asymmetry between venture capitalists
and entrepreneurs will affect the impact of informational updates, with updates being
less impactful in situations where there is already a low level of information asymmetry.
The results support the hypotheses, showing that the value of informational updates is
higher in situations with higher levels of information asymmetry.

The third essay in this dissertation (presented in chapter 4) focuses on the initial matching
between venture capitalists and the founding team. The essay titled Cut from the same
Cloth: The Role of University Affiliations in Venture Capital Investments is single
authored by Lukas König. At the time of writing this dissertation, it had a "revise and
resubmit" at the Journal of Corporate Finance5. The initial two-sided matching between
a venture capitalist and a founder is the most important decision for both parties in the
overall funding relationship. Selecting the wrong startup or venture capitalist can have a
negative impact for the counterparty. Venture capitalists might end up with low-quality
companies in their portfolio and founders might have to give up parts of their decision
power to someone not aligned with their interests. In this paper, I exploit a unique
data set comprising 42,101 investments involving 38,452 unique venture capitalists and
founders to shed light on how their university affiliations might mitigate issues related to
adverse selection and information asymmetries. There are two channels where university
affiliations might impact a funding relationship. First, top-university affiliations can
act as a founder-quality signal for venture capitalists helping them to avoid adverse
selection, and second, belonging to the same alumni network might establish generalized
trust between otherwise unknown individuals reducing information asymmetry between

5Lukas Koenig (2022). “Cut from the same Cloth: The Role of University Affiliations in Venture
Capital Investments”. Working Paper available at SSRN. doi: 10.2139/ssrn.4248420
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them. Results show that the effect of sharing an educational background is about five
times larger than the effect of a founder attending a top university. More precisely, an
educational tie between a venture capitalist and a founder increases the likelihood of a
match by 23.6% over the unconditional baseline probability. Further, results also show
that educational ties influence the whole lifecycle of the funding relationships even after
the initial investment decision. In the presence of an educational tie venture capitalists
are more likely to invest in younger more risky companies, take board seats, and lead the
investment syndicate. Finally, the results indicate that a shared educational background
is related to a higher likelihood of a successful exit.
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Essay 1 – The Investment Style
Drift Puzzle and Risk-Taking in
Venture Capital

2

Abstract
Limited partners allocate capital into venture capital funds with the expectation of a
risk-return profile matching the fund’s investment style in terms of startup investment
stage, location, and industry. This paper draws a connection between style drifts in
these three dimensions and the connected risk-taking attitude of the general partner.
By analyzing a sample of 31,521 investments concerning the motivation for style drifts,
this paper seeks to answer whether style drifts are deliberate risk shifts or happen out
of competitive pressure. The results suggest that venture capitalists increase risk when
they have strong past performance and public markets are bullish to make the most of
the balance of compensation and employment incentives. This balancing most likely
constitutes an agency conflict between limited partners and general partners. Further,
results show that riskier style drifts have a negative impact on investment performance
even after controlling for performance persistence and endogeneity. Finally, the findings
show that aggregate style drift has a negative effect on a fund’s performance measured
as its exit rate.

Keywords: investment style, style drifts, agency conflict, risk, venture capital, en-
trepreneurial finance

Bibliographic Information
Lukas Koenig and Hans-Peter Burghof (2022). “The Investment Style Drift Puzzle and
Risk-Taking in Venture Capital”. In: Review of Corporate Finance 2.3, pp. 527–585.
doi: 10.1561/114.00000023

7

https://doi.org/10.1561/114.00000023


2.1 Introduction

The most common organizational form of venture capital is the independent private
partnership between limited partners (LPs) providing capital and general partners (GPs)
managing this capital in venture capital funds. The interplay of the different actors
involved in venture capital on a very simplified level works as follows: venture capital
firms are financial intermediaries that raise funds from investors (e.g. pension funds
or family offices) acting as LPs. GPs in the form of the venture capital firm usually
contribute a small fraction to the fund’s capital as well and invest the fund’s total
capital into entrepreneurial companies on behalf of their LPs. The compensation of GPs
consists of a fixed management fee based on assets under management and the option-like
carried interest - a share of the fund’s proceeds. The goal of the fund is to increase the
value of the invested capital over the fund’s lifetime. This is achieved by exiting its
portfolio companies after (in the best case) considerably increasing their value before
redistributing the fund’s capital to the investors. Cumming et al. (2009) and Buzzacchi
et al. (2015) both report that a large fraction of LPs sees investment style drifts as one
of their major concerns as reported in industry surveys. It is therefore puzzling that
the overall investment style is usually not contractually guaranteed between GP and
LP. An implicit agreement about investment style is consequently the only indication of
the expected risk-return profile of a fund for the LP. In other words, LPs select funds
to realize a desired risk-return allocation for their own portfolio based on the fund’s
expected investment style. The investment style of a fund in its core is made up of the
development stage, the location, and the industry of the entrepreneurial ventures in
its portfolio. As LPs have no influence on the investment decisions after their initial
capital commitment and therefore have to trust the GPs to act in their best interest,
LPs and GPs form a classical principal-agent relationship. When GPs drift from their
originally expected investment style, LPs cannot usually withdraw capital to rebalance
the risk-return profile of their own portfolio. Thus, this opens up a potential agency
conflict.
This paper seeks to contribute to the literature in several ways. First, the paper builds
on the findings of prior work in the field of investment style drifts in venture capital
adding further style dimensions and a new theoretical framework to the analysis. While
there is extant research about investment style in mutual funds (e.g. Chan et al. 2002;
Barberis and Shleifer 2003; K. C. Brown et al. 2009; Wermers 2012), there is only a
very small niche of research (Cumming et al. 2009; Buzzacchi et al. 2015; Bubna et al.
2020) on the topic in private equity mostly focussing on stage drifts, even though style
drifts, in general, appear to be a rather common phenomenon there as well. Second,
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by focussing on risk-taking implications of style drifts, the paper adds to the growing
literature about agency conflicts between LPs and GPs in private equity (Jenkinson et al.
2013; Chakraborty and Ewens 2018; G. W. Brown et al. 2019). We focus on the puzzle of
investment style drifts - namely the question of why LPs are concerned about style drifts
but do not contractually rule them out. To address the question of whether style drifts
constitute an agency conflict, this paper starts by laying out that all style drifts carry
information about the risk-taking of venture capitalists (VCs). Besides the established
view that downwards and upwards stage drifts respectively increase or decrease the risk
of a fund, we show that location drifts and industry drifts can also be related to the
risk-taking appetite of VCs at the time of investment. Based on this, we differentiate
between two groups of hypotheses of potential motivations for investment style drifts,
to evaluate whether or not style drifts are in the best interest of LPs. The first group
explains style drifts as deliberate risk-taking decisions. We draw on the tournament
effect established in the mutual fund literature (K. C. Brown et al. 1996) and apply
the concepts of compensation incentives, i.e. increasing one’s variable compensation
through carried interest, and employment incentives (Kempf et al. 2009), i.e. the fear
of losing future income in the form of management fees by not being able to raise a
(significant) follow-on fund, in the venture capital context. From a VC’s point of view,
it is rationale to balance the risk-taking strategy between employment incentives and
compensation incentives, however, for the LP this behavior is not desirable. The second
group of hypotheses explains drifts as a product of competitive pressure or as a necessity
due to cooler than usual exit markets. Drifts out of pressure or necessity would imply
that a change in the risk profile of the fund is a side-effect rather than a cause of style
drifts, which could be in the best interest of LPs. In contrast, if VCs deliberately alter
the fund’s risk to benefit from the higher compensation potential of riskier investments
and not because it is necessary to do so, style drifts constitute an agency conflict. Only
if there is evidence for both groups of hypotheses the puzzle of investment style drifts
can be reconciled because LPs must also benefit from leaving GPs freedom in their
investment decisions. Lastly, by analyzing fund performance implications of all style
drift dimensions the paper adds to the literature about factors influencing private equity
performance.
The results of the analysis of 31,521 initial investments in this paper largely support the
argument that style drifts represent an agency conflict. They indicate that risk-taking
increases when employment incentives are weak and therefore compensation incentives
gain in importance. The propensity to style drift into riskier investments is higher when
VCs are performing well and when public market conditions are favorable as VCs then
feel confident of being able to raise a large follow-on fund. But not all risky style drifts
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constitute an agency conflict. Industry drifts seem to differ from stage and location
drifts, because the analysis of the motivational factors shows, that industry drifts cannot
be explained by the same factors. Results indicate that industry drifts might very well
be in the best interest of LPs because they are mostly out of necessity. These findings
seem to partly unravel the style drift puzzle, as there are ’good’ and ’bad’ motivations
for style drifts from the point of view of a LP. In addition to the investigation into the
risk-taking aspect of style drifts, this paper also analyses the subsequent impact of style
drifts on individual investment success and overall fund performance. Controlling for
the potential endogeneity of style drifts and exit outcomes, the analysis shows that style
drifts significantly affect individual investment success in terms of success probability.
As LPs allocate their capital into funds and not individual investments, we also analyze
the effect of style drifts on overall fund success. Combining all style drifts into a single
aggregate style drift measure shows that on average style drifts decrease the exit rate of
venture capital funds. For example, a fund without a single style drift in its portfolio,
all else equal, has a 7.4 percentage points higher exit rate, than a fund that drifts in at
least one style dimension in every single investment.
The remainder of this paper is structured as follows. First, section 2.2 introduces relevant
literature about style drifts and risk-taking in venture capital and develops testable
hypotheses. Next, section 2.3 showcases the dataset and goes over the main variables
of interest, before section 2.4 covers the econometric analysis and discusses the results.
Finally, section 2.5 concludes.

2.2 Background and Hypotheses

2.2.1 Style Drifts and Risk-Taking

From a LP’s perspective, a venture capital fund is nothing but a vehicle to invest money
in. LPs select funds with specific preferred investment styles to realize a desired risk-
return allocation for their own portfolio. As with any other investment vehicle, there
is a certain risk associated with venture capital in general but also with each specific
portfolio a fund builds up over its lifetime in particular. Assessing the risk of a venture
capital fund poses a non-trivial challenge compared to other asset classes (Cochrane 2005;
Cumming et al. 2005). Because of the lack of an active secondary market for venture
capital investments the asset class is highly illiquid. Further, VCs usually do not publish
data about their investments. But even when information is available, ’stale pricing’, i.e.
keeping the valuation of the individual investments at cost until valuations are finally
realized or a write-off becomes necessary, constitutes a problem when trying to evaluate
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risk in venture capital (Gompers and Lerner 1997; Emery 2003). Thus, it is usually
impossible to rely on time series of fund returns or volatility for risk estimation.
However, literature has spawned different attempts to measure at least the risk-taking
appetite of GPs, as a way to proxy fund risk. For example, Chircop et al. (2020) use
syndication and staging behavior as a measure of risk-aversion. Further, other authors
show that some specific investment characteristics such as the investment round number
(Cochrane 2005) or the portfolio company’s development stage (Diller and Kaserer 2009;
Buzzacchi et al. 2015), can be related to the specific level of inherent ’investment risk’
associated with a deal. Following this line of argument, we propose that the expected
investment strategy or style of a fund sets the baseline for a fund’s risk profile. Comparing
any given investment of a fund with the expected investment style of the same fund then
allows for a relative risk assessment in comparison to the initially expected investment
style. More precisely, each style dimension of an investment bears some information
about the risk-seeking or risk-avoiding behavior of the GP managing the fund. In this
sense, it is possible to make a judgment about whether an investment is associated with
more than the expected risk based on the preferred investment style. Thus, this relative
risk assessment answers the question of whether a GP increases the fund’s risk relative
to the fund’s expected risk profile.
The first style dimension that can be easily connected with the risk-taking attitude of
the GP is the development stage of the portfolio company. Startups can be classified
according to their development stage into seed stage, early stage, expansion stage, and
later stage. A seed-stage startup has yet to prove that it can generate a viable business
model, attract employees, and find customers. So, intuitively a seed-stage startup is
associated with higher investment risk than a later-stage startup, based on the fact that
the probability of failure is inherently much higher than for a later-stage startup, which
already revealed much information about its quality. Investing in earlier development
stages than expected is therefore clearly associated with a higher risk-taking appetite
compared to investing in the expected investment stage.
Second, investing internationally1 instead of domestically comes with higher risk for
the VC, because greater geographical distance and institutional distance (Tykvová and
Schertler 2014) between portfolio company and VC lead to weaker monitoring, which
is associated with a lower likelihood of a successful exit (Bernstein et al. 2016). This
means the increased risk is not per se a characteristic of the portfolio company as is the
case with stage drifts. It is rather a sign of the increased risk appetite of the GP because
the fund manager is willing to accept higher levels of information asymmetry and a

1International investments is defined as investments in companies that are headquartered in a country
that is different from the venture capital fund’s home country.
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decreased ability to monitor an international investment. In line with this argument,
Cumming and Dai (2010) find that VCs exhibit weaker local bias when they are more
capable of overcoming information asymmetries. For example, a French venture capital
fund investing in a Japanese portfolio company can be considered taking on more risk
than the same fund investing in a company in France, because the geographical distance
and institutional distance make picking a low-quality portfolio company more likely
and frequent monitoring more tedious. Nahata et al. (2014) call this the ’liability of
foreignness’.
Third, the choice of investment industry also allows making an inference about the relative
risk appetite of a VC. VCs benefit from a narrow industry focus and specialization
(Norton and Tenenbaum 1993; Sørenson 2008; Gompers et al. 2009), because not
all experiential knowledge is valuable across industries. Due to the high information
asymmetry in venture capital investments, a high degree of specialization in a few
industries is a way for VCs, to decrease the adverse selection risk. As typically core
technologies, trends, and markets differ among industries, more specific experience allows
VCs to better select the best investment opportunities. This can be related to the
seminal work of Akerlof (1970), who introduces the concept of a market for lemons.
The paper shows how information asymmetry between buyers and sellers can negatively
affect trading in a market. In the matching process of a VC and a potential portfolio
company VCs without industry knowledge might only be presented with low-quality
investment opportunities that other specialized VCs with focus on the same industry
have already declined, i.e. lemons in the sense of the model of Akerlof (1970). While
the entrepreneur knows about the true quality of the portfolio company, distinguishing
high-quality from low-quality investment opportunities is much harder for unspecialized
VCs without industry experience leading to a much higher adverse selection risk and
subsequently an increased likelihood of picking a lemon. In addition, staying within the
preferred industry also increases the probability of being able to add value to portfolio
companies utilizing industry knowledge, which further helps to mitigate part of the
inherent idiosyncratic investment risk after the initial selection.
Overall, it is important to note, however, that risk-taking in the context of venture capital
investments is not directly equivalent to most other asset classes. Other than in public
markets, private information and the possibility to strongly influence the decisions and
thus the success probability of portfolio companies via board seats and other value-adding
services differentiates VCs’ abilities to attenuate negative consequences of deals that are
perceived as risky at the time of investment. Chemmanur et al. (2011) show that VCs
are not only good at selecting high-quality portfolio companies but that they are also
able to add value to portfolio companies after the initial investment. Thus, it is not
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trivial to predict how the risk-taking attitude of a GP influences individual investment
performance and especially fund performance.

2.2.2 Style Drift in the Private Equity Literature

There is only a small niche of literature analyzing style drifts in private equity. More
precisely, there are only three noteworthy papers specifically analyzing style drifts in the
private equity literature. Cumming et al. (2009) are first in dealing with investment style
drifts in private equity. The focus of their paper is on a theoretical model that derives
conditions that lead to style drifting for venture capital funds based on signaling theory.
They predict that young fund managers (GPs) drift less out of signaling considerations.
To attract capital for their future funds, GPs have to prove to LPs that they do not
deviate from the expected investment style. They find empirical evidence in support of
the theoretical model. However, the paper is limited to investment stage-related style
drifts. Other style dimensions are not considered. Further, Cumming et al. (2009) do
not link the style drifting activity to the risk-taking attitude of the GP. This means they
simply study the extent to which a fund deviates from its stated investment objective in
terms of a portfolio company’s development stage. This limits the scope of their empirical
work, because upward and downward drifts, representing opposite risk-taking decisions,
are most likely caused by different factors and because other style drift dimensions are
not considered.
Buzzacchi et al. (2015) build on the basic approach of identifying style drifts of Cumming
et al. (2009). They use a unique sample of 149 government-supported venture capital
funds in Europe to analyze how management incentives influence the propensity of
investment stage drifts. Their sample is quite small and might not be representative
due to the focus on publicly sponsored European venture capital. The paper’s focus
is also solely on investment stage drifts and does not consider style drifts concerning
industry or location. However, in contrast to the earlier work of Cumming et al. (2009)
they separately look at upward and downward stage drifts and consider the risk aspect
of the respective drifting directions. They relate the different investment stage drifts
to different risk categories and find some limited empirical evidence that funds with a
higher number of write-offs tend to upwards drift less, i.e. decrease risk less, than more
successful funds. Further, they find that public market conditions positively influence
the risk-taking attitude of GPs.
Bubna et al. (2020) look at private equity overall and therefore include classical VC
funds as well as buy-out oriented funds in their sample. They deviate strongly in what
they define as style drift. Rather than focussing on the ex-ante stated investment goals
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of a fund, they introduce a vector-based investment style measure that captures variation
in investment stage, location, and industry. This measure is designed to capture a
relative change of investment style compared to the prior investment year. While they
are first in analyzing style drifting in private equity including more than stage drifts, a
drawback of their methodology is, that they are not able to investigate style drift on
a deal level. The methodology requires Bubna et al. (2020) to calculate the style drift
measure on an aggregate VC-firm-year level. Further, their style measure convolutes
all three dimensions of style into one single measure. As a result, they cannot analyze
the determinants of the individual style dimensions separately and cannot connect style
drifting to risk-taking behavior. Their main empirical finding is that the aggregate effect
of their style drift score on performance is negative, i.e. style consistency is beneficial to
the VC firm performance.

2.2.3 Motivation for and Performance Implications of Style Drifts

Economic theory has spawned several potential explanations for why GPs drift in their
style. Not all potential factors driving style drifts automatically constitute an agency
conflict between LPs and GPs. First, we focus on potential motivations of style drifts
that are based on the assumption that fund managers actively consider investment risk
when they decide to drift in their style. This means that the following hypotheses assume
style drifts to be deliberate risk-taking decisions, that might not be in the best interest
of the LP.
As venture capital funds compete for the capital commitments of limited partners, they
implicitly engage in a theoretical fund tournament. K. C. Brown et al. (1996) first
introduced the concept of fund tournaments in the context of mutual funds competing
for future capital inflows. According to them, mutual fund managers compete in a yearly
tournament based on their mid-year performance, in which only highly ranked funds
receive significant future capital inflows, by ’winning’ the fund tournament. Because
compensation is directly related to the fund size in a typical mutual fund fee model2,
there is a strong compensation incentive to reach a high rank in this implicit tournament,
to increase assets under management. Thus, according to this compensation incentive,
it is rational for poorly performing fund managers in the first half of the tournament
to increase their risk in the second half to increase their chance of reaching a top-rank
(Chevalier and Ellison 1997). This view assumes that fund managers have much to
gain but nothing to lose, by increasing the risk in the second half of the tournament.

2Mutual funds usually charge a fixed fee for the assets under management and a variable fee for past
performance.
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Kempf et al. (2009) introduce a second incentive to consider in these tournaments.
Low-performing fund managers in the first half of the tournament might fear losing their
jobs if their performance develops even poorer going forward (Khorana 1996; Chevalier
and Ellison 1999b). Thus, in this case, the employment incentive, i.e. not losing one’s
job and future income, should lead to decreased risk-taking compared to other fund
managers in the second half of the tournament, to decrease the probability of even worse
performance.

While venture capital funds do not follow the same working mechanisms as mutual funds,
the general idea with some adaptions is transferable to venture capital funds as well.
In contrast to the mutual fund setting, the main compensation incentive for VCs is
carried interest, a substantial share of the proceeds of successful investments. The yearly
tournament setting with a ranking at each year’s end does not directly apply to venture
capital funds. Due to the private and closed-end nature of venture capital funds, VCs
typically do not accept further inflows into an existing fund during its lifetime after a
certain point in time. So, increasing assets under management by attracting further
inflows to maximize the fixed management fee should play no role in venture capital.
But of course, venture capital firms do also compete for future capital inflows, however,
only to establish follow-on funds and subsequently also generate future income. Even
though there is no public transparency about current venture capital fund performance,
LPs do usually have the possibility to screen the recent investment history of potential
VCs on a private basis before they commit capital to a new fund. In a setting where only
well-performing venture capital firms can raise a lot of capital for the launch of a new
fund (Chung et al. 2012), not being able to attract enough capital at least drastically
diminishes a VC’s future income potential or at worst even poses a threat for a venture
capital firm’s continued existence, because their existing funds only have a predetermined
finite lifetime. In support of this, Crain (2018) argues that already successful VCs
will increase their risk more than poorly performing VCs because their performance
going forward will less likely negatively affect their ability to raise a follow-on fund.
He also finds empirical evidence that the market for follow-on funds punishes poorly
performing VCs more than it rewards well-performing VCs, which is why VCs adapt
their investment strategy based on their past performance. Subsequently, this means
employment incentives should be much more important for poorly performing VCs in
the venture capital industry compared to the mutual fund setting, while compensation
incentives based on carried interest are much more pronounced for well-performing VCs.3

It then follows, that low-performing venture capital firms should be expected to exhibit
3The incentive scheme explained here does not rule out the possibility, that some VCs exhibit such

a bad performance that they assume that they will not be able to raise a follow-on fund without
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a lower risk-taking appetite in comparison to well-performing venture capital firms, to
balance the incentive structure between compensation and employment incentives.

H1: Style drifts into riskier investments are more likely for VCs with strong past
performance, while style drifts into less risky investments are more likely for VCs
with poor past performance

In line with the relationship between past performance and style drifting, Buzzacchi et al.
(2015) hypothesize that favorable public market conditions are related to more risk-taking
in venture capital. Whereas employment incentives are overall much less pronounced in a
booming economy, compensation incentives gain in importance, when stock markets are
high. This is underscored by Lahr and Trombley (2020), who find that the likelihood of
being able to raise a follow-on fund is higher in boom periods and lower in recession times.
Additionally, based on a theoretical model of the market for venture capital, Inderst and
Müller (2004) predict that VCs conduct less costly screening of their portfolio companies
in hot markets. This directly leads to the conclusion that VCs are willing to accept
higher levels of information asymmetry in hot markets, which as explained above, means
taking on more investment risk. Bengtsson et al. (2005) find some limited empirical
evidence for this prediction. Furthermore, Nanda and Rhodes-Kropf (2013) analyze the
role of hot markets in financing more innovative and thus more risky startups and find
that VCs invest in riskier startups in hot markets. So overall, riskier style drifts are
expected to be more frequent, when public markets are booming.

H2: Style drifts into riskier investments are more likely when public markets are hot

The common motivation of drifting behind the second group of potential style drift
determinants is necessity and pressure, rather than the deliberate risk-taking decision
assumed so far. Thus, this group of determinants differs from the first one, because
the investment risk aspect is not the main factor contributing to the decision to drift,
but rather a resulting side effect of the drift decision. Drifts out of necessity might
be in the best interest of LPs and could therefore explain why the investment style is
not fixated contractually. There are several papers scrutinizing how competition in the
venture capital industry influences investment decisions (Gompers and Lerner 2000a;
Ljungqvist et al. 2020; Diller and Kaserer 2009). The general setup of venture capital
funds as closed-end funds with a limited investment horizon of about 10 years creates
some inherent investment pressure. As the general partner is usually obliged to invest a
fund’s capital within the first years of the fund’s lifetime (Cumming and Johan 2013),
new capital inflows into venture capital funds lead to an increase of available supply

catching up the performance gap. This would lead these VCs into ’gambling for resurrection by
investing in risky investments trying to drastically improve the performance.
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of financing for startups seeking funding. This is why VCs looking for high-quality
investment opportunities compete against each other in the pursuit of fully investing
the fund’s capital in time. In their seminal work, Gompers and Lerner (2000a) coin the
term ’money chasing deals’ by analyzing the impact of capital inflows into the venture
capital industry on startup valuations. The basic argument is that fluctuating capital
supply needs to be matched with a limited number of high-quality startups, which in
turn leads to increased valuations in financing rounds. They find empirical evidence for
this argument, which they explain by classical forces of supply and demand. In line with
their findings, it is natural to assume that increased capital inflows might subsequently
also be related to a higher propensity to style drifts overall. When valuations in the
preferred investment style are too high, it might be rationale to drift into alternative
styles. While Gompers and Lerner (2000a) focus solely on the supply side of capital,
assuming a fixed set of available investment opportunities, the demand side, i.e. the
number of high-quality startups seeking financing, fluctuates as well. Ljungqvist et al.
(2020) hypothesize that the changes in the level of available deal flow in the preferred
investment style, i.e. a potential lack of fitting investment opportunities, might also be
related to the increased competition when capital supply is assumed to be fixed in the
short run. When fewer promising investment opportunities are available VCs might drift
in their style out of necessity, because sticking to the preferred investment style becomes
increasingly harder the fiercer the competition among venture capital funds for the few
high-quality investment opportunities in the preferred style.

H3a: All style drifts are more likely when fund inflows are high
H3b: All style drifts are more likely when preferred deal flow is low

Another factor explaining style drifts is changes in the current exit market attractiveness.
IPOs are widely considered the most attractive exit channel for venture capital invest-
ments (Gompers 1996; Cochrane 2005; Cumming et al. 2009). Thus, a high fraction
of IPO exits in an industry or country represents an attractive exit market from the
venture capitalist’s point of view. Hull (2018) argues that it might be necessary for VCs
to actively chase returns by leaving their preferred investment industry when the exit
market in the preferred investment industry is less attractive than usual. A cool exit
market might have detrimental effects on the probability of exiting a portfolio company
successfully. The same might be true for country-specific exit markets. This hypothesis
is supported by the fact that historically IPOs have been a much less common exit
channel for startups in Europe, which is one key reason for the less developed venture
capital industry in Europe compared to the United States (Kräussl and Krause 2014;
Schwienbacher 2005). Considering that VCs invest with the end, i.e. the exit, in mind,
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the propensity of style drifts should be higher when the preferred style’s exit market
attractiveness is lower than usual.

H4: All style drifts are more likely when the preferred exit market attractiveness is low

Besides the motivational factors of style drifts, we are also interested in their consequences
for investment success. Performance implications of style drifts are contradictory among
existing studies. While Cumming et al. (2009) observe a positive effect of style drift
on the performance of venture capital investments, Bubna et al. (2020) come to the
opposite conclusion when measuring the firm-level performance implications of their
style drift measure. Two reasons for these inconsistent findings might be that the studies
measure style drift dissimilarly and performance at different levels. Cumming et al.
(2009) measure performance on the investment level, while Bubna et al. (2020) examines
the VC firm-level. We argue, that only the fund-level is from practical importance for
LPs. LPs typically allocate capital to funds, not to individual investments, or VC firms.
This means only performance implications on the fund level are relevant in practice.
Further, VC firms usually have multiple funds in parallel. By aggregating style and
performance on VC firm-level, the analysis might convolute the individual fund effects.

In this paper, we argue that most style drifts should be detrimental to the probability of
exiting an investment successfully. Usually, GPs are eager to employ various mechanisms
such as screening, due diligence, and monitoring (Fried and Hisrich 1994; Cumming 2006)
to mitigate information asymmetries between investor and portfolio company thereby
minimizing the connected adverse selection risk. In a comprehensive survey analyzing
VCs’ decision-making processes, Gompers et al. (2020) show that VCs even consider deal
selection their most important activity to ensure successful investments. However, as
argued in section 2.2.1 downwards stage drifts, location drifts, and industry drifts are
associated with higher information asymmetry and an increased adverse selection risk
compared to style-consistent investments. Consequently, since these riskier style drifts
increase the adverse selection risk, they should be associated with worse investment
performance.

H5: Style drifts into riskier investments are related to worse investment performance
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2.3 Data

2.3.1 Sample and Variable Definitions

Sample Construction

We start building our sample by collecting data about private equity investments from
Refinitiv Eikon (formerly known as Thomson Reuters Eikon and Thomson Reuters
VentureXpert), a well-established source of data in private equity research (e.g. Gompers
et al. 2016; Kaplan and Lerner 2016; Nanda et al. 2020; Y. Li et al. 2014), to which we add
stock market data from Thomson Reuters Datastream, country-level cultural dimensions
from Hofstede (2001), and a country-level legal system quality index from La Porta
et al. (1998) and Berkowitz et al. (2003). We begin with collecting all venture capital
investments from 1980 to the end of 2014 conducted by venture capital funds located in
the United States of America and Europe4. However, we limit the econometric analysis
to deals in or after 1985. This timeframe is chosen for three reasons. First, venture
capital activity was very limited before 1980. After a change of the Employee Retirement
Income Security Act’s prudent man rule in the United States in 1979, the industry
started to receive high inflows (Gompers 1994). Second, excluding investments before
1985 from the main sample allows us to calculate variables such as past performance
over up to 5 years before the investment. And third, by ending the sample in 2014 we
make sure that each investment has at least 5 years to be exited.

As we are interested in style drifts in venture capital, we restrict our sample to private
equity funds that have been classified as venture capital type by the database. Further,
we only include funds who identify as independent private partnership as investor type,
because we are interested in the potential agency conflict between LPs and GPs. This
means we exclude all funds with institutional affiliations such as corporate VCs or
bank-affiliated VCs. Some funds involved in a deal are not identified (unspecified fund)
in the database, and some portfolio companies are not assigned to one of ten broad
industry groups by the database provider. We exclude all of these observations for
our analysis. Further, we restrict the sample to VCs, who have invested in at least 5
companies before the deal at hand to ensure we exclude infrequent investors and outliers
in the database and exclude all purely international funds from the sample. Finally, as
we are interested in the strategic investment decision of GPs, we follow Cumming et al.
(2009) and only include first-time investments in a portfolio company. Follow-on funding

4Funds from the following countries in Europe are included in the sample: Austria, Belgium, Denmark,
Finland, France, Germany, Greece, Italy, Luxembourg, Netherlands, Norway, Portugal, Republic of
Ireland, Spain, Sweden, Switzerland, United Kingdom
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in later investment rounds bears no further information about the active, strategic
investment decision - and thus active style drifts - of a fund.5 This leaves us with the
main sample (deal-level sample henceforth) of 31,521 first-time investments into 18,187
unique companies by 1,100 unique venture capital firms operating 3,113 unique funds,
for which all relevant independent variables for our analysis of style drift determinants
are available. For each observation, our deal-level sample includes information about
the venture capital firms and funds involved in a deal, general information about the
portfolio company as well as investment round specific information. For the analysis
of implications of style drifts on fund performance, we create a second (sub)sample
(fund-level sample henceforth). Unlike our deal-level sample, this fund-level sample
includes all investments, including those for which not all independent variables of the
main analysis of style drift determinants are available and in addition to this is limited
to all funds which have been founded no later than 2009. This is necessary to make sure
that each fund’s investment history is fully covered and each fund in the sample has at
least 10 years to build and exit its portfolio. This fund-level sample consists of 2,718 VC
funds.

Measuring Style Drift and Investment Performance

Key to this paper’s analysis is the definition of style drifts. To identify style drifts we
rely on the deal-level sample and categorize every observation as either a drift or no
drift with a dummy variable equal to one in case of a drift. As we hypothesize that the
drivers of style drift differ among style dimensions, we differentiate the three dimensions
of style and thus also create a dummy variable for each dimension of style drift.

First, we construct a stage drift variable analogous to Cumming et al. (2009) by comparing
a fund’s stated stage focus to the stage of the actual investment.6 Following Buzzacchi
et al. (2015), we also take into account the direction of drift by separating upward and
downward stage drifts into two variables to capture the opposite risk-taking implication
of the respective drift. A downward stage drift occurs when a fund invests in an earlier
investment stage than its stated stage focus, e.g. an early-stage fund investing in a
seed company. By contrast, an upward stage drift occurs when a fund invests in a later

5Not excluding follow-on funding rounds would include passive drifts in the sample. As deciding over
further funding rounds is a fundamentally different decision process than a first-time investment, not
including these observations makes sure there is no noise added to the data.

6The database classifies companies in seed stage, early stage, expansion stage, and later stage. However,
the fund’s stage focus is only classified in seed stage, early stage, and later stage. For the analysis,
we treat expansion-stage and later-stage companies both as later stage, when comparing fund focus
and investment stage, i.e. a later stage fund investing in an expansion stage portfolio company does
not resemble a style drift.
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investment stage than originally stated as stage focus, e.g. an early-stage fund investing
in a later stage company. For funds without a stage focus (balanced stage funds) stage
drift is consequently not defined, and seed-stage funds can only drift upwards, while
later-stage funds can only drift downwards.

Next, we focus on location drifts. As explained in section 2.2.1 the expected investment
behavior of a typical fund is to invest in companies headquartered in the same country as
it is located itself. We thus follow earlier research focussing on VC internationalization
(Schertler and Tykvová 2011; Tykvová and Schertler 2014; Cumming et al. 2016b) in
treating every cross border investment as a location drift, i.e. a location drift occurs when
e.g. a US fund invests in a non-US portfolio company.7 Finally, we measure industry
drifts by identifying a fund’s preferred investment industries and deviations from these
preferences. We use the database’s industry classification scheme into ten broad industry
groups8 to determine the fund’s preferred industries. The two industries in which a fund
has made the largest number of first-time investments before the investment at hand are
assumed to be the preferred investment industries. This means in theory the preferred
industries can change over time, which is in line with the specialization effect described
in section 2.2.1. Given the broad industry classification into only ten industry groups,
investing outside these preferred industries can be interpreted as a considerable industry
style drift.9 Consequently, an industry drift occurs, when a fund invests into a portfolio
company outside its two preferred industries.

Measuring investment performance is a common issue researchers face when dealing with
venture capital investments. The lack of detailed cash flow data in the sample makes
it impossible for us to compute investment returns. Thus, we rely on exit success as
widely used proxy for performance (e.g. Bottazzi et al. 2008; Nahata 2008; Y. Li et al.

7We also consider another location drift definition in section 2.4.1, that takes the factor of geographical
distance more into account. In this alternative definition, we classify only out-of-region investments
as a location drift. For the sample, this specifically means, that investments from a European fund
within Europe are not classified as a location drift. This alternative definition should thus emphasize
the risk component of a location drift more than the main definition in this paper.

8See table 2.3 panel C for an overview of all industries.
9In the sample, the top two investment industries make up the majority of all fund investments for over

97% of all funds. This emphasizes that funds are typically industry-focused and our definition of the
preferred investment industries is accurate. Nevertheless, as we have to identify industry focus from
the investment pattern of a fund, we also consider alternative definitions of industry drifts in the
regression analysis in section 2.4.1 that are defined even narrower around the increased risk-taking
attitude as a robustness check. The first alternative definition only treats investments into industries
in which the fund has had no more than one prior investment as a drift and the second alternative
definition categorizes all investments in which the VC firm has not had more than one investment
in the last six years as an industry drift. Defining industry drifts based on these rare investment
events, should make sure that the investments are not in the fund’s preferred investment style and
represent investments outside the area of specialization.
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2014; Bengtsson and David H. Hsu 2015). VCs make their profit almost exclusively via
successful exits through an IPO or trade sale. Therefore, we create a dummy variable
(Success) for investment success which takes the value of one when a portfolio company
ultimately got acquired or went public. While cashflow data would allow for more precise
measurement of performance, Gompers and Lerner (2000b) show that investment success
is a robust proxy. For the fund-level performance, this means that the Exit Rate, i.e. the
fraction of successful exits, is a good proxy (Hochberg et al. 2007).

Explanatory Variables

To test the hypotheses from section 2.2.3 this paper includes a set of explanatory
variables linked to the hypotheses and some control variables to account for investor
and deal characteristics. Tables 2.1 and 2.2 give an overview of all variables used in the
econometric analysis in section 2.4 both for the deal-level analysis and the fund-level
analysis. Furthermore, the key variables are explained in detail in the main text.

Past Performance: In an ideal case, it would be possible to measure aggregate VC firm
performance based on actual cash flows. However, as discussed above, this information
is not available for this paper. Prior studies (Kaplan and Schoar 2005; Hochberg et al.
2007) use the performance of the last fund to proxy for past performance, but this
would considerably limit the deal-level sample to follow-on funds that have no time
overlap with their predecessor. Thus, to test H1, past performance on the firm level
is measured indirectly as follows: First, we construct a theoretical exit date for every
unsuccessful investment. As our sample does not provide any information about when an
actual write-off or a liquidation occurs, we use the investment stage-dependent average
time-to-exit of the successful investments in our sample and add that to the known
investment date to estimate the time by when an unsuccessful investment should have
been exited successfully.
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We then calculate the fraction of successful exits of all potential exits of the venture
capital firm in the 5 years preceding the investment in question.10 Finally, we calculate
the excess past performance by subtracting the average fraction of successful exits of all
potential exits of all VC investments in the 5 years preceding the investment in question
from the VC firm’s individual performance. This measure is designed in a way that
VC firms underperforming their peers have a negative sign for past performance, while
VC firms over-performing their peers have a positive sign for past performance. This

Table 2.2.: Overview and Definition of Main Variables of Interest for Fund-Level Analysis

This table provides and overview and the definition of all variables used in the fund-level regression
analyses of the sample of 2,718 funds. The sample covers funds with vintage years between 1985 and
2009. Funds from the United States of America and the following countries in Europe are included
in the sample: Austria, Belgium, Denmark, Finland, France, Germany, Greece, Italy, Luxembourg,
Netherlands, Norway, Portugal, Republic of Ireland, Spain, Sweden, Switzerland, United Kingdom.
Variable Name Definition

Dependent Variables

Exit Rate The fraction of a fund’s portfolio companies that have been successfully exited via
an IPO or trade sale.

Explanatory Variables

Stage Drift Down The fraction of a fund’s portfolio companies that represent a downwards stage
drift. A downward stage drift occurs when a fund invests in an earlier investment
stage than its stated stage focus.

Stage Drift Up The fraction of a fund’s portfolio companies that represent an upwards stage drift.
An upward stage drift occurs when a fund invests in a later stage than originally
stated as stage focus.

Location Drift The fraction of a fund’s portfolio companies that represent a location drift. A
location drift occurs when a fund invests outside its headquarter country.

Industry Drift The fraction of a fund’s portfolio companies that represent an industry drift. An
industry drift occurs when a fund invests in a portfolio company outside its two
preferred industries.

Drift Share The fraction of all investments that represent at least a drift in one style dimension.
Drift Share (excl. Stage Up) The fraction of all investments that represent at least a drift in one style dimension,

not counting (less risky) upwards stage drifts.
Average Drift Score The average number of style drifts per portfolio company.
Average Drift Score (excl. Stage Up) The average number of style drifts per portfolio company, not counting (less risky)

upwards stage drifts.

Controls

Fund Sequence The natural logarithm of the position of the fund in the chronological order of all
funds of the venture capital firm.

Fund Sequence squared The natural logarithm of the squared position of the fund in the chronological
order of all funds of the venture capital firm.

Fund Size The natural logarithm of the fund size in dollars.
Fund Size squared The natural logarithm of the squared fund size in dollars.

captures the effect of the relative performance assessment of VC firms, which is similar
to the ranking model of fund tournaments described in section 2.2.3.
10We use 5 years, as this makes the measure less sensitive to the way we calculate the theoretical exit

date. Using 2 years also delivers very similar results.
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MSCI World: To test H2 we use the development of the MSCI World index as an indicator
for public market conditions. The variable measures how public market conditions have
changed since the fund was originally raised. We compute the percentage change of the
MSCI World index between the time of the investment at hand and the founding date
of the fund. This way this variable captures how the public market conditions have
changed since the investment focus of the fund was originally set.
Fund Inflows: Following Gompers and Lerner (2000a) and Hochberg et al. (2007), we use
the money raised by VC funds according to their vintage year to proxy for competition
on the supply side of capital to test H3a. This variable is constructed using inflation-
adjusted 1985-Dollars, to account for the time value of money over the long period of our
deal-level sample. For every investment, we compute the fund inflows over the two years
preceding the investment. As competition is strongest among funds operating in the
same region, we calculate this variable region-specific based on the fund’s home region.
We differentiate between Europe and the US regarding fund inflows for our main analysis.
In the regressions, the variable is transformed and used in its natural logarithmic form.
Deal Flow: The number of entrepreneurial projects a VC has access to and evaluates
is not observable without first-hand access to the private information of a VC firm.
Therefore, we create a proxy for the available deal flow in the VC’s preferred investment
style to test H3b. We differentiate between deal flow in the preferred stage, location,
and industries. We compute the proxy by taking the number of deals in the preferred
style in the year preceding the investment divided by the number of VCs active in the
respective style in the same time interval.11 This measure indicates how many deals have
been available per VC in the respective investment style.
Exit Market Attractiveness: We use the fraction of IPOs, i.e. the number of IPOs divided
by all exits, to proxy for exit market attractiveness. As we are interested in the question
of whether or not lower than usual exit market attractiveness in an industry or country
is related to a higher propensity to drift (H4), we compute this variable as the difference
between the IPO fraction in the year preceding the investment and the average IPO
fraction between four and one years before the investment in the respective country or
industry. This measure is designed, so that lower than usual exit market attractiveness
has a negative sign, while a higher than usual exit market attractiveness has a positive
sign. We construct the proxy this way to account for the differences between countries
and industries regarding the absolute level of IPO frequency. The rationale is that VCs

11For Example: For an early-stage fund based in the United States, whose preferred industries are
’Communications and Media’ & ’Computer Software and Services’ we compute the deal flow for
early-stage deals, the deal flow of US deals, and the deal flow of deals in the ’Communications and
Media’ & ’Computer Software and Services’ industries, to proxy for competition for available deal
flow among funds in the preferred stage, location, and industries, respectively.
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preferring industries or countries with low or high levels of IPOs as exit channel are only
sensitive to a relative change of the exit market attractiveness because they take the
absolute level as given for an industry or country.
Controls: We include deal and investor characteristics as controls. This includes the
Round Number, i.e. the numeric sequence of the investment round, No. of Investors, i.e.
the number of funds participating in the investment round, Experience, i.e. the natural
logarithm of the number of prior investments by the venture capital firm, First Fund, a
dummy variable indicating whether a fund is the first fund of the venture capital firm,
Fund Size as the natural logarithm of the fund’s size in 1985-Dollar, and the Fund Age,
i.e. the age of the venture capital fund at the time of investment.

2.3.2 Sample Description

Table 2.3 describes the characteristics of the deal-level sample with a focus on the style
drift characteristics. Overall the average portfolio company receives 9.8 million US
Dollars of funding per investment round and the median investment year is 2000. In the
full sample, 15% of all deals represent a downward stage drift for the fund investing in
the portfolio company, whereas 23% of all investments constitute an upward stage drift.
Industry drifts (50%) are the most common drift type, even when treating upward and
downward stage drift as one drift dimension, and both, stage and industry drifts, are
more common than location drifts (10%). The drift score is the sum of all drift types,
i.e. it represents the average number of drifts of any kind per investment. A drift score
of 0.98 means that on average almost every investment represents some kind of drift.
Panel A, however, shows that the number of drifts per investment differs in the sample.
There are 8,696 investments with no drift at all and only 594 investments with a drift
in every style dimension in parallel. For the full sample, about 55% of all investments
are exited successfully. However, as expected due to the risk increase, the success rate
declines with an increase of the drift score in Panel A, even though there is a large share
of (less risky) upwards stage drift in the highest drift score category.

In Panel B the sample is split into three major world regions, based on where the portfolio
company is headquartered. It is noteworthy that the overwhelming majority (84%) of
all investments in the sample are into portfolio companies in the United States. Still,
with 5,064 investments outside the US, our sample is large enough for further analysis.
Furthermore, the median investment year indicates, that investments in Europe and Rest
of World are more recent compared to the US investments. Entrepreneurial ventures in
Europe are also funded with considerably less money (6.4 million USD) compared to the
US (10.2 million USD) and RoW (11.2 million USD). Overall, 59% of all investments in
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US portfolio companies are successfully exited, whereas in Europe the success rate is
only 34%. As can be expected due to the proximity of European countries, the share of
location drifts in European investments is much larger compared to the US investments
(33% vs. 2%).

Panel C splits the sample into the development stage of the portfolio company at
investment time. In line with expectations the later the stage the higher is the investment
amount per round. It is interesting to see, that location drifts are more common in later
stages. This might indicate that VCs are willing to accept the higher level of information
asymmetry related to cross-border investments in exchange for the lower information
asymmetry typically connected with later-stage portfolio companies that already revealed
much information about their quality. This is a supporting indication for the fact that
investing abroad is riskier for VCs and that they might be actively trying to mitigate
this risk already at the time of investment.

Panel D sorts the investments according to the industry group of the portfolio company.
The median investment year indicates that Biotechnology (2003) has seen much more
recent investment activity, compared to Computer Hardware (1995) or Consumer Related
(1996). Typical investment amounts (between 5.8 and 12.4 million US dollars) and success
rates (ranging from 36%-64%) and industry drifts (34%-79%) differ strongly among
industries.

The most noteworthy insight from Panel E is the observation that industry drift scores
decrease with increasing investment size. VCs appear to stay more style consistent
regarding the investment industry the more they invest. Finally, Panel F shows how the
sample distributes over time. The years around the Dotcom bubble (1997-2002) make
up a substantial (32%) share of the sample. As expected the average investment size
is the highest during this time. Somehow counterintuitively, the overall drift score is
the second-lowest (0.96) compared to the other periods. This means that VCs stuck
to their style more than in all other periods besides the 2009-2014 period (0.86). It
is also interesting to note that the average success rate decreases over time. While
66% of all investments between 1985-1990 were exited successfully, only 34% of the
investments between 2009-2014 were exited successfully as well. Industry drifts have
steadily decreased over time from 65% (1985-1990) to 37% (2009-2014). This means that
VC funds have become more specialized regarding their preferred investment industry
over time or have become more style consistent in their investment decisions regarding
the portfolio company’s industry.
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Table 2.3.: Sample Composition and Descriptive Statistics at Deal-Level

This table provides aggregate style drift and investment information about the deal-level sample of
31,521 first-time investments. Each observation represents an investment by a venture capital fund
into a portfolio company. The sample covers investments conducted between 1984 and 2014. Funds
from the United States of America and the following countries in Europe are included in the sample:
Austria, Belgium, Denmark, Finland, France, Germany, Greece, Italy, Luxembourg, Netherlands, Norway,
Portugal, Republic of Ireland, Spain, Sweden, Switzerland, United Kingdom. The table shows median
values for the investment year. Means are shown for all other values. Invested amount is the amount
invested by all funds at the respective investment date. Downward stage drift, upward stage drift,
location drift, and industry drift are style drifts in the respective dimensions. Score is the sum of
all individual drifts. Exit success is a dummy equal to one when a portfolio company ultimately got
acquired or went public. Panel A divides deals according to their drift score. Panel B separates the
sample according to the home country of the portfolio company. Panel C separates the sample along the
development stage of the portfolio company. Panel D categorizes the sample according to the portfolio
company’s industry group. Panel E differentiates among investment amount quartiles. In Panel F the
transactions are differentiated according to the investment period in which they took place.

Drift
Observations Year Invested

Amount* Stage
Down

Stage
Up Location Industry Score

Exit
Success

Full Sample 31,521 (100%) 2000 9.8 0.15 0.23 0.10 0.50 0.98 0.55

Panel A: Investment Drift Score

0 Drifts 8,696 (28%) 2001 10.5 0.00 0.00 0.00 0.00 0.00 0.56
1 Drift 15,404 (49%) 2000 9.5 0.14 0.21 0.06 0.59 1.00 0.56
2 Drifts 6,827 (22%) 2001 9.1 0.34 0.52 0.23 0.91 2.00 0.53
3 Drifts 594 (2%) 2003 13.0 0.26 0.74 1.00 1.00 3.00 0.42

Panel B: Company Region

Europe 3,930 (12%) 2004 6.4 0.12 0.32 0.33 0.54 1.31 0.34
Rest of World 1,134 (4%) 2004 11.2 0.08 0.26 1.00 0.53 1.86 0.38
USA 26,457 (84%) 2000 10.2 0.15 0.22 0.02 0.50 0.89 0.59

Panel C: Company Stage

Seed Stage 6,297 (20%) 1998 4.6 0.62 0.00 0.06 0.53 1.22 0.54
Early Stage 11,344 (36%) 2001 8.2 0.06 0.05 0.09 0.48 0.68 0.51
Expansion Stage 10,050 (32%) 2000 12.3 0.00 0.50 0.13 0.51 1.14 0.58
Later Stage 3,830 (12%) 2003 16.3 0.00 0.44 0.10 0.51 1.05 0.64

Panel D: Company Industry Group

Biotechnology 3,038 (10%) 2003 11.4 0.21 0.19 0.13 0.50 1.04 0.64
Comm. & Media 3,244 (10%) 2000 12.4 0.14 0.22 0.09 0.73 1.19 0.61
Computer Hardware 1,600 (5%) 1995 8.4 0.13 0.23 0.06 0.77 1.18 0.56
Software & Services 7,378 (23%) 2001 8.1 0.12 0.27 0.08 0.35 0.83 0.60
Consumer Related 1,125 (4%) 1996 5.8 0.13 0.18 0.11 0.73 1.15 0.38
Industrial/Energy 1,164 (4%) 2001 6.4 0.13 0.20 0.10 0.79 1.22 0.38
Internet Specific 5,957 (19%) 2000 11.5 0.12 0.24 0.10 0.34 0.80 0.49
Medical/Health 4,091 (13%) 2001 9.4 0.20 0.21 0.09 0.41 0.91 0.59
Other Products 1,438 (5%) 2000 8.9 0.13 0.19 0.15 0.77 1.23 0.36
Semicon./Other Elect. 2,486 (8%) 2001 10.3 0.14 0.24 0.11 0.66 1.15 0.57

Panel E: Investment Size

1st Quartile 7,882 (25%) 1999 3.4 0.19 0.20 0.10 0.55 1.05 0.48
2nd Quartile 7,879 (25%) 1999 5.4 0.18 0.19 0.07 0.53 0.98 0.57
3rd Quartile 7,881 (25%) 2001 9.4 0.13 0.25 0.10 0.49 0.96 0.57
4th Quartile 7,879 (25%) 2002 20.9 0.08 0.28 0.12 0.45 0.93 0.59

Panel F: Investment Time Period

1985-1990 4,560 (14%) 1988 4.0 0.18 0.14 0.05 0.65 1.03 0.66
1991-1996 3,961 (13%) 1994 4.8 0.22 0.16 0.06 0.58 1.02 0.68
1997-2002 10,122 (32%) 2000 14.0 0.13 0.24 0.11 0.48 0.96 0.58
2003-2008 8,657 (27%) 2005 10.2 0.12 0.29 0.12 0.48 1.01 0.51
2009-2014 4,221 (13%) 2011 9.5 0.13 0.25 0.11 0.37 0.86 0.34

* in million USD
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In table 2.4 the fund-level sample composition is illustrated. There are 2,718 funds with
an average of 14 portfolio companies in the sample and the average fund size is 149
million USD. In this table, all values are on the fund level. The drift statistics and
success statistics are the fraction of investments that match the respective category.
Thus, for the full sample, the statistics are roughly equal to what table 2.3 has shown
for the full deal-level sample. This is no surprise, due to how the data was aggregated to
reach a fund level. Again, Panel A indicates that higher drift scores on the fund level are
associated with lower fund performance measured as the fraction of successfully exited
portfolio companies.

Panel B separates the sample into fund headquarter regions. Roughly one quarter of all
funds in the sample are European. These funds are on average about half the size of
US funds. The stage drift scores indicate that US funds are stage drifting less upwards
(24% vs. 34%) and additionally more downwards (15% vs. 13 %), while location drift
are much more common in Europe (5% vs. 26%).

Panel C shows that 55% of all funds have an early-stage focus. This number is much
larger than the fraction of early-stage portfolio companies (36%) in Panel C of table
2.3. In combination with the large fraction of stage drifts (60%), this can be seen as
indicative for H3b which predicts more drifts when deal flow in the preferred style is low
and thus competition is high. In Panel D funds are split into fund size quartiles. The
average fund size in the sample ranges from 11 million USD in the lowest quartile up to
440 million USD in the highest quartile. Intuitively, larger size funds have more portfolio
companies. It is noteworthy that larger funds appear to drift less across all dimensions
but location and at the same time have a higher performance than smaller funds.

Panel E splits the sample into vintage year time periods. Fund sizes have become
larger over time, but at the same time, counterintuitively, the average portfolio size
has decreased comparing older funds with more recent funds. Over time funds have
become more style consistent albeit this development is almost completely driven by
fewer industry drifts. The average fraction of industry drifts has declined from 56%
(1985-1989) to 39% (2005-2009) over time, while the fraction of location drifts has steadily
increased from 5% to 11%. Table 2.5 displays the mean values for all explanatory
variables of the full sample used in the main analysis. In addition to the full sample, the
table includes the results of t-tests that we run to compare the independent variables
regarding differences among drift and no-drift groups for every style dimension separately.
Given the large sample size, most differences are statistically significant at the 1% level.
The simple univariate setting of the analysis does give a first impression of the data, but
the univariate results should be noted with care.
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Table 2.4.: Sample Composition and Descriptive Statistics at Fund Level

This table provides fund information and aggregate style drift characteristics about the fund-level sample
of 2,718 funds. Each observation represents a venture capital fund. The table shows mean values for all
variables. The sample covers funds with vintage years between 1985 and 2009. Funds from the United
States of America and the following countries in Europe are included in the sample: Austria, Belgium,
Denmark, Finland, France, Germany, Greece, Italy, Luxembourg, Netherlands, Norway, Portugal,
Republic of Ireland, Spain, Sweden, Switzerland, United Kingdom. Fund size is the capital committed
to the fund. Portfolio size is the number of portfolio companies the fund invested in. Downward stage
drift, upward stage drift, location drift and industry drift are the fraction of style drifts in the respective
dimensions in relation to all of the fund’s investments. Score is the sum of all individual drift fractions.
Exit rate is the fraction of the fund’s successfully exited portfolio companies. Panel A divides funds
according to their average drift score. Panel B separates the sample according to the fund’s home region.
Panel C separates the sample based on the fund’s stage focus. Panel D differentiates among fund size
quartiles. In Panel E the sample is split into time periods based on the fund’s vintage year.

Observations Fund
Size*

Portfolio
Size

Drift
Exit
RateStage

Down
Stage

Up
Location Industry Score

Full Sample 2,718 (100%) 149 14 0.14 0.26 0.10 0.45 0.96 0.50

Panel A: Fund Average Drift Score

Drift Score ≤ 0.5 432 (16%) 179 12 0.03 0.02 0.02 0.27 0.34 0.52
0.5 < Drift Score ≤ 1.0 1,146 (42%) 156 14 0.13 0.18 0.06 0.43 0.80 0.52
1 < Drift Score ≤ 1.5 902 (33%) 133 15 0.20 0.41 0.11 0.53 1.26 0.49
1.5 < Drift Score 238 (9%) 125 13 0.19 0.55 0.39 0.61 1.76 0.43

Panel B: Fund Region

Europe 624 (23%) 83 11 0.13 0.34 0.26 0.49 1.22 0.33
USA 2,094 (77%) 169 15 0.15 0.24 0.05 0.44 0.89 0.55

Panel C: Fund Stage Focus

Balanced Stage 719 (26%) 194 15 0.00 0.00 0.10 0.46 0.57 0.51
Seed Stage 186 (7%) 48 12 0.00 0.65 0.06 0.48 1.20 0.42
Early Stage 1,483 (55%) 134 14 0.20 0.40 0.10 0.44 1.15 0.49
Later Stage 330 (12%) 177 13 0.28 0.00 0.11 0.47 0.86 0.57

Panel D: Fund Size

1st Quartile 681 (25%) 11 9 0.15 0.31 0.07 0.49 1.01 0.43
2nd Quartile 678 (25%) 41 12 0.15 0.27 0.10 0.48 1.01 0.48
3rd Quartile 680 (25%) 106 14 0.14 0.26 0.11 0.44 0.96 0.53
4th Quartile 679 (25%) 440 20 0.13 0.21 0.13 0.40 0.88 0.56

Panel E: Fund Vintage Year

1985-1989 320 (12%) 51 16 0.18 0.20 0.05 0.56 0.99 0.61
1990-1994 158 (6%) 78 17 0.23 0.19 0.08 0.52 1.02 0.62
1995-1999 788 (29%) 131 15 0.15 0.27 0.10 0.45 0.97 0.54
2000-2004 867 (32%) 181 14 0.11 0.30 0.11 0.45 0.98 0.49
2005-2009 585 (22%) 201 12 0.14 0.26 0.11 0.39 0.90 0.37

* in million USD
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In support of H1 that predicts riskier style drifts to be more likely for well-performing
VCs, Past Performance is significantly higher for the downward stage drifts compared to
the respective no-drift group. Past Performance is lower for the upward stage drift group,
however, the difference is not statistically significant. The location drift group also shows
the expected difference, however, it is not significant. In contrast to what we hypothesize,
in the case of industry drifts, the very opposite is true. Past Performance is significantly
lower for the industry drift group. This is the first indication, that industry drifts might
not be driven by the same underlying risk-taking rationale as stage and location drifts.
We will further discuss this finding in section 2.4. The group-mean comparisons of the
MSCI World variable also lend support to H2 for all drift dimensions, but location drifts.
Riskier drifts exhibit higher MSCI World values than the respective no-drift groups for
stage and industry drifts. For example, the average MSCI World change is 25% for the
group that did not downward stage drift vs. 41% for the group that did downward stage
drift. In this univariate comparison, there is little support for H3a. In fact, only the
comparison for upwards stage drifts shows the expected difference of higher Fund Inflows
for the group that represents upward stage drifts. However, the univariate setting is
too simplistic for this analysis. In an unreported analysis, the sample is split into just
the European and just the US funds. Within these subsamples, regional Fund Inflows
show the expected pattern regarding location drifts. Fund Inflows in the within region
comparison are in fact higher for the location drift group. This will be further analyzed
in the multivariate analysis in section 2.4. Deal Flow shows the expected pattern for all
style drift dimensions but downward stage drifts. In line with H3b, the drift groups have
consistently significantly lower deal flow compared to the no-drift comparison groups in
the corresponding Deal Flow variable. There is also some evidence for H4 concerning
the chasing returns hypothesis. In the case of industry drifts, the drifting group exhibits
a significantly lower Exit Market Attractiveness, which supports the notion that VCs
tend to invest outside their preferred industry more when the exit market is not as hot
as usual. In the case of location drifts, however, the opposite is the case.

Table 2.6 provides the pairwise correlation coefficients for all variables used in the main
analysis. Because of the large sample size, almost all coefficients are significant at the
1% level. The coefficients are in line with the comparison analysis above and give insight
into potential multicollinearity issues in the regression analysis.
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2.4 Econometric Analysis

2.4.1 What is driving Style Drifts?

To model the likelihood of stage drifts we employ logistic regressions models for the main
analysis with the different style drift dimensions as the binary dependent variable P (Style
Drift). Style drifts are separately analyzed for upwards stage drifts, downwards stage
drifts, location drifts, and industry drifts. The general specification for all regressions in
tables 2.7, 2.8, and 2.9 is:

P (Style Drifti,s) = α + β1Past Performancei + β2MSCI World i + β3Fund Inflowsi

+ β4Deal Flowi,s + β5Exit Market Attractivenessi,s + γControlsi

+ δFE(Regioni, Stagei, Industryi) + ui

(2.1)

where individual deals are indexed with i and style dimension-specific variables are
indexed with s. We use the explanatory variables connected to the hypotheses as well as
the controls as described in section 2.3.1. Furthermore, we follow Schertler and Tykvová
(2011), who study VC internationalization, in the approach of including fixed effects
for the major cross-sectional characteristics of funds in our data set. For this study,
this means including fund stage, fund region, and preferred industry fixed effects in the
regressions to control for preferred investment style characteristics. The major benefit of
this approach is that it controls for all time-invariant differences between the respective
preferred style dimensions and thus the model is less likely to be subject to criticism
regarding omitted variable bias or misspecification. All tables in the following report
the regression coefficients, while we focus on marginal effects for better interpretation in
the main text. The reported standard errors are clustered at the venture capital fund
level. In unreported regressions, the results remain robust to additionally clustering the
standard errors by investment year.

Stage

Table 2.7 presents the main results for stage drifts in both directions, upwards and
downwards. The number of observations varies because the different stage drifts are
not defined for all deals in the sample. Models (1) - (5) exclude later stage focussed
funds, while models (6) - (10) exclude seed-stage focussed funds. All models exclude
funds without stage focus. We first regress each explanatory variable connected to the
hypothesis separately before we estimate the full regression specification. The results
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show that the stage drifting decision is not random. Most regressors do show opposite
signs for the two different stage drifting directions, indicating that they represent vastly
different investment decisions. This underscores the importance to separate upwards and
downwards stage drifts in the analysis.

The results are completely in line with the prediction of H1. Past performance has a
positive sign and is highly significant at the 1%-level in models (1) and (5) and has a
negative sign and is significant at the 1%-level as well in models (6) and (10). Thus
the notion that well-performing VCs have a higher propensity to stage drift downwards
into riskier investment stages is confirmed, as well as that well-performing VCs are
less likely to upward stage drift. The coefficients do also have economic significance.
In particular, the coefficient of 0.451 in model (5) translates into a marginal effect of
0.068, which means a one standard deviation increase in Past Performance leads to
a 1.5 percentage points higher probability of downwards stage drifting. Taking the
performance ranking of fund tournaments into consideration, this also corresponds to a
3.7 percentage points higher probability of downwards stage drifting for a high performing
VC at the 90th percentile compared to a low performing VC at the 10th percentile of
the Past Performance distribution. The inverse does also hold in the case of upwards
stage drifts. Well-performing funds have a lower propensity to drift upwards into less
risky investment stages. The coefficient (-0.338) in model (10) translates into a marginal
effect of -0.059, i.e. a one standard deviation increase in Past Performance decreases
the probability of an upward stage drift by 1.3 percentage points. Looking at the same
percentiles of low and high-performing VCs this corresponds to a 3.1 percentage points
lower probability of downwards stage drifting for a well-performing VC.

Turning to H2 and the effect of market conditions on risk-taking attitude, on the one
hand, there is support for the hypothesis that riskier drifts are more likely when public
markets are hot in models (2) and (5), in which MSCI World has a positive sign and
high significance. A one standard deviation change in the MSCI World variable in model
(5) corresponds to a 5.0 percentage point higher probability of stage drifting downwards.
On the other hand, however, there is only very weak support for the hypothesis that
booming public markets lead to a decreased probability of upward stage drifting. While
model (7) has a negative sign for MSCI World, the statistical significance is very low
(p-value = 0.089) and the significance completely vanishes in model (10). These two
observations together imply that hot public markets are related to a higher probability of
investing in riskier stage drifts, but that they do not significantly decrease the probability
of investing in less risky later development stages. This is in line with the model of
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Inderst and Müller (2004), which predicts that VCs are willing to accept higher levels of
information asymmetry and thus more risk in hot public markets.

Next, we turn to variables connected to H3a and H3b, which predict drifts, irrespective
of the associated investment risk, to be more likely when competition is high. Fund
Inflows is highly significant at the 1%-level in all models, but while the expected positive
sign can be observed for the case of upward stage drifts, interestingly, Fund Inflows
exhibits a negative coefficient for downward stage drifts. A one standard deviation
change of Fund Inflows corresponds to a 3.4 percentage points lower probability of stage
drifting downwards and to a 4.4 percentage points higher probability of stage drifting
upwards in models (5) and (10), respectively. This pattern shows that VCs are more
likely to drift upwards but less likely to drift downwards when competition in the form of
’money chasing deals’, i.e. high capital inflows, is high and therefore only partly supports
H3a that predicts a higher probability of drifts in both dimensions.

The preference to rather drift upwards when competition increases is also supported by
the non-significant coefficient of Deal Flow in the case of downward stage drifts (0.046,
p-value = 0.377) and the significant coefficient with a negative sign in the case of upward
stage drifts (-0.243, p-value = 0.000). A one standard deviation increase of Deal Flow
corresponds to a decrease of the probability of stage drifting upwards by 2.5 percentage
points. Thus, H3b can be confirmed for upward stage drifts only.

To address concerns that the results might be biased because we separate the analysis
for upwards and downwards stage drifts, we conduct one more regression as a robustness
check with the two discrete outcome possibilities in one model. Model (11) in table
2.7 shows the results of a multinomial logistic regression with no drift as the base
outcome, where the two stage drifting directions are estimated as alternative outcomes
in one model. As early-stage funds can drift in both stage directions, the sample only
consists of all investments of early-stage focussed funds. The results are qualitatively and
quantitatively consistent with the results presented in the individual logistic regressions
of models (1) - (10). In contrast to the logistic regression models, this approach shows
weak significance (p-value = 0.054) for Deal Flow, lending some more support to H3b in
connection with downward stage drifts.
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Location

In table 2.8 the results of logistic regressions analyzing location drifts are shown. The
pattern that emerges is qualitatively very similar to the results for downward stage drifts
in table 2.7 Again, Past Performance has a positive sign and is statistically significant,
albeit weaker than in the case of stage drifts. The p-values are 0.038 and 0.094 for
models (1) and (6), respectively. The marginal effect in model (5) is 0.030 which means
a one standard deviation increase in Past Performance increases the probability of a
location drift by only 0.6 percentage points, whereas the difference in probability of a
low (10th percentile) vis-à-vis a well (90th percentile) performing VC is 1.6 percentage
points. These values are considerably smaller than in the case of downward stage drift,
which could mean that Past Performance does play a less important role in this drifting
decision in comparison. However, the coefficients are not directly comparable, because
the baseline probability of a drift occurring is much lower for location drifts.12 MSCI
World has a positive influence on location drifts in models (2) and (6). The coefficient
of 0.231 translates into a marginal effect of 0.017. A one standard deviation change
in MSCI World increases the probability of a location drift by 1.7 percentage points.
Turning to Fund Inflows and H3a, the coefficients do have the expected positive sign,
however, they are not statistically significant in both cases. In model (6) Fund Inflows
has a p-value of 0.121, which is at least some very weak indication that capital supply
plays a role in location drifts. The effect of Deal Flow is as predicted by H3b. The
marginal effect in model (6) is -0.009, which means a one standard deviation increase in
Deal Flow decreases the probability of a location drift by 2.4 percentage points. Finally,
for location drifts, we also include Exit Market Attractiveness to test H4 that predicts
that lower than usual exit market attractiveness in the home country might lead VCs to
chase returns at another location. The coefficients do exhibit a positive sign, which is
the opposite of what H4 hypothesized, however, the coefficients are not significant.

We run a regression with an alternative definition for location drift in model (7) as a
robustness check. This alternative definition classifies only out-of-region investments as
a location drift. For the sample, this means that investments of a European fund within
Europe are not classified as a location drift. This narrower definition consequently only
captures location drifts that also entail a large geographical distance between VC and
portfolio company. The results are robust to this alternative definition. All coefficients
have the same signs and magnitude. Fund Inflows does gain statistical significance

12In relative terms, the probability of a location drift is 17.8% higher for a well-performing vis-à-vis
a low-performing VC. This relative effect size is very close to the relative effect size in the case of
downward stage drifts (17.4%).
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Table 2.8.: Determinants of Location Drifts

This table reports the results of logit regressions studying the determinants of location drifts. The
sample is at the deal level covering 31,521 deals. The dependent variable in models (1) - (6) is a dummy
variable indicating whether the investment in the portfolio company in question represents a location
drift (defined as country difference) for the venture capital fund with one, and zero otherwise. In model
(7) an alternative location drift definition is used for the dependent variable, where only intra-region
drifts are considered. The sample consists of all first-time investments made by venture capital funds in
portfolio companies. Past Performance is the share of successful exits of all investments of the venture
capital firm minus the industry average performance in the 5 years preceding the investment. MSCI
World is the change of the MSCI World Index between the investment and the fund’s founding date.
Fund Inflows is the inflation corrected sum of region-specific inflow of capital into new funds in the two
years preceding the investment. Deal Flow (Country) is the number of deals in the preferred style in the
year preceding the investment divided by the number of VCs active in the respective style in the same
time interval. Exit Market Attract. (Country) is the fraction of IPOs of all successful exits in the fund’s
home country in the year preceding the investment minus the three-year moving average. Round Number
is the numeric sequence of the investment round. No. of Investors is the number of funds participating
in the investment round. Experience is the natural logarithm of the number of prior investments by
the venture capital firm. First Fund is a dummy variable indicating whether a fund is the first fund of
the venture capital firm. Fund Size is the natural logarithm of the fund’s size in 1985-Dollar. Fund
Age is the age of the venture capital fund at the time of investment. All regressions are estimated
with a constant term, fund stage, fund industry, and fund region fixed effects (not reported). Robust
standard errors clustered at the venture capital fund level are reported in parentheses. *, **, *** refer
to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6) (7)

Past Performance 0.482** 0.398* 0.458*
(0.232) (0.238) (0.249)

MSCI World 0.194*** 0.231*** 0.206***
(0.069) (0.072) (0.071)

Fund Inflows 0.034 0.067 0.089*
(0.041) (0.043) (0.050)

Deal Flow (Country) -0.086** -0.119*** -0.111***
(0.034) (0.035) (0.036)

Exit Market Attract. (Country) 0.243 0.249 0.595***
(0.171) (0.182) (0.214)

Round Number 0.047*** 0.057*** 0.053*** 0.043*** 0.050*** 0.047*** 0.020
(0.014) (0.014) (0.014) (0.014) (0.015) (0.014) (0.015)

No. of Investors -0.031** -0.036** -0.033** -0.026* -0.031** -0.028* -0.025
(0.015) (0.015) (0.015) (0.015) (0.015) (0.016) (0.018)

Experience 0.051 0.019 0.028 0.020 0.022 0.044 0.065
(0.042) (0.041) (0.041) (0.040) (0.040) (0.042) (0.043)

First Fund 0.219 0.233 0.269 0.294* 0.275 0.225 0.174
(0.175) (0.172) (0.173) (0.173) (0.173) (0.174) (0.183)

Fund Size 0.288*** 0.303*** 0.286*** 0.288*** 0.293*** 0.287*** 0.214***
(0.054) (0.053) (0.053) (0.054) (0.053) (0.055) (0.057)

Fund Age 0.015 -0.025 0.011 0.005 0.009 -0.033* -0.024
(0.013) (0.017) (0.013) (0.013) (0.013) (0.018) (0.019)

Region Fixed Effects yes yes yes yes yes yes yes
Industry Fixed Effects yes yes yes yes yes yes yes
Stage Fixed Effects yes yes yes yes yes yes yes

Observations 31,521 31,521 31,521 31,521 31,521 31,521 31,521
Pseudo R2 0.1568 0.1576 0.1557 0.1575 0.1558 0.1621 0.0764
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at the 10%-level in this specification, which implies that increased competition on the
capital supply side does increase the probability of intra-region location drifts. The
most noteworthy difference is the high significance of the coefficient of Exit Market
Attractiveness, which still has the unexpected positive sign. One explanation for this
positive sign might be, that VCs invest abroad more, to exploit the overly attractive local
exit market by taking foreign portfolio companies public or selling them at home.13

Industry

Table 2.9 reports the results of the main analysis of industry drifts in models (1) -
(6). As the univariate analysis has already indicated, the effect of Past Performance is
contrary to what H1 predicts. The negative sign of the coefficient in models (1) and
(6) means that lower-performing VCs are more likely to conduct industry drifts. The
marginal effect of Past Performance in model (6) is -0.132, or in other words, a one
standard deviation increase in Past Performance decreases the probability of an industry
drift by 2.8 percentage points. The comparison of a low (10th percentile) vis-à-vis a
well (90th percentile) performing VC shows a 7.1 percentage point lower probability
for the well-performing VC. These results clearly show that industry drifts do differ
considerably from the other two drift dimensions. Potential explanations for the reversed
sign are that poorly performing VCs might have worse access to high-quality deals in
their preferred industries or actively reconsider their industry focus due to lack of success
in the originally preferred industries and thus do need to drift. Even though H1 cannot
be confirmed, models (2) and (6) show the same positive sign for the highly significant
coefficients for MSCI World as downward stage drifts and location drifts do. The effect
of a one standard deviation increase of MSCI World in model (6) corresponds to a 3.6
percentage point increase of the probability of an industry drift. Just as in the case of
location drifts, there is no significance for the coefficients of Fund Inflows, which means
there is no evidence in support of H3a. H3b can be confirmed consistently again in the
case of industry drifts. Deal Flow has a negative sign and is highly significant. A one
standard deviation increase in Deal Flow in model (6) leads to a 3.4 percentage point
decreased probability of an industry drift. There is also support for H4 in the case of
industry drifts. Exit Market Attractiveness has the predicted negative sign and is highly
significant. The marginal effect in model (6) is -0.134 which means a decrease of Exit
13Tykvová (2018a) finds evidence in support of this explanation. Exits abroad are more likely for

portfolio companies with international VCs among the investors, especially if the portfolio company’s
home country has lower legal framework quality. Due to the stricter definition of location drifts
in model (7), the fraction of investments into companies outside of Europe and the US is much
higher than for the main location drift definition, which increases the fraction of location drifts into
countries with a low legal framework quality.
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Market Attractiveness by one standard deviation increases the probability of an industry
drift by 2.1 percentage points. This is in line with H4 which predicts that when the
IPO rate within the preferred industries is lower than usual as defined in section 2.3.1
industry drifts are more likely.

To address concerns, that the main definition of industry drifts is too broad and classifies
too many investments as industry drift, we introduce two alternative industry drift
definitions in models (7) and (8) serving as robustness checks. As some funds might
be specialized in more than two industries, the alternative definitions are much more
narrow to ensure that the investments are not in the fund’s preferred industry style
and represent investments outside the area of specialization. In model (7) we use the
first alternative definition for industry drift as the dependent variable, which only treats
investments into industries in which the fund has had no more than one prior investment
as a drift. The second alternative definition in model (8) categorizes all investments in
which the VC firm has not had more than one investment in the last six years as an
industry drift. Both definitions should capture the increased risk-taking attitude, by
focussing on the outliers.

The results are qualitatively and quantitatively very similar to the main analysis. A
noteworthy difference is the highly significant positive coefficient for Fund Inflows in
model (7). While in line with the prediction of H3a, this single significant result is
still contrasted by the non-significance in all other models. Furthermore, Exit Market
Attractiveness loses its significance in both alternative specifications. This might indicate,
that VCs only invest in industries, in which they have some prior experience, when exit
markets are cooler than usual in their preferred industries, while they are not more likely
to chase returns in industries, in which they have not invested several times before.
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Risk-taking Plausibility Check and Discussion of Results

To further strengthen our arguments regarding the relationship of style drifts and
risk-taking laid out in section 2.2.1 we conduct an additional plausibility check to
confirm that style drifts do bear risk-taking information. In table 2.10 we include
Uncertainty Avoidance as additional control variable in the full model specifications for
each style drift dimension. The variable cannot be included in the main analysis due to
the presence of region fixed effects that control for unobserved region-specific factors.
As Uncertainty Avoidance is constant over time and highly correlated geographically,
including both, region fixed effects and Uncertainty Avoidance, in the same model would
lead to econometric issues. Uncertainty Avoidance is one of several cultural dimensions
described in Hofstede (2001) capturing informal institutions across countries. Societies
with a higher level of the Hofstede uncertainty avoidance index exhibit lower willingness
to take risks and have a greater fear of failure, while low levels of uncertainty avoidance
are associated with a higher willingness to take risks (Hofstede 2001). We build on earlier
work analyzing how uncertainty avoidance is related to risk-taking in venture capital
investments. Cumming et al. (2016a) show that there is a negative relationship between
uncertainty avoidance and VCs’ willingness to invest in risky cleantech investments. Thus,
we expect to find the same negative relationship between Uncertainty Avoidance and
riskier style drifts in table 2.10. The analysis confirms the expected negative relationship
between Uncertainty Avoidance and risky style drifts in models (1) - (3) for both stage
drifts and location drifts. However, we do not find any statistically significant relationship
with industry drifts in model (4), which indicates that industry drifts might not be
perceived as riskier investments. The results of the plausibility check are fully compatible
with the findings of the main analysis.

Based on the discussion about a potential agency conflict between LPs and GPs and
the distinction between deliberate risk-taking and risk-taking out of necessity in section
2.2.3 and the plausibility check above the results shed light on the question whether
style drifts by the GP are in the best interest of the LP. With regard to the potential
agency conflict statistically significant effects for Past Performance and MSCI World
in line with H1 and H2 imply that VCs alter the risk profile of a fund deliberately to
increase their potential carried interest compensation. The results across all style drift
dimensions indicate that Past Performance is a relevant factor influencing style drifting.
The analyses for stage drifts and location drifts, by and large, confirm the hypothesis that
well-performing VCs are more prone to increase their risk-taking attitude. Additionally,
comparing the results for the hypothesis that riskier drifts are more likely when public
markets perform well across style drift dimensions, show consistent results. VCs have a
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higher risk-taking appetite when public markets are hot. This is in line with the findings
of Buzzacchi et al. (2015), who also find booming public market conditions to affect
risk-taking positively. This means that GPs alter the risk-return profile of their fund
deliberately to maximize their own compensation potential when they have confidence
that this will not negatively affect their ability to raise a follow-on fund. Under the
assumption that LPs allocate their capital into a fund with the expectation of a specific
risk-return profile, this deliberate alteration of the risk-return profile is not in the LP’s
best interest. The case of industry drifts, however, differs from stage and location drifts
and indicates the opposite effect of Past Performance on the probability of a drift. This
might indicate that industry drifts might be in the best interest of LPs. There are two
alternative explanations for the observation that poorly performing VCs are more likely
to conduct industry drifts. As an investment decision is a two-sided matching process,
entrepreneurs might refrain from seeking an investment from a poorly performing VC. In
turn, this might make it necessary for poorly performing VCs to then strain further from
their industry comfort zones. Alternatively, the VCs themselves might actively abandon
their prior focus, when they conclude that the chosen industry focus is the reason for
the lack of success. These explanations are more in accordance with the results for drifts
out of necessity. When GP drift in their style out of necessity, this should be in the
best interest of the LP, because the alternatives would be to either not invest the fund’s
capital at all, or to accept unjustifiably high price tags to attract high-quality companies
in the preferred style, or even to knowingly invest into low-quality companies without
much potential.
Regarding H3a and H3b, on the one hand, Deal Flow is consistently negatively related
to the probability of style drifts, which indicates that necessity to drift is an important
factor. On the other hand, the effect of increased Fund Inflows, i.e. competition on the
supply side of capital, is only significant in select specifications. The hypothesis, that
VCs are more likely to drift in every style dimension due to competition cannot fully
be confirmed. In particular, the results for both directions of stage drifts indicate, that
an abundance of capital inflows leads to more upward stage drifts and fewer downward
stage drifts. One explanation for this observation is that drifting into lower stages
typically involves smaller investment amounts. Thus, if a lot of capital is available, VCs
favor drifting into later stages, where they can invest larger amounts at once. This
is also reconcilable with Bubna et al. (2020), who find that the amount of a fund’s
uninvested capital creates pressure to invest all committed capital in time. Finally, the
hypothesis that VCs chase returns via style drifts, can only be confirmed for industry
drifts. However, the statistical significance vanishes in the alternative specifications even
in this case.
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Table 2.10.: Relationship of Uncertainty Avoidance and Style Drifts

This table reports the results of logistic regressions studying the relationship of style drifts and uncertainty
avoidance. The sample is at the deal level covering 31,521 deals. The dependent variable is a dummy
variable indicating whether the investment in the portfolio company in question represents a style drift
in the indicated style dimension for the venture capital fund with one, and zero otherwise. The sample
consists of all first time investments made by venture capital funds in portfolio companies. Uncertainty
Avoidance is the Hofstede uncertainty avoidance index. Past Performance is the share of successful
exits of all investments of the venture capital firm minus the industry average performance in the 5
years preceding the investment. MSCI World is the change of the MSCI World Index between the
investment and the fund’s founding date. Fund Inflows is the inflation corrected sum of region specific
inflow of capital into new funds in the two years preceding the investment. Deal Flow is the number of
deals in the preferred style in the year preceding the investment divided by the number of VCs active
in the respective style in the same time interval. Exit Market Attract. is the fraction of IPOs of all
successful exits in the fund’s preferred style in the year preceding the investment minus the three-year
moving average. Round Number is the numeric sequence of the investment round. No. of Investors is
the number of funds participating in the investment round. Experience is the natural logarithm of the
number of prior investments by the venture capital firm. First Fund is a dummy variable indicating
whether a fund is the first fund of the venture capital firm. Fund Size is the natural logarithm of the
fund’s size in 1985-Dollar. Fund Age is the age of the venture capital fund at the time of investment.
All regressions are estimated with a constant term, fund stage, and fund industry fixed effects (not
reported). Robust standard errors clustered at the venture capital fund level are reported in parentheses.
*, **, *** refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4)

Stage Down Stage Up Location Industry

Uncertainty Avoidance -0.266* 0.369** -0.458* 0.157
(0.154) (0.172) (0.255) (0.127)

Past Performance 0.568*** -0.521*** 0.166 -0.614***
(0.134) (0.120) (0.232) (0.090)

MSCI World 0.362*** -0.090* 0.257*** 0.156***
(0.056) (0.052) (0.072) (0.031)

Fund Inflows -0.138*** 0.110*** 0.096* -0.024
(0.030) (0.030) (0.054) (0.018)

Deal Flow -0.086* -0.154*** -0.231*** -0.091***
(0.051) (0.052) (0.027) (0.015)

Exit Market Attract. 0.682*** -0.599***
(0.227) (0.103)

Round Number -0.831*** 0.927*** 0.009 -0.008
(0.035) (0.027) (0.015) (0.008)

No. of Investors -0.015 0.046*** -0.022 -0.003
(0.011) (0.009) (0.018) (0.005)

Experience 0.182*** -0.218*** -0.001 0.046**
(0.028) (0.024) (0.040) (0.018)

First Fund 0.205** -0.094 0.195 -0.068
(0.084) (0.091) (0.183) (0.064)

Fund Size -0.095*** 0.089*** 0.202*** -0.027
(0.023) (0.022) (0.056) (0.017)

Fund Age -0.092*** 0.055*** -0.040** -0.012*
(0.015) (0.013) (0.019) (0.007)

Region Fixed Effects no no no no
Industry Fixed Effects yes yes yes yes
Stage Fixed Effects yes yes yes yes

Observations 19,929 18,083 31,521 31,521
Pseudo R2 0.1367 0.2182 0.0719 0.0611
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2.4.2 What are the Performance Implications of Investment Style
Drifts?

Individual Investment Success

As a logical next step of the analysis, we are interested in how style drifts affect the
performance of individual investments. If style drifts are in fact reflections of the risk-
taking attitude of the GP, riskier drifts should lead to a lower probability of a successful
exit for the VC fund. Thus, we run eight separate probit14 regressions for each individual
style drift dimension and several aggregate style drift variables in model (1) - (8) in
table 2.11 with Success as the binary dependent variable with the following model
specification

P (Successi) = α + βStyle Drifti + γControlsi + δFE(Industryi, Yeari) + ui (2.2)

where individual investments are indexed with i. Style Drifti is a vector of the different
individual and aggregate style drift variables. Controlsi is a vector of controls. We control
for the VC’s experience, the amount invested in the portfolio company in the investment
round, whether the deal was syndicated, public market conditions in the exit year15, and
the legal system quality of the portfolio company’s country. The Legal System Quality
variable is an index based on the data in the seminal work of La Porta et al. (1998) that
we construct with the methodology described in Berkowitz et al. (2003). We include it
because e.g. Cumming et al. (2006) and Tykvová (2018a) show that a higher quality
legal system in the portfolio company’s country is associated with a higher likelihood
for successful exits. Additionally, we also include Past Performance to rule out that
the drift variables simply proxy for omitted performance persistence. Furthermore, we
include portfolio company industry fixed effects and year of investment fixed effects.16

14As we later also employ recursive bivariate probit models (without a logistic counterpart) to address
self-selection concerns, we want to stay consistent within this part of the analysis and use probit
regressions instead of logistic regressions here. Using a logistic link function in this step of the
analysis does not change the results.

15To calculate the variable capturing public market conditions in the exit year for portfolio companies
that have not been successfully exited, we rely on the theoretical exit date as discussed in section
2.3.1 that we also use for the calculation of Past Performance.

16Results stay qualitatively the same when we include country fixed effects instead of Legal System
Quality.
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The controls show the expected signs in all model specifications. All six reported control
variables have a positive sign and are statistically significant, i.e. more experienced VCs,
syndicated deals, higher investment amounts, favorable public market conditions in the
year of the exit, a better legal system, and high performance are associated with a higher
probability of a successful exit. The results of this simple probit model are completely in
line with H5. As expected, downward stage drifts have a negative effect on the successful
exit probability and are highly statistically significant. Specifically, the effect of Stage
Drift Down corresponds to a 5.8 percentage points lower exit probability. This fully
supports the notion that downwards stage drifts are associated with higher investment
risk. Turning to upward stage drifts, the very opposite effect is documented. The
coefficient in model (2) is highly significant and has a positive sign. The effect of Stage
Drift Up is a 6.7 percentage points higher probability of a successful exit. The coefficient
of Location Drift is also negative and significant at the 1%-level. More specifically, the
effect of Location Drift corresponds to a 4.5 percentage points lower probability of a
successful exit. Industry Drifts shows a negative sign with significance at the 10%-level.
The effect of an industry drift corresponds to a 1.1% lower success probability. Besides
the effect of single drift dimensions, we are also interested in the question of whether
investments that represent multiple drifts are worse than individual drifts. In models (5)
and (6), we use Drift Score (excl. Stage Up) in the regressions. This count variable can
range from 0 to 3 and is constructed as the sum of the three risky style drift dummies,
only excluding Stage Drift Up because of its opposite risk-taking characteristic. It can
be clearly observed that the probability of a successful exit decreases monotonically with
an increase of Drift Score (excl. Stage Up) because of the highly significant negative
coefficient. If an investment represents several risky style drifts, each additional style
drift decreases the success probability by 3.2 percentage points. This finding can be
confirmed and further detailed in models (7) and (8), where we employ a set of dummies
derived from Drift Score (excl. Stage Up) to measure the effects of multiple drifts more
granularly. The dummy analysis reveals that the success probability does not decrease
linearly. The effect sizes of 1 Drift, 2 Drifts, and 3 Drifts correspond to a 2.4, 6.7, and
12.4 percentage points decrease of the success probability, respectively. So far, the
analysis does not consider potential endogeneity problems. The rationale behind using
style drift as an explanatory variable for exit success, i.e. implying causality by using
style drifts as independent variables in models (1) - (4) in table 2.11, is mainly based on
the fact that exit events usually are observed multiple years after the decision whether or
not to style drift takes place. However, given that the probability of style drifting is not
random and most likely unobserved confounders are impacting both, style drift and exit
success, simultaneously the estimated independent regression models might suffer from
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Table 2.12.: Effect of Style Drifts on Individual Investment Success Controlling for Endogeneity

This table reports the results of bivariate recursive probit regressions studying the effect of style drifts on individual exit
success. The sample is at the deal level covering 31,521 deals. The dependent variable in the outcome equation is a
dummy variable indicating whether the investment in the startup company in question has been successfully exited via an
IPO or trade sale with one, and zero otherwise. The dependent variable in the outcome equation is the respective style
drift variable. The sample consists of all first-time investments made by venture capital funds in portfolio companies.
Funds without stage focus or seed focus are excluded from the sample in model (1), as downward stage drift is not defined
for those cases. Funds without stage focus or later stage focus are excluded from the sample in model (2), as upward stage
drift is not defined for those cases. Stage Drift Down, Stage Drift Up, Location Drift, and Industry Drift are dummies
indicating a style drift in the respective dimension with one, and zero otherwise. Experience is the natural logarithm
of the number of prior investments by the venture capital firm. Invested Amount is the dollar amount invested in the
portfolio company. Syndication is a dummy indicating whether a deal is syndicated. MSCI World (Exit Year) is the
return of the MSCI World in the exit year. Legal System Quality is an index measuring the legal system quality of the
portfolio company’s country. Past Performance is the share of successful exits of all investments of the venture capital
firm minus the industry average performance in the 5 years preceding the investment. MSCI World is the change of the
MSCI World Index between the investment and the fund’s founding date. Fund Inflows is the inflation corrected sum of
region-specific inflow of capital into new funds in the two years preceding the investment. Deal Flow is the number of
deals in the preferred style in the year preceding the investment divided by the number of VCs active in the respective
style in the same time interval. Exit Market Attract. is the fraction of IPOs of all successful exits in the fund’s preferred
style in the year preceding the investment minus the three-year moving average. Round Number is the numeric sequence
of the investment round. No. of Investors is the number of funds participating in the investment round. Experience is
the natural logarithm of the number of prior investments by the venture capital firm. First Fund is a dummy variable
indicating whether a fund is the first fund of the venture capital firm. Fund Size is the natural logarithm of the fund’s size
in 1985-Dollar. Fund Age is the age of the venture capital fund at the time of investment. All regressions are estimated
with a constant term and fixed effects as indicated (not reported). Robust standard errors clustered at the venture capital
fund level are reported in parentheses. *, **, *** refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4)

Stage Down Success Stage Up Success Location Success Industry Success

Stage Drift Down -0.750***
(0.073)

Stage Drift Up 0.445***
(0.044)

Location Drift -0.508***
(0.098)

Industry Drift -0.389***
(0.103)

Experience 0.089*** 0.087*** -0.089*** 0.101*** 0.026 0.059*** 0.042*** 0.062***
(0.017) (0.008) (0.014) (0.009) (0.021) (0.007) (0.012) (0.007)

Invested Amount 0.021*** 0.017*** 0.026*** 0.025***
(0.003) (0.003) (0.002) (0.002)

Syndication 0.279*** 0.299*** 0.333*** 0.343***
(0.028) (0.031) (0.023) (0.023)

MSCI World (Exit Year) 0.510*** 0.496*** 0.615*** 0.602***
(0.093) (0.102) (0.077) (0.076)

Legal System Quality 0.051*** 0.056*** 0.052*** 0.056***
(0.011) (0.012) (0.009) (0.008)

Past Performance 0.267*** 0.407*** -0.209*** 0.355*** 0.246** 0.343*** -0.339*** 0.258***
(0.075) (0.053) (0.068) (0.055) (0.120) (0.043) (0.055) (0.050)

MSCI World 0.203*** -0.029 0.117*** 0.100***
(0.030) (0.028) (0.035) (0.019)

Fund Inflows -0.113*** 0.123*** 0.051** -0.002
(0.018) (0.017) (0.022) (0.012)

Deal Flow -0.024 -0.138*** -0.058*** -0.058***
(0.028) (0.029) (0.016) (0.010)

Exit Market Attract. 0.153 -0.362***
(0.102) (0.063)

Round Number -0.431*** 0.534*** 0.011 -0.012**
(0.018) (0.015) (0.008) (0.006)

No. of Investors -0.021*** 0.038*** -0.022*** -0.003
(0.006) (0.005) (0.007) (0.003)

First Fund 0.109** -0.030 0.088 -0.031
(0.047) (0.051) (0.086) (0.040)

Fund Size -0.056*** 0.054*** 0.131*** -0.019*
(0.013) (0.012) (0.025) (0.010)

Fund Age -0.048*** 0.024*** -0.013 -0.009**
(0.008) (0.007) (0.009) (0.004)

ρ 0.408*** -0.211*** 0.244*** 0.239***
(0.052) (0.031) (0.055) (0.069)

Fund Region Fixed Effects yes no yes no yes no yes no
Fund Industry Fixed Effects yes no yes no yes no yes no
Fund Stage Fixed Effects yes no yes no yes no yes no
Company Industry Fixed Effects no yes no yes no yes no yes
Investment Year Fixed Effects no yes no yes no yes no yes

Observations 19,929 18,083 31,521 31,521
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endogeneity bias. For example, the probability of a style drift and the successful exit
probability might both be greater, when the portfolio company’s expected performance
is higher. To strengthen our results we account for the possibility of endogeneity by
employing recursive bivariate probit (treatment selection) models (Heckman 1978; Greene
2018). This allows us to analyze the effect the binary endogenous drift variables have on
the binary exit success variable accounting for unobserved confounders. The approach is
similar to a sample selection correction, however, with this approach, we can address
the self-selection into ’treatment’, i.e. the decision to style drift, by estimating a system
of two probit equations simultaneously. The approach allows the error terms to be
correlated. Consequently, when the correlation coefficient ρ in the joint estimation model
is not significant, the drift variable of interest can be treated as exogenous and thus the
independent estimation of the two equations is more appropriate.

In the first equation (see equation 2.1) of the equation system style drift is the dependent
variable, while it is an endogenous regressor in the second equation (see equation 2.2)
with exit success as the independent variable. For the respective style drift equations,
we use the same full model specifications as in the analysis in section 2.4.1. The results
concerning style drift determinants discussed above are largely confirmed in the recursive
bivariate probit setting. The second equation is specified analog to models (1) - (4) in
table 2.11. Models (1) - (4) in table 2.12 show the results of the recursive bivariate
probit approach. After accounting for endogeneity, all style drift dummies have the
same sign as in the standard probit models, which confirms the general results. The
marginal effect after controlling for unobserved confounders is higher compared to the
standard probit models for all style drifts. The marginal effects of Stage Drift Down,
Stage Drift Up, Location Drift and Industry Drifts are equal to a 26.8 percentage points
decrease, a 15.9 percentage points increase, an 18.4 percentage points decrease, and 14.0
percentage points decrease of the success probability, respectively.17 All four coefficients
are significant at the 1%-level. In sum, the recursive bivariate probit models fully confirm
the general results of the probit analysis and are in line with the prediction of H5.

Fund Success

To measure the aggregate implications of fund-level style drifts on fund performance, we
follow the methodology and basic model specification used by Hochberg et al. (2007).
This step of the analysis is important because portfolio effects might differ from individual

17We also estimate the effect size via a linear regression model with endogenous treatment effects, which
uses a linear probability model to estimate the Success equation. The results are consistent with the
main analysis and confirm the findings.
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investment effects, i.e. the fund-level performance is the only performance level that is
relevant for LPs who allocate capital to a fund in expectation of a certain risk-return
profile. We use the fraction of a fund’s successful exits, i.e. its Exit Rate, as the dependent
variable to measure fund performance, which has been shown by Hochberg et al. (2007)
to be a valid proxy for cash flow based performance measures.

Exit Ratei = α + βStyle Drifti + γControlsi

+ δFE(Stagei, Regioni, Vintage Yeari) + ui

(2.3)

Individual funds are indexed with i. Style Drifti is a vector if style drift related variables.
Controlsi are the same as in Hochberg et al. (2007): Fund Sequence, Fund Sequence
squared, Fund Size, and Fund Size squared. Besides vintage year fixed effects used by
Hochberg et al. (2007) we also add fixed effects to the model specification to control for
the fund’s region and the fund’s investment stage focus. In table 2.13 model (1) is the
baseline specification including just the controls, which we use to benchmark our model
with the baseline specification of Hochberg et al. (2007). Our model’s coefficients have
the same sign and about the same magnitude, with a higher significance level for the
coefficients and a higher overall model fit compared to Hochberg et al. (2007). We find
the same positive relationship between Fund Size and Fund Sequence and the fund’s
overall investment success. This includes the negative sign for the squared fund size,
which highlights the concave relationship between fund size and fund performance. The
observation is consistent with diminishing returns to scale. Thus, for the further analysis
of the impact of style drifts on fund performance, this model is suitable and in line with
previous studies on fund performance in the venture capital industry.18

18In addition to the OLS approach based on Hochberg et al. (2007) described here, we also run all
specifications as fractional regressions with a logistic link function and analyze marginal effects
in unreported regressions. All results for the OLS results described here are qualitatively and
quantitatively robust to the use of the alternative methodology.
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To include the binary drift variables into the fund-level analysis we aggregate the
investment level data. This means the respective drift variables in table 2.13 represent
the fraction of the portfolio that is classified as the respective drift. Model (2) - (6) in
table 2.13 include the four style drift variables first stepwise and finally combined in one
regression model. The results of the fund-level performance analysis are very similar
to the results of the individual investment success analysis. Model (2) and (3) show
that stage drifting has a significant effect on fund performance. Stage Drift Down has a
negative sign, which can directly be interpreted based on the OLS coefficient. All else
equal increasing the fraction of investments representing a downward stage drift by one
standard deviation decreases a fund’s overall investment success by 1.6 percentage points
(specifically, in this case, the exit rate decreases from 49.4% to 47.8%). A comparable
effect size with a positive sign can be observed for Stage Drift Up. A one standard
deviation increase of Stage Drift Up increases the exit rate of a fund by 2.1 percentage
points.

Unexpectedly, Location Drift has a positive effect on a fund’s exit rate. The effect of
a one standard deviation change corresponds to an increase of the fund performance
of 2.0 percentage points. In unreported regressions, we employ a dummy for frequent
location drifters and infrequent location drifters, to analyze if the positive effect persists
even for funds that undertake only a few cross border investments.19 The results show,
that the positive relationship between fund performance and location drifts is only
significant for the frequent drifter group. This indicates that experience in or focus on
cross-border investments plays a role in the effect of Location Drifts. Industry Drift has
a negative effect on a fund’s exit rate. This confirms that VCs benefit from staying in
their specialized industry comfort zone. A one standard deviation increase in Industry
Drift is associated with a 2.9 percentage points lower exit rate.

The results reported so far might be biased due to the fact, that we do not consider the
investment amounts per company in the fund-level drift measures to better account for
the real portfolio composition. Further, as before in the individual investment success
analysis, we want to rule out that the style drift fractions simply proxy for performance
persistence. In unreported regressions, we use the investment amounts as weights for the
drift dummies, when we create the fund-level drift variables as an alternative specification
and include the exit rate of the VC’s last fund as a control for performance persistence.
The reported results above are robust to using the investment amount weighted drift
variables instead of the equally weighted ones. Including the performance persistence

19Funds with a fraction of Location Drift of less than 20% are considered infrequent location drifters.
However, the results are the same for a 10% or 30% threshold.
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control does not change results either, even though we do find evidence for performance
persistence, which is perfectly in line with Kaplan and Schoar (2005), who document
substantial performance persistence between consecutive funds.

Finally, in models (7) and (8) we analyze the effect of style drifts by combining the
different style dimensions into two potential aggregate measures. In model (7) Drift
Share is the fraction of the portfolio that represents at least one drift. The aggregate
effect of style drifting on a fund’s exit rate is negative. The coefficient means that a fund
without even a single portfolio company that constitutes any style drift, all else being
equal, has a 7.4 percentage points higher exit rate than a fund style drifting in every
single investment. Model (8) measures aggregate style drift as the Average Drift Score,
i.e. the number of distinct style drifts divided by the number of portfolio companies.
Thus, Average Drift Score can take values between 0 and 3 and should even better
capture the nuances of aggregate style drift. The negative effect of aggregate style drift
on the fund’s exit rate holds also based on this measure of aggregate style drift, even
though the coefficient is only significant at the 10%-level. The negative effect in models
(7) and (8) can be observed, even though we also include upward stage drifts in the
measures. When we only consider industry drifts, location drifts, and downward stage
drifts, i.e. riskier style drifts as hypothesized in section 2.2.1, for the aggregate measures
in models (9) and (10), the coefficient for Drift Share (excl. Stage Up) become even more
negative and Average Drift Score (excl. Stage Up) becomes significant at the 1%-level.
The results on aggregate drifts are in line with Bubna et al. (2020). Even though they
use a different methodology, that is not fully compatible with our approach of deriving
style drifts, Bubna et al. (2020) incorporate the same style dimensions, i.e. industry,
location, and stage, into their aggregate drift measure and find the same negative effect
of style drifts on performance. This confirms our results and shows that conducting more
risky investments decreases a fund’s exit rate.

2.5 Conclusion

In this paper, the motivating factors for investment style drifts and their impact on
investment performance in the venture capital context are investigated. LPs considering
venture capital look for a specific risk-return profile of a venture capital fund that matches
their own portfolio choices. Under the assumption that a venture capital fund’s implicitly
expected investment style is the basis for a LP’s capital allocation when GPs deviate
from this expected investment style, they might not act in the best interest of LPs.
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This paper contributes to the sparse literature on style drifts in venture capital and on
potential agency conflicts between LPs and GPs. By examining how economic incentives
and venture capital industry conditions influence the probability of style drifts in the
three core investment style dimensions (portfolio company development stage, location,
and industry) this article distinguishes between style drifts out of necessity and deliberate
style drifts. The paper contributes to the literature by connecting all three style drifting
dimensions to the underlying risk-taking attitude of VCs at the time of investment. Based
on this connection we argue that style drifts represent shifts in the risk profile of a fund.
When drifts are deliberate risk-taking decisions motivated by potential compensation
benefits for GPs, they constitute an agency conflict.

The findings suggest that in fact, style drifts are likely representing an agency conflict
between GPs and LPs. The results lend support to the hypothesis that compensation
incentives overweigh employment incentives for well-performing VCs, who therefore
increase the risk to benefit from higher compensation potential, when they feel confident,
that they will be able to raise a follow-on fund. Results show that well-performing VCs
exhibit a higher risk-taking attitude and thus are more likely to perform downward
stage drifts and location drifts, but less likely to perform upward stage drifts. Notably,
industry drifts do not follow the same pattern. The analysis suggests that industry
drifts are mostly driven by necessity. Overall, results suggest that VCs have a higher
risk-taking attitude regarding all investment style drifts when public markets are rising.
Additionally, there is evidence for the hypothesis that increasing competition for high-
quality investments also increases the probability of style drifts, irrespective of the
associated risk shift. Lack of deal flow in the preferred investment style is consistently
increasing the probability of style drifts across all style dimensions. Further, there is
at least some evidence suggesting that competition induced by high fund inflows also
increases the probability of style drifts occurring. All reported results are robust to
various alternative model specifications.

Looking at the impact of style drifts on overall fund performance, the results show that
aggregate style drifts have a negative impact on a fund’s exit rate. The effect can be
disentangled into the individual style drift dimensions, which then show varying effects.
The fraction of a funds portfolio representing downward stage drifts and industry drifts
decreases a fund’s exit rate, while location drifts and upward stage drifts increase the
exit rate. The effect of location drift can be attributed to a small number of frequent-
location-drifter funds. Funds with a fraction of location drifts of less than 20% do not
show a significant effect on the exit rate. The fund-level results are supported by the
findings of the individual investment success analysis, which shows the same general

2.5 Conclusion 55



effects even after controlling for performance persistence and the potential endogeneity
of exit success and style drifting.

The results overall cannot fully resolve the style drift puzzle. On the one hand, the
analysis of the motivational factors for style drifts shows some evidence for both, drifts
out of necessity and drifts as deliberate risk-taking decisions. Yet, fund performance is
consistently negatively affected by aggregate style drift, implying that LPs do not benefit
from style drifts in terms of better performance. Thus, this still leaves the question open,
why style is not contractually fixated. The results have further practical importance as
they question the optimality of the incentive structure in typical limited partnership
agreements for closed-end funds with the connected necessity for frequent fund-raising
cycles.

While this paper shows that style drifts in the current fund are related to the balance of
compensation and employment incentives, i.e. the confidence of being able to raise a
large follow-on fund, it also leaves unanswered some other interesting questions. How do
style drifts eventually affect fundraising success? Do LPs consider past style-deviation
patterns when GPs try to raise new funds? It could be interesting to find out, whether
past style drifting is related to the probability of raising a follow-on fund or the size
of the follow-on funds. Our analysis includes a large number of different countries,
however, we only touch on the relationship between style drifts and formal and informal
institutions. Further research could shed more light on country differences concerning
style drifts. How are cultural aspects related to the occurrence of style drifts? Is the
negative effect of style drifts on performance worse in countries with a worse legal system?
Other interesting issues to analyze are e.g. style drifting in the light of COVID-19 or
the entrepreneur’s perspective on style-drifting GPs. Has GPs’ style-drifting behavior
changed in the post-COVID-19 period because of changed risk-taking attitudes? Do GPs
get less involved in investments that represent style drifts because of a decreased ability
to offer value-adding services? We leave these questions open for further research.
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Essay 2 – Tell Me Something
New: Startup Valuations,
Information Asymmetry,
and the Mitigating Effect of
Informational Updates

3

Abstract
A high level of information asymmetry is characterizing for venture capital investments
making new information about entrepreneurial companies especially valuable for a
venture capitalist’s valuation process. This paper uses text classification and text
mining methodology to extract structured data about capital allocation plans in a
unique sample of 1,550 European funding rounds that serves as proxy for the private
informational updates shared with investors by entrepreneurs. We show that venture
capitalists incorporate the content and specificity of information into their valuation
process. Further, results confirm that the value of new information is dependent on the
prevailing level of information asymmetry.
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3.1 Introduction

The main goal of VCs is to allocate their capital to the right entrepreneurial companies
at the right valuation, in order to maximize the financial returns of their venture capital
funds. But what exactly constitutes ’right’ in this context and how can VCs identify
these entrepreneurial companies? Assessing entrepreneurial companies is the bread-and-
butter business of VCs. However, there is only limited potential to conduct classical
financial due diligence for valuation purposes, as the value of an entrepreneurial project
typically lies in intangible assets in the first years of new ventures. It is characteristic
for entrepreneurial companies to go through different life cycle phases developing and
commercializing the project (Lewis and Churchill 1983; Gartner 1985; Bhave 1994)
with a diminishing failure risk in each consecutive phase. To explore and develop the
project throughout these phases they need substantial capital from VCs acting as outside
investors faced with an informational disadvantage (Admati and Pfleiderer 1994; Cornelli
and Yosha 2003). The entrepreneur on the other hand usually has an informational
advantage regarding the company’s future prospects and success probability (Shane and
Stuart 2002). Thus, VCs need to learn about the entrepreneurial company’s current
state and future trajectory through regular informational updates (Bergemann and Hege
1998; Y.-W. Hsu 2010) reducing the risk of overvaluations or adverse selection rooted in
informational asymmetries.
This paper has two objectives. First, it seeks to advance the understanding of the
relevance of information asymmetry in venture capital funding relationships and second,
it explores the mitigating role of informational updates in funding rounds. We analyze the
valuation effect of newly arriving information with different content and different levels
of specificity under different levels of information asymmetry. Building on prior work in
the fields of agency theory the paper emphasizes the general relevance of information
asymmetries between entrepreneurs and VCs in funding relationships. We argue that the
staging of investments is a key strategy to reduce information asymmetries in venture
capital investments allowing VCs to periodically learn about entrepreneurial companies’
prospects via informational updates. We lay out the argument that both, information
content and information specificity, are considered by VCs in their investment and
valuation decisions. Information content signaling that the entrepreneurial company is
in a later life cycle phase and more specific information enabling efficient monitoring is
predicted to be related to higher valuations. Further, we hypothesize that the relevance
of new information depends on the relative level of information asymmetry between VC
and entrepreneur in a given funding round, i.e., that new information is less impactful
under already low levels of information asymmetry. Thus, this paper contributes to
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prior theoretical literature analyzing the relationship between VCs and entrepreneurs
with a focus on agency conflicts and information economics (Neher 1999; Wang and
Zhou 2004; Hellmann 2006; Shepherd and Zacharakis 2001; Arcot 2014; Sievers et al.
2013) providing empirical evidence for the role of information in venture capital funding
relationships that so far has been analyzed theoretically only (Bergemann and Hege
1998; Bergemann et al. 2010; Y.-W. Hsu 2010). To do so, this paper relies on a unique
sample of 1,550 European funding rounds containing valuations and textual descriptions
of capital allocation plans regarding the raised money. The textual descriptions are
used as proxy for the private information shared between entrepreneur and VC during
a funding round. We use text classification and text mining methodology to extract
structured data about the content and specificity of the informational update for the
empirical analysis. The results of our analysis indicate that VCs in fact learn from
informational updates during funding rounds and incorporate both the information’s
content and the information’s specificity into their valuation process. More specific
information and positive signals are statistically significant related to higher valuations.
Furthermore, the results confirm that new information has a higher impact on valuations,
when information asymmetry is high.
The remainder of this paper is structured as follows. First, section 3.2 explains the
relevance of informational updates in funding relationships under asymmetric information,
gives an overview of related literature, and develops testable hypotheses. Next, section
3.3 introduces the sample, details the text analysis methodology, goes over the variable
construction for the empirical analysis, and provides descriptive statistics. Section 3.4
covers the econometric methodology and discusses the results and limitations. Eventually,
section 3.5 concludes.

3.2 Informational Updates in Venture Capital

3.2.1 Information Signals and Information Asymmetries

Information asymmetries between entrepreneurs and their potential capital providers are
a central reason for the existence of specialized VCs. The high uncertainty surrounding
an entrepreneurial company’s ability to generate future cash flows emphasizes the
importance of information about an entrepreneurial project’s prospects of success in a
funding relationship. The general idea of the importance of asymmetric information and
the problem of adverse selection goes back to the seminal work of Akerlof (1970) and the
market for ’lemons’. Informational asymmetries in venture capital arise, because it can
be assumed that the entrepreneur has more knowledge about the quality and true value
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of the venture than a potential VC. This form of information asymmetry is broadly
referred to as the issue of hidden information in the agency theory literature (Jensen and
Meckling 1976). Amit et al. (1998) even argue that VCs’ raison d’être is their ability to
reduce the cost of informational asymmetries in the funding process of entrepreneurial
companies.
In order to mitigate adverse selection problems VCs rely on various mechanisms such
as screening, due diligence, and monitoring (Fried and Hisrich 1994; Cumming 2006).
Kaplan and Stromberg (2001) emphasize the difficulty of disentangling the different
mechanisms. They argue that all mechanisms rely on the collection of information about
the entrepreneurial company either before an initial or a potential follow-up investment
into the company. Via screening and due diligence VCs try to exploit all information
available to them to estimate the true value of the entrepreneurial company, while
monitoring activities are supposed to influence entrepreneurs to act in the best interest
of the VC (Bernstein et al. 2016) by among others verifying claims they make about the
entrepreneurial company. Furthermore, to control investment risk it is common practice
for VCs to stage investments (Sahlman 1990; Wang and Zhou 2004). By spreading the
total funding into multiple financing rounds, VCs have the discretion to make follow-on
investments or abandon an entrepreneurial company, depending on the information the
VC learns about the progress of the entrepreneurial company during each financing
round (Gompers 1995). It follows that staging is valuable to the VC, because it allows
the VC to learn more about the entrepreneurial company over time, which mitigates
the agency risks in the funding relationship. With each new piece of information, the
VC can adjust the probability of whether the company is of high or low quality and
use this for his internal valuation process. Bergemann et al. (2010) model the venture
capital investment process and show that VCs learn from newly arriving informational
updates and adjust the success probability they use for decision making in the funding
relationship. This only works, however, if the entrepreneur does provide information to
the VC. Milgrom (1981) and Grossman (1981) show with theoretical considerations in
the area of information economics that it is rationale to reveal private information for all
entrepreneurs. The basic idea is as follows: A rational VC will suspect that a rationale
entrepreneur withholding information only does so, because the company is of average
or even inferior quality. Any company owning information proofing its superior quality,
would reveal this information. Therefore, all information is revealed, as not revealing
any information would send a worse signal than revealing negative information. The
theoretical arguments are supported by some empirical evidence as well. Bollazzi et al.
(2019) show that entrepreneurs indeed send quality signals to VCs in order to reduce
information asymmetries.
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Thus, in each funding round, VCs receive informational updates about the progress
and quality of the entrepreneurial company. This means that through staging a VC’s
investment decision can be based on more and higher-quality information compared to
the case of only one single upfront investment (Dixit and Pindyck 1994) and subsequently
the VC can decide to abandon the investment in every funding round. However most
importantly, besides the pure abandonment decision, the VC can also include the content
of the informational update about the entrepreneurial company into his valuation.
Consequently, the VC is able to adapt the valuation based on the signal he receives in form
of an informational update from the entrepreneur. If the entrepreneur’s informational
update sends a positive signal about the company’s progress, its value is higher, if it
sends a negative signal about the company’s progress, its value is lower.

H1a: Positive information signals are related to higher valuations
H1b: Negative information signals are related to lower valuations

3.2.2 Information Specificity

In addition to the raw content of an informational update its specificity is also an
important factor for the VC’s valuation for two reasons. First, information sharing
comes at a cost for the entrepreneur (Verrecchia 1983; Dedman and Lennox 2009; Ellis
et al. 2012; A. Ali et al. 2014). Specifically in the case of venture capital investments,
Cox Pahnke et al. (2014) argue that competitive information leakage by investors is an
issue for entrepreneurs. They find evidence for their theory that indirect ties (through a
shared VC) between competing companies can lead to the leakage of internal information
and thus the loss of a competitive or technological advantage of the entrepreneurial
company. So as long as entrepreneurs only share general information with the VC
they have a low risk of information leakage. However, the more specific information an
entrepreneur shares, the higher the risk of information leakage. Thus, entrepreneurs need
to be compensated for the risk they get exposed to for sharing highly specific information
with VCs, in form of a higher valuation. Second, VCs spent considerable time and effort,
both in terms of money and opportunity cost, on monitoring activities (Gompers 1995;
Bernstein et al. 2016). This task is considerably easier for the VC the more ex-post
verifiable information the VC collects before committing to a funding round. Thus, the
disclosure of ex-post verifiable information, makes it more likely that the informational
update of the entrepreneur is actually truthful. In fact, Grossman (1981) shows it is
only rationale for entrepreneurial companies of high quality to share ex-post verifiable
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information, if they can back the information up with results after disclosure.1 Providing
ex-post verifiable information to the VC, can thus be interpreted as a signal of company
quality for the VC. However, only specific information can be verified unambiguously.2

Thus, it can be expected that VCs take the specificity of an informational update into
account when they asses the valuation of the entrepreneurial company. More specific
informational updates should therefore be associated with higher valuations, independent
of the information content of the informational update.

H2: Valuations are higher if the informational update contains more specific information

3.2.3 Level of Information Asymmetry

While the generally high level of information asymmetry between entrepreneur and VC
compared to e.g., investing in public markets is the foundational argument for the value
of informational updates in venture capital, the actual level of information asymmetry
is not homogenous in every single entrepreneur-VC funding relationship. So far, the
argument laid out in this section was that informational updates are valuable as they
reduce the level of information asymmetry between entrepreneur and VC, thus allowing
the VC to make better investment decisions. Hence, it is logical to assume that the
relative level of information asymmetry within the universe of venture capital investments
also influences how VCs incorporate informational updates into their valuation decisions.
There are two main opposing arguments to be made here. First, if the entrepreneur has
already released much of his private information to VCs, providing additional information
does not substantially further decrease the already low level of information asymmetry.
For example, Dierkens (1991) uses the same line of argumentation in the context of
public market reactions to negative company announcements and shows that the current
level of information asymmetry is related to the stock price effect of new equity issue
announcements. They show that the stock market reactions are less negative when the
level of information asymmetry is already low and thus the new announcement does only
reveal minor additional information about the true state of the firm.
This first line of argument, however, does not consider the effect of moral hazard in
entrepreneur-VC funding relationships. An entrepreneur can choose to behave oppor-
tunistically (Bergemann and Hege 1998; Holmström 1979), e.g., the entrepreneur could

1Grossman (1981) argues that general statements about e.g., the quality of a product would always
lead a rational buyer of that product to assume the quality to be the minimum that still fits the
general statement.

2While the information that a company will ’grow sales’ is good news, it is very general information.
Disclosing more specific details such as ’doubling sales of existing product X’ is easily verifiable
ex-post.
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report false information to ensure continued funding or a higher valuation of the en-
trepreneurial company for private benefits. Hence, the second argument is as follows.
If there is already a low level of information asymmetry between entrepreneur and VC
at the time of the release of a new informational update, the VC will have higher confi-
dence that the entrepreneur discloses truthful information. Thus, the VC will actually
consider the information received under low information asymmetry more trustworthy
than information received under high information asymmetry. This argument is closely
linked to the role of trust in venture capital funding relationships. Bottazzi et al. (2016),
for example, show that trust plays a significant role in venture capital investments. They
find that the probability of making an investment increases with higher levels of trust
between entrepreneurs and VCs. In summary, the two arguments result in two possible,
opposite hypotheses regarding the moderating role of the level of information asymmetry
on the incorporation of informational updates for valuation decisions.

H3a: The valuation effect of information signals is lower under low information asymmetry
H3b: The valuation effect of information signals is higher under low information asym-

metry

3.3 Data and Methodology

3.3.1 Sample Construction

As a starting point of our sample construction, we collect data about private equity
funding rounds from the Dow Jones Venture Source (formerly VentureOne) database,
which has already been widely used in private equity research (e.g., Cochrane 2005;
Gompers et al. 2009; Ewens and Rhodes-Kropf 2015). We limit our sample to funding
rounds of portfolio companies in 15 European countries.3 In addition to the geographical
focus on Europe, we also limit the timeframe. Because of deficient coverage of European
companies before 2004, we only consider companies that have received venture capital
funding in the timeframe between the years of 2004 and 2015. The database lists some
funding rounds that entail debt financing, corporate rounds or bank affiliated venture
financing. We exclude all these observations from our sample, as they do not represent
standard venture capital funding rounds. This leaves us with 6,849 unique funding rounds,
for which we are able to obtain funding round and company characteristics. However, the
database does not provide the full set of information for every single funding round. To

3The sample includes companies from the following countries: Belgium, Austria, France, Germany,
Greece, Ireland, Italy, Luxembourg, Netherlands, Portugal, Spain, United Kingdom, Denmark,
Finland, Sweden
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test the hypotheses described in section 3.2, we require both, valuation data and capital
allocation plans as proxy for the informational update of the entrepreneurial company,
to be available in order to include a funding round into our sample. Unfortunately, the
availability of the necessary information is not evenly distributed in the database. To
keep the sample balanced in the cross section, we only include the most recent funding
round per company. These requirements leave us with a final sample of funding rounds
of 1,550 unique companies4 with the involvement of 1,590 unique investors, for which
all variables for the empirical analysis can be constructed. The final step in the sample
construction process might potentially introduce a sample selection bias into our analysis
(Heckman 1979). We address this concern econometrically in section 3.4. Additionally, we
use exchange rates from Thomson Reuters Datastream and inflation data from Eurostat,
to convert all monetary values in the database to inflation adjusted Euro amounts with
2004 as the reference year.

3.3.2 Text Analysis Methodology

For each funding round in our sample the database provides a textual description of how
the portfolio company plans to allocate the to be raised capital. This information is
used as a proxy for the informational update that a portfolio company discloses to VCs
in a funding round. The length of these non-standardized text segments ranges from 7
to 118 words or 38 to 741 characters, respectively. We rely on text analysis and text
mining techniques to extract structured data about the informational updates’ content
and specificity for our empirical analysis.
First, we build on work in the field of text classification for the evaluation of the content
of the informational updates. More specifically, we rely on the general idea of sentiment
analysis (Pang and Lee 2008; Chenlo and Losada 2014; Alessia et al. 2015) that has
already been widely used in finance research, e.g., in the context of stock markets (e.g.,
Tetlock 2007; Baker and Wurgler 2007; Renault 2017), central bank policy (e.g., Gulen
and Ion 2016; Hansen and McMahon 2016), or venture capital (e.g., Tumasjan et al.
2021). We adopt the concept of sentiment analysis for this paper by introducing a polarity
scoring model, that extracts and quantifies the polarity of the information content of an
informational update. We exploit the textual descriptions of the capital allocation plans
to compute a polarity score based on three information signal categories that are defined
by a startup’s life cycle phases (Lewis and Churchill 1983; Gartner 1985; Bhave 1994).
Generally, the life cycle consists of (1) the incubation of an entrepreneurial idea, (2) the

4Around 35%, 20%, and 12% of the sample companies are from the United Kingdom, from France,
and from Germany, respectively, while the other countries in the sample have roughly equal shares.
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acceleration of the entrepreneurial project, and the setup of the company, and (3) the
overall growth and take-off of the business in this order.
From a VC’s point of view, the value of a portfolio company is driven by its ability to
generate cash flows (Dittmann et al. 2004; Pintado et al. 2007; Laitinen 2019). That is
why each of the three life cycle phases can be assigned with a different polarity signal
value, depending on how fast and how certain the investor can expect his investment
to generate cash flows. In order to create our proxy for the information content of an
informational update via its polarity, we assign each phase a numerical signal value. We
define the acceleration phase as the reference polarity signal with a signal value of 0.
Consequently, activities connected to the incubation phase then correspond to negative
information (signal value −1), as they signal that the startup is conducting activities
that are further away from generating cash flows. Vice versa, activities connected to
the growth phase then correspond to positive information (signal value +1), as they
signal that the startup is using the funds for activities that have a higher probability of
resulting in earlier cash flow generation.
To operationalize this signal approach, we rely on the structure of the capital allocation
plans provided by the database. The capital allocation plans the database provides for
each funding round about the entrepreneurial companies contains information in the
three areas of (I) research and development, (II) marketing and sales, and (III) overall
professionalization of business operations. Thus, we use these areas to classify each text
based on activities in these three areas to compute the overall polarity score. Panel A in
table 3.1 illustrates the polarity scoring model described above and provides examples for
the activities within the three information areas for each life cycle phase. For each capital
allocation plan in the sample at least two persons independently identify all activities
in the three areas mentioned above and manually assign them their individual signal
value according to Panel A. In case of deviating assessments a third person resolves the
disagreement. This is done to ensure consistency in the application of the scoring model
across all capital allocation plans in the sample. As some texts contain several activities,
polarity is defined as the sum of all identified individual signals contained in the text.
Panel B in table 3.1 shows three examples for our polarity scoring methodology. For
instance, in column three there are two polarity signals in the informational update. The
first one (expansion of sales activities) is activity in the area of marketing and sales that
points to the acceleration phase. The second one (international expansion) indicates the
growth phase. In sum, the informational content of this capital allocation plan is scored
with a polarity of +1, i.e., a positive signal.
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Table 3.1.: Text Analysis Methodology Overview: Polarity and Specificity Approach

This table illustrates the text analysis methodology. Panel A depicts the polarity score model. The
rows correspond to the phases of the startup life cycle, the columns represent the three areas for which
the sample provides information. Examples for typical activities in a specific life cycle phase within
the information areas are given. Panel B shows three exemplary analyses of both polarity scoring and
specificity computation.

Panel A: Polarity score model

Signal
Value

(I) Research and
Development (RD)

(II) Marketing and
Sales (MS)

(III) Business
Operations (BO)

(1) Incubation −1 Development of a new
product

First marketing and
sales activity

(2) Accelera-
tion

0 Commercialization of a
product

Expansion of existing
sales activities

Recruiting and increase
of headcount

(3) Growth 1 Differentiation of
product portfolio

International expansion Increase of production
capacities, Formation of
alliances, M&A activity

Panel B: Exemplary application of polarity scoring and tf-idf in the sample

Text The funding will be used to
help kick-start sales of the
company’s product.

The funding will be used to
build the first phase of a
next-generation data center
in Liverpool, create cloud
computing facilities, and for
the improvement of
infrastructure.

The company intends to use
the funding to expand to
Belgium, in a two-step
approach. It will initially
focus on an online store,
and follow up with an
off-line cafe location and
design store in Antwerp.

Pre-
processed
Text

help kickstart sales product build first phase
nextgeneration data center
liverpool create cloud
computing facilities
improvement infrastructure

expand belgium twostep
approach initially focus
online store follow offline
cafe location design store
antwerp

Individual
Signals

MS - Incubation (-1) BO - Growth (+1) MS - Acceleration (0)
and Growth (+1)

Polarity
Score

-1 (negative signal) 1 (positive signal) 1 (positive signal)

Tf-idf
per term

’help’: 4.4, ’sales’: 3.7,
’product’: 2.9, . . .

improvement’: 6.8,’
’facilities’: 6.8, ’computing’:
6.8, . . .

store: 13.7, online: 6.8,
focus: 6.8, . . .

Specificity 12% (low) 42% (high) 64% (high)
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Second, in order to measure the specificity of the content of the informational update we
draw on term frequency–inverse document frequency methodology (tf–idf). Tf–idf is a
numerical bag of words text mining method that quantifies the importance of specific
terms in a text document within a larger document corpus5 relative to other terms in
the corpus (Ramos 2003; Qaiser and R. Ali 2018). The tf-idf concept is well established
in the information theory literature, because the concept not only allows to retrieve the
most important information from text documents but also allows to quantify the amount
of information a text contains in order to use it in empirical models (Wong and Yao
1992; Aizawa 2003). The basic idea of tf–idf is to combine term frequency (tf), i.e., the
notion that words that appear frequently in one document have high importance for
the content this document, and inverse document frequency (idf), i.e., the notion that
words that appear in only few documents are characteristic for these documents. More
precisely, tf–idf is computed as follows

tf-idf(t, D) = tf(t, D) · idf(t), (3.4)

where tf(t, D) is the frequency of term t in document D and idf(t) is the logarithm of
the total number of documents in the corpus of documents divided by the number of
documents containing term t at least once. It follows that tf-idf is highest for terms that
occur frequently in one document, but not in any other document.
For the application in this paper, we exploit this characteristic of tf-idf to identify
relatively more or less specific informational updates within the corpus of all capital
allocation plans. The rationale is as follows: Texts that only contain general language
about capital allocation plans consist of terms that occur in many other capital allocation
plans, as well, while a more specific capital allocation plan also contains terms that
ideally do only occur in this very statement. Terms that occur in many statements
are more general and consequently get assigned lower tf-idf values. Thus, the textual
description of more specific capital allocation plans will result in higher average tf-idf
values based on equation 3.4. Therefore, tf-idf can be interpreted as specificity proxy
within the corpus of capital allocations plans for the application in this paper. To create
the information specificity proxy, we first apply standard text cleaning and stop word6

removal procedures, before we compute the average tf-idf value for each document in the
corpus. For easier interpretation and because the absolute tf-idf values have no special

5In text mining applications a corpus is a collection of individual text documents containing natural
language. In this paper the corpus consists of the individual textual descriptions of the planned
capital allocation of startups.

6We use the standard English stop word lexicon provided by the nltk python package (Bird et al. 2009)
and add further custom context specific stop words.
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meaning in our context, we define specificity as the average tf-idf of all terms of a funding
round’s informational update normalized to unity. As a result of the procedure, it is
then possible to rank the capital allocation plans relatively from the most specific to the
least specific one. For the empirical analysis, we use the median specificity to split the
sample into observations with relatively low and high information specificity to account
for the fact that tf-idf is only a coarse measure for our purpose. Panel B in table 3.1
stylizes the tf-idf approach for three exemplary capital allocation plans. The texts in
columns two and three have high information specificity, while the text in column one
has low information specificity relative to all other texts in the corpus based on the
median specificity as the distinguishing feature.

3.3.3 Variables Construction

Table 3.2 summarizes the variables for the empirical analysis and provides an overview
of the variables’ definitions.

The main dependent variable for the empirical analysis, valuation, is the post-money
valuation at the time of the funding round in million Euro.7 It is the value of the company
after investors incorporated the informational update into their valuation consideration.
Furthermore, there are three central independent variables. First, polarity captures
the information content of the informational update, i.e., the extent of how positive or
negative the information content is. Its construction is described in detail in section
3.3.2. From polarity we additionally derive two dummy variables. Positive signal is
equal to one for polarity > 0, and zero otherwise. Following the same logic, negative
signal is equal to one for polarity < 0, and zero otherwise. We introduce these additional
dummies, to allow positive and negative information signals to have asymmetric effect
sizes on valuations in the regression analysis. Second, specificity is proxying for the
degree of specificity of the informational update, as described in 3.3.2. We use the
sample’s median specificity to create another dummy variable for high specificity. It is
equal to one for all observations where specificity > median and zero otherwise. And
third, we create a proxy for the level of information asymmetry at the time of the funding
round. We exploit the funding round’s investor syndicate composition8 to categorize
funding rounds into rounds with a high or low level of information asymmetry between
VCs and entrepreneurs. Follow-on investors have access to more private information of
the entrepreneurial firm (Admati and Pfleiderer 1994), thus information asymmetries
are much lower if a prior investor is part of the syndicate. We consider the level of

7For the regressions in section 3.4 the variable is log-transformed.
8This also includes investments with only one single investor, which, strictly speaking, is not a syndicate.
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Table 3.2.: Overview and Definition of Main Variables of Interest

This table provides an overview and the definition of all variables used in the regression analyses.

Variable Name Unit Definition

Dependent Variable
Valuation ln(mn. Euro) The natural logarithm of the company’s post-money valuation in

inflation adjusted million Euro at the time of the funding round.
Independent Variables
Polarity # The sum of all identified individual information signals in the

capital allocation plans, i.e., the extent of how positive or
negative the information content is; an individual numerical signal
value (−1, 0 or +1) is assigned to each startup lifecycle phase
(incubation, acceleration, growth) based on how fast and how
certain the investor can expect his investment to generate cash
flows.

Positive Signal dummy Dummy that is equal to one for polarity >0, and zero otherwise.
Negative Signal dummy Dummy that is equal to one for polarity <0, and zero otherwise.
Specificity % The average term frequency-inverse document frequency (tf-idf)

of all terms in the funding round’s capital allocation plan
normalized to unity.

High Specificity dummy Dummy equal to one for specificity > median(specificity), and
zero otherwise.

Low Asymmetry dummy Dummy variable equal to one for funding rounds with syndicates
comprising at least one prior investor of the company, and zero
otherwise.

Controls
No. of Investors # The number of VCs participating in the funding round.
Company Age ln(years) The natural logarithm of the age of the company in years at the

time of investment.
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information asymmetry of funding rounds in which none of the investors has already
invested into an earlier funding round of the same company as high, while we consider
the level of information asymmetry as low, if any of the investors has already formed a
relationship with the company in an earlier funding round. Thus, low asymmetry is a
dummy variable equal to one for low levels of information asymmetry between VCs and
entrepreneurs and zero otherwise. The rationale of this proxy is based on the argument
that existing investors have had time to gain more detailed insights into the company’s
performance, the execution quality of the entrepreneurial project, the entrepreneurial
team, etc., which lowers the level of information asymmetry for the whole syndicate.
Bygrave (1987) shows that it is a reasonable assumption that ’insider’ VCs share their
information in the syndicate, because VCs form syndicates mainly for the very purpose
of information sharing. In order make sure that the proxy does not capture too much
noise from miss-classifications due to incomplete funding histories, we exclude all funding
rounds of companies from the sample for which it cannot be clearly determined if the full
funding history is available in the database, whenever we use the proxy in the empirical
analyses.

3.3.4 Sample Overview and Descriptive Statistics

Panel A in table 3.3 describes the full sample and provides descriptive statistics for the
main variables. The median investment year is 2013, the average valuation is about
16 million Euro and the average company is 5.2 years old at the time of the funding
round. There are on average 2.6 investors participating in a funding round and 68% of
all funding rounds are syndicated. Polarity is slightly positive (0.13) on average and the
mean specificity (normalized to unity) is 33%.

The three additional panels split the sample into subsamples along the three central
independent variables of this paper. Panel B separates the sample according to the
polarity score. It gives first indicative evidence for H1a and H1b, that state that
information polarity and company valuation are related. The average valuation is higher
in funding rounds with positive information signals (21.0 million Euro) compared to
the valuation of companies in funding rounds with negative information signals (9.8
million Euro). The difference in means is highly statistically significant in unreported
t-tests. Panel C splits the sample according to the level of information specificity of
the informational update and shows that company and round characteristics besides
specificity are similar for both subsamples. Again, the biggest and statistically significant
difference between the two subsamples can be observed for the mean valuation (18.2 vs.
13.7 million Euro), which lends support to H2 concerning the relationship of valuations
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Table 3.3.: Sample Overview and Descriptive Statistics

This table provides an overview of the sample of 1,550 unique funding rounds. Each observation
represents a funding round in which one or several a venture capital firms invest into an entrepreneurial
company. The table shows median values for the year of investment. Means are shown for all other
variables. For the full sample the standard deviation is presented in parentheses. Valuation is the
valuation of the entrepreneurial company in million Euro. Age is the age of the portfolio company in
years at the time of the funding round. No. of Investors is the number of VCs participating in the
funding round. Syndicated? is the share of syndicated funding rounds. Polarity is the polarity score
of the funding round’s informational update. Specificity is the average tf-idf of the funding round’s
informational update normalized to unity. Panel A shows the full sample. Panel B separates the sample
according to the polarity score. Panel C splits the sample according to the level of information specificity
of the informational update. Panel D categorizes the sample according to the level of information
asymmetry in the funding round. Panel D excludes all funding rounds of companies for which the
database does not have the full funding history available.

N Year of
Investment Valuation Age No. of

Investors Syndicated? Polarity Specificity

Panel A: Full Sample

All Obs. 1,550 2013 16.0 5.2 2.6 68% 0.13 33%
(2) (46.7) (3.9) (1.6) (47%) (0.92) (11%)

Panel B: Information Content (Polarity)

Negative 401 2013 9.8 4.0 2.6 71% -1.13 33%
Neutral 562 2013 15.1 5.2 2.7 69% 0.00 34%
Positive 587 2013 21.0 5.9 2.5 65% 1.10 32%

Panel C: Information Specificity

High 774 2013 18.2 5.4 2.8 71% 0.08 41%
Low 776 2013 13.7 5.0 2.5 66% 0.18 25%

Panel D: Level of Information Asymmetry

High 334 2013 17.4 5.4 2.2 63% 0.13 31%
Low 552 2014 25.4 6.4 3.6 90% 0.29 34%

and information specificity. Finally, Panel D categorizes the sample according to the
degree of information asymmetry in the funding round between VCs and entrepreneurs.
The companies in the low asymmetry subsample are older (6.4 vs. 5.4 years), have more
investors (3.6 vs. 2.2), higher valuations (25.4 vs.17.4 million Euro), and a higher share
of the funding rounds are syndicated (90% vs. 63%).
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3.4 Empirical Analysis and Discussion

3.4.1 Main Econometric Approach

To test the hypotheses in section 3.2 we are interested in how valuations of entrepreneurial
companies and informational updates disclosed in the respective funding rounds are
related. We rely on the cross section of valuations in our sample.9 Hence, we employ
pooled ordinary least square models with the natural logarithm of post-money valuations
as dependent variable for all regressions. The general specification for all regressions in
tables 3.4, 3.5, and 3.6 is:

Valuationi = α + βInfo Updatei + γ1No. of Investorsi + γ2Company Agei

+ γ3IMRi + Country FE + Year FE + Industry FE + Stage FE + ui (3.5)

where Valuationi is the natural logarithm of the valuation of a entrepreneurial company
in funding round i and Info Updatei is a vector of the independent variables of interest
regarding the hypotheses in section 3.2, that depends on the exact specification of each
regression. The vector can include polarity, positive signal, negative signal, high specificity,
low asymmetry, and matching interaction terms. According to a systematic overview of
startup valuation determinants of Köhn (2018), among the most important factors we
need to control for are startup characteristics such as industry, age, and location, funding
round characteristics such as investment stage or the number of investors participating
in the round, and environmental factors such as cultural factors or market environment.
Therefore, we include various fixed effects to rule out an omitted variable bias and
other controls for funding round and company characteristics. No. of Investorsi is the
number of VCs participating in funding round i. As higher valuations are typically
associated with larger syndicates (Cumming and Dai 2013), we control for this effect.
Company Agei is the natural logarithm of the company’s age at the time of funding round
i. It acts as control for company characteristics, as older firms are associated with higher
valuations (Gompers et al. 2006). In addition, country fixed effects control for geographic
differences in valuations due to institutional and cultural factors, year fixed effects
control for time varying differences in valuations and different market environments,
and industry fixed effects control for heterogeneity of valuations across seven major

9An alternative approach would be to look at the relative increase of valuations of the same company
between two consecutive funding rounds to further control for company characteristics. However,
this would have significantly reduced our already small sample size.
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industries10. Furthermore, company stage fixed effects are included to rule out the
possibility, that we simply measure the valuation differences between e.g., seed stage
and later stage companies. ui is the estimation error. Finally, IMRi is the inverse mills
ratio from the first stage of a Heckman correction procedure. As noted in section 3.3 our
sample might suffer from selection bias. Because of data availability constraints regarding
the main variables of interest our sample is most likely a non-randomly selected sample.
For example, information about capital allocation plans might only be available from
entrepreneurial companies that have positive news to share in order to impress investors
or valuation data might only be available for later stage startups that already have a
public track record. Hence, all regression models might be affected by a sample selection
bias. In order to address this issue econometrically, we rely on a two-stage Heckman
procedure (Heckman 1976; Heckman 1979) that allows us to correct for sample selection
bias. This is a common approach in the venture capital literature (e.g., Gompers and
Lerner 2000a; Nahata 2008), where truncated samples are a frequent issue. To do so, in
the first stage of each regressions we use a probit model to estimate the probability of
an observation actually being part of the main sample and compute the inverse mills
ratio type correction term to be included in the second stage regression as noted above.11

For brevity, we only report the second-stage ordinary least square regression coefficients
with robust standard errors in tables 3.4, 3.5, and 3.6 and omit the first-stage probit
results of the selection equation.

3.4.2 Empirical Results

Information Content

Table 3.4 presents basic results connected to H1a and H1b regarding the information
content of informational updates. The coefficients for the included controls are as expected.
Valuations in funding rounds with a larger syndicates and older entrepreneurial companies
are higher. Concerning both H1a and H1b, the results broadly confirm the predictions.
Polarity is highly significant and has a positive sign in models (1) and (2). This means,

that valuations are higher for companies that send positive signals, while they are lower
for companies that send negative signals. More precisely, a one unit increase in polarity

10We use the granular industries provided by the database and cluster them into seven broad industry
groups: Consumer Goods, Consumer Services, Energy, Financial and Professional Services, Health,
Industrial Goods, and Information Technology.

11We include a dummy equal to one for syndicated deals, a dummy equal to one for companies who
conducted an IPO, and country, year, industry, and stage fixed effects in the first stage selection
model of the two-stage Heckman procedure.
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Table 3.4.: Basic Regressions Analyzing Information Content

This table reports the results of pooled OLS regressions studying how valuations are related to the
content of informational updates. Only the second stage of a two-stage Heckman procedure correcting for
sample selection bias is reported. The dependent variable Valuation is defined as the natural logarithm
of the company’s valuation in the respective funding round. The sample is at the funding-round level.
Polarity is the polarity score of the funding round’s informational update. Positive Signal is a dummy
that is equal to one for Polarity > 0, and zero otherwise. Negative Signal is a dummy that is equal
to one for Polarity < 0, and zero otherwise. No. of Investors is the number of VCs participating in
the funding round. Company Age is the natural logarithm of the age of the company at the time of
investment. All regressions are estimated with a constant term and include the inverse mills ratio
from the first-stage Heckman procedure (both not reported). Robust standard errors are reported in
parentheses. *, **, *** refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)

Polarity 0.126*** 0.089***
(0.025) (0.024)

Positive Signal 0.188*** 0.146*** 0.138** 0.122**
(0.049) (0.047) (0.055) (0.053)

Negative Signal -0.197*** -0.121** -0.133** -0.065
(0.056) (0.052) (0.063) (0.058)

No. of Investors 0.080*** 0.110*** 0.079*** 0.109*** 0.081*** 0.111*** 0.080*** 0.110***
(0.018) (0.018) (0.019) (0.018) (0.018) (0.018) (0.018) (0.018)

Company Age 0.342*** 0.188*** 0.351*** 0.194*** 0.351*** 0.191*** 0.344*** 0.189***
(0.042) (0.039) (0.042) (0.039) (0.042) (0.039) (0.042) (0.039)

Country FE yes yes yes yes yes yes yes yes
Year FE yes yes yes yes yes yes yes yes
Industry FE yes yes yes yes yes yes yes yes
Stage FE no yes no yes no yes no yes

Adj. R2 0.391 0.444 0.387 0.442 0.387 0.443 0.389 0.443
Observations 1,550 1,550 1,550 1,550 1,550 1,550 1,550 1,550

in model (2) corresponds to a roughly 9% higher valuation.12 Besides our main variable
for information content, polarity, we also include the two dummies positive signal and
negative signal in the analysis, to allow asymmetric effect sizes for positive and negative
information signals. In each model specification all coefficients have the predicted signs.
The effect of positive signal is about one third larger in magnitude than the effect of
negative signal. The significance for negative signal decreases, when we include both
dummies in the regression in models (7) and (8), however, the two dummies are highly
correlated by construction. Thus, we are not concerned by this observation, regarding
the overall results.
12As the dependent variable is log transformed the percentage increase is calculated as follows: e0.088−1 =

0.089 ≈ 9%.
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Furthermore, to address any concern, that in fact our proxy for information signals,
polarity, is simply proxying for a company’s investment stage, we estimate all specifications
with and and without stage fixed effects. A direct comparison of the specifications with
and without stage fixed effects shows consistently larger coefficients for the regression
models without stage fixed effects. This confirms that the effect size we are interested
in is overestimated, when not controlling for investment stage. However, the smaller
coefficients for the polarity variables remain significant, when we include stage fixed
effects.

Information Specificity

Table 3.5 reports the results of the analysis of the effect of more specific informational
updates. High specificity has a positive sign and is statistically significant in models
(1) to (3) that do not include any interaction terms between information content and
information specificity in the models’ specifications. As predicted by H2, less general,
more specific informational updates are related to higher valuations. Strictly speaking,
this means that the group of funding rounds with highly specific informational updates
on average has about 11% higher valuations than the less specific group with specificity
below the median value.
Including the high specificity dummy in the model specification, does not alter the sign
or magnitude of the coefficients related to information content. This confirms that in
fact the two proxies measure different aspects of the informational update. Providing
more specific information does have a value independent from the information’s content.
To test whether the two concepts are completely independent of each other, we further
introduce interaction effects in models (4) to (6). From a theoretical point of view it
would make sense to assume that the effect size of polarity also depends on how specific
the information signal contained in the informational update is. In model (5), however,
we do not find such an interaction effect. The interaction coefficient is not statistically
significant different from zero. But we do find significant interaction terms in model
(4) and (6). Negative signal × high specificity has a positive coefficient that in absolute
terms is about the size of the negative main effect of negative signal. This means, that
providing highly specific information can offset the negative valuation impact of negative
information signals. Even though, the main effect of high specificity loses its statistical
significance in model (6), the effect size of the interaction term is about twice as large
(0.192 vs. ∼ 0.110) as high specificity’s main effect size in models (1) to (3). Hence, it does
pay off for the entrepreneur to share specific and therefore ex-post verifiable information
with investors, especially if the actual information signal is negative. Nevertheless, due
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to the lack of significance of the main effect we do take this finding with a grain of salt
and treat it as indicative evidence only.

Level of Information Asymmetry

Next, we want to shed light on the moderating role of different levels of information
asymmetry within the universe of venture capital investments on information content.
The results of the analysis are reported in table 3.6. As first step, we include just the
dummy variable low asymmetry to capture the valuation effect of relatively lower levels of
information asymmetry between VCs and entrepreneurs in models (1) to (3). In models
(4) to (6) we additionally include an interaction term, to analyze the moderating role of
information asymmetry, which is our main concern.
For all models the main effect of low asymmetry is highly statistically significant with a
positive sign. This means that even after controlling for investment stage and company
age, companies in funding rounds under lower levels of information asymmetry have
on average about 30% higher valuations than their counterparts under high levels of
information asymmetry. This shows that it is in the best interest of entrepreneurs to
actively reduce information asymmetries. These results are in line with expectations but
do not directly address the two alternative hypotheses laid out in section 3.2 regarding
the moderating role of low asymmetry. H3a states that the effect of information signals
is lower when information asymmetry is low, while H3b states the opposite. Thus,
opposite signs for the main effect of information content and the interaction effect with
low asymmetry would speak for H3a, while same signs would support H3b. In fact, we do
only find consistent evidence for H3a in models (4) to (6), supporting the hypothesis that
informational updates are of less value when there is already low information asymmetry
at the time the information is shared. In each model, the interaction coefficient is of
similar magnitude as the main effect, but with opposite sign. In model (4) for example,
the coefficient for polarity is 0.148, while the interaction effect’s coefficient is −0.125.
This means that the resulting valuation effect of polarity in funding rounds under low
asymmetry is significantly smaller (0.148 − 0.125 = 0.023). The same moderating effect
can be found in models (5) and (6) for both, positive signal and negative signal. The
interaction effect’s p-value in model (5) is only 0.11, but the sign and magnitude still
match the alternative specifications. Overall, the results strongly support H3a.
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Table 3.5.: Regressions Analyzing Role of Information Specificity

This table reports the results of pooled OLS regressions studying how valuations are related to the
specificity of informational updates. Only the second stage of a two-stage Heckman procedure correcting
for sample selection bias is reported. The dependent variable Valuation is defined as the natural logarithm
of the company’s valuation in the respective funding round. The sample is at the funding-round level.
Polarity is the polarity score of the funding round’s informational update. Positive Signal is a dummy
that is equal to one for Polarity > 0, and zero otherwise. Negative Signal is a dummy that is equal to
one for Polarity < 0, and zero otherwise. High Specificity is a dummy equal to one if Specificity > the
median value, and zero otherwise. No. of Investors is the number of VCs participating in the funding
round. Company Age is the natural logarithm of the age of the company at the time of investment. All
regressions are estimated with a constant term and include the inverse mills ratio from the first-stage
Heckman procedure (both not reported). Robust standard errors are reported in parentheses. *, **, ***
refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6)

Polarity 0.086*** 0.132***
(0.024) (0.033)

Positive Signal 0.144*** 0.217***
(0.047) (0.066)

Negative Signal -0.114** -0.205***
(0.052) (0.069)

High Specificity 0.110** 0.115** 0.112** 0.121*** 0.171*** 0.063
(0.045) (0.045) (0.046) (0.046) (0.058) (0.054)

Polarity × High Specificity -0.092**
(0.046)

Positive Signal × High Specificity -0.149
(0.094)

Negative Signal × High Specificity 0.192*
(0.100)

No. of Investors 0.108*** 0.109*** 0.107*** 0.107*** 0.108*** 0.107***
(0.018) (0.018) (0.018) (0.018) (0.018) (0.018)

Company Age 0.186*** 0.189*** 0.192*** 0.185*** 0.188*** 0.192***
(0.039) (0.039) (0.039) (0.039) (0.039) (0.039)

Country Fixed Effects yes yes yes yes yes yes
Year Fixed Effects yes yes yes yes yes yes
Industry Fixed Effects yes yes yes yes yes yes
Stage Fixed Effects yes yes yes yes yes yes

Adj. R2 0.446 0.445 0.443 0.447 0.446 0.444
Observations 1,550 1,550 1,550 1,550 1,550 1,550
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Table 3.6.: Regressions Analyzing Moderating Effect of the Level of Information Asymmetry

This table reports the results of pooled OLS regressions studying the moderating effect of the level of
information asymmetry in the context of informational updates. The sample contains only observations
for which a full investment history is available in order to unambiguously identify the level of information
asymmetry. Only the second stage of a two-stage Heckman procedure correcting for sample selection
bias is reported. The dependent variable Valuation is defined as the natural logarithm of the company’s
valuation in the respective funding round. The sample is at the funding-round level. Polarity is the
polarity score of the funding round’s informational update. Positive Signal is a dummy that is equal to
one for Polarity > 0, and zero otherwise. Negative Signal is a dummy that is equal to one for Polarity
< 0, and zero otherwise. Low Asymmetry is a dummy variable equal to one for low levels of information
asymmetry and zero otherwise. No. of Investors is the number of VCs participating in the funding
round. Company Age is the natural logarithm of the age of the company at the time of investment. All
regressions are estimated with a constant term and include the inverse mills ratio from the first-stage
Heckman procedure (both not reported). Robust standard errors are reported in parentheses. *, **, ***
refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6)

Polarity 0.076** 0.148***
(0.033) (0.046)

Positive Signal 0.110* 0.203**
(0.062) (0.102)

Negative Signal -0.117* -0.247**
(0.068) (0.099)

Low Asymmetry 0.255*** 0.262*** 0.256*** 0.280*** 0.319*** 0.206**
(0.073) (0.072) (0.073) (0.072) (0.082) (0.081)

Polarity × Low Asymmetry -0.125*
(0.064)

Positive Signal × Low Asymmetry -0.146
(0.126)

Negative Signal × Low Asymmetry 0.237*
(0.136)

No. of Investors 0.104*** 0.104*** 0.102*** 0.104*** 0.104*** 0.102***
(0.021) (0.021) (0.021) (0.021) (0.021) (0.021)

Company Age 0.314*** 0.317*** 0.321*** 0.314*** 0.315*** 0.322***
(0.058) (0.058) (0.057) (0.057) (0.057) (0.057)

Country Fixed Effects yes yes yes yes yes yes
Year Fixed Effects yes yes yes yes yes yes
Industry Fixed Effects yes yes yes yes yes yes
Stage Fixed Effects yes yes yes yes yes yes

Adj. R2 0.417 0.416 0.416 0.419 0.416 0.417
Observations 886 886 886 886 886 886

78 Chapter 3 Essay 2 – Tell Me Something New: Startup Valuations, Information
Asymmetry, and the Mitigating Effect of Informational Updates



3.4.3 Robustness of Results and Limitations

To strengthen our main results, we conduct two additional robustness checks in unre-
ported regressions. First, we use an alternative proxy for information specificity for the
regressions in table 3.5. The alternative proxy relies on the text length of the capital
allocation plans. Similarly to the tf-idf approach in the main analysis, we use the median
length of all capital allocation plans to distinguish texts with high and low specificity.
The alternative proxy does not alter the general results of the main analysis. We find the
same overall effects both in magnitude and significance. Second, we conduct the analysis
of low asymmetry in table 3.6 with an alternative methodology. Instead of relying on
interaction terms, we split the sample in the sub-groups of observations under high and
low information asymmetry and run separate regressions for both sub-groups. The main
difference is, that in this setup all other coefficients, such as the ones for fixed effects,
can differ between groups as well. The results are very similar to what we obtain in the
main analysis, i.e., the high asymmetry group shows a much higher effect for information
content.
While the robustness checks show that our results are robust to an alternative methodol-
ogy and an alternative proxy, the results of this paper are not without limitations. Firstly,
the nature of venture capital funding relationships makes the information shared with
investors by the entrepreneur inherently private. Due to the lack of access to this private
information, we rely on capital allocation plans provided by Dow Jones Venture Source
to proxy for the private information. This might distort our results, as we cannot ensure
that the capital allocation plans provided are in fact based on the private information
of entrepreneurs and VCs. While most information in the database is collected directly
from entrepreneurs, VCs, or limited partners of VCs, we cannot rule out that some
capital allocation plans are collected from public sources. Secondly, our sample is too
limited to exploit the theoretical longitudinal structure of the data. Ideally, we would
not rely on cross-sectional regressions, but rather on the relative valuation effect between
two consecutive funding rounds of the same entrepreneurial company. This would allow
us to additionally include company fixed effects to better control for all unobserved
company characteristics that might influence valuations. However, in many instances
the database does not provide capital allocation plans for every single funding round of
a specific company, making such an analysis unfeasible. And thirdly, we cannot observe
the counterfactual, i.e., cases in which informational updates result in the abandonment
of or non-investment in an entrepreneurial company basically representing valuations of
zero. Thus, we are only able to measure the effect of informational update within the
group of entrepreneurial companies that received (continued) funding in the first place.
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The most likely consequence of this distortion is, that the effect of negative information
signals is underestimated in our analysis.

3.5 Conclusion

It is a truism that we live in the information age but knowledge about the impact of
information and the exact mechanisms of how information is factored into decisions is
still scarce. Venture capital funding relationships are characterized by their inherently
high level of information asymmetry between VCs and entrepreneurs making information
especially valuable in this context. This paper advances the understanding of information
asymmetry in venture capital valuation decisions and investigates the role and relevance
of informational updates in VC-entrepreneur funding relationships. The paper’s main
contribution and focus is on the empirical identification of the effect of informational
updates on valuations. We use a sample of 1,550 European venture capital funding rounds
containing data about the capital allocation plans of the entrepreneurial companies to
proxy for the private information that is shared by the entrepreneur during a funding
round. Using text classification and text mining algorithms to extract structured data
from the capital allocation plans we are able to empirically show that VCs in fact use
the periodic informational updates in funding rounds to learn about entrepreneurial
companies and incorporate both the information’s content and the information’s level
of specificity into the valuation decision. In this sense, staging can be considered a key
strategy to mitigate information asymmetry for VCs. Positive information signals and
more specific information are both related to higher valuations.
There are two key contributions of this paper. First, we find evidence that the valuation
impact of negative information signals can be offset by the entrepreneur by providing
highly specific information. Thus, in practice negative information signals do no auto-
matically lead to lower valuations as long as they are conveyed in a very detailed manner,
so they can act as proof point for monitoring activities of VCs. Second, there is clear
empirical evidence, that the value of an informational update depends on the current level
of information asymmetry between investor syndicate and entrepreneur. Both positive
and negative information signals have a higher valuation effect, when no prior investor
is part of the investment syndicate and thus information asymmetry is high. Overall,
results show, that different levels of information asymmetry exist in venture capital and
that they matter both for entrepreneurs and VCs. In practice this means entrepreneurs
do only have to spend considerable effort on reducing information asymmetries in funding
rounds, when they are faced with a completely unfamiliar syndicate.
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While this paper provides evidence for the effect of informational updates in a cross-
sectional analysis, it leaves open questions surrounding moral hazard that can be best
analyzed in a longitudinal setup. What happens if an entrepreneur behaves opportunisti-
cally for private benefits of higher valuations and provides misleading information to
VCs? Does opportunistic behavior negatively affect the value of future informational
updates, or will investors even abandon the entrepreneurial company when they find
out? Answering these questions would further advance the understanding of the role of
information in venture capital funding relationships. We will leave these questions open
for further research.
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Essay 3 – Cut from the same
Cloth: The Role of University
Affiliations in Venture Capital
Investments

4

Abstract
University affiliations of founders and investors in venture capital deals might affect the
initial investment decision and the subsequent funding relationship through two channels.
First, attending a top university might act as a founder-quality signal to investors, and
second, belonging to the same university alumni network might reduce issues related to
information asymmetry between investors and founders. This paper exploits a unique
sample of 42,101 investments by U.S. and European venture capital firms involving
38,452 individuals to explore the role of university affiliations with a special focus on
educational ties between founders and investors. Results confirm that educational ties
increase investment likelihood irrespective of a university’s quality. Further, the analysis
shows that educational ties deepen the funding relationship and increase the willingness
of investors to take on riskier investments. Investors are more likely to lead the investment
syndicate, take a board seat, or invest in the first round in the presence of educational ties.
Finally, the results indicate that an IPO is more likely for investments with educational
ties.

Keywords: venture capital, educational tie, university affiliation, matching, funding
relationship
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4.1 Introduction

Obtaining venture capital funding is often the only way for entrepreneurs to get their
entrepreneurial projects off the ground. However, venture capital investments are
characterized by high levels of information asymmetry. Venture capital investors act
as outside investors who are confronted with an informational disadvantage (Admati
and Pfleiderer 1994; Cornelli and Yosha 2003). They are faced with the challenges of
hidden information (Jensen and Meckling 1976) and adverse selection risks (Akerlof
1970) when they try to decide in which company to invest. The quality of potential
investment targets varies greatly and it can be assumed that most times the founders of
entrepreneurial ventures are at an informational advantage vis-à-vis the investor because
they have superior knowledge about the quality of their business (Leland and Pyle 1977).
Additionally, a similar argument holds for founders seeking an investor. Founders give
up some of their decision power and independence by taking in outside investors. Ideally,
a venture capital investor not only provides capital for the startup but also acts as a
trusted partner and advisor. Investors can gain substantial influence over the startup’s
decisions by taking board seats after an investment. Some investors even force out
the founder, if there is disagreement over the development of the business (Chen and
Thompson 2015; Dubocage and Galindo 2014). So mutual trust plays an outstanding
role in the investment initiation stage. Consequently, both investors and founders may
shy away from some investments due to information asymmetries and a lack of trust in
the counterparty resulting in the prevention of some otherwise profitable investments.
This paper contributes to the empirical literature about the effect of social ties on
mitigating agency conflicts and information asymmetry in business relationships. It
explores one specific attribute of startup founders and venture capital firm partners -
their educational background - that potentially helps to mitigate the issues related to
information asymmetry in venture capital investments. Why should university affiliations
matter in a venture capital funding relationship? This paper argues that they offer two
distinct channels of interest. First, university attendance shapes and signals the human
capital of founders. Top-university affiliations of founders help investors to identify
better deals and make more informed investment decisions. There is extant evidence
for the value of attending high-quality universities in other corporate finance settings
(Fuchs et al. 2022; King et al. 2016; Miller et al. 2015; H. Li et al. 2011; Gottesman and
Morey 2006; Chevalier and Ellison 1999a) in support of a positive role of high-quality
education for economic outcomes. Second and more importantly for this paper, university
graduates become part of universities’ alumni networks. Gompers et al. (2020) report
that the largest share of deal flow originates from the network of the partners at a VC
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firm. Thus, alumni networks should be one important source of deal flow in venture
capital. Alumni networks as a specific form of social capital foster generalized trust,
offer effective penalty and reward mechanisms, and improve information flow between its
members. Other authors have found educational ties to be of value in various corporate
finance and business settings (Engelberg et al. 2012; Cohen et al. 2010; Cooney et al.
2015; Fuchs et al. 2021; Gompers et al. 2016). A key contribution of this paper is that it
scrutinizes the value of educational ties between founders and investors over the whole
venture capital funding lifecycle: from the effect on the initial matching between startup
and venture capital firm itself, over how they affect the depth of the level of involvement
of the investor during the funding relationship, all the way to the effect on the eventual
startup performance and investment exit success of the investor.
The basis for the empirical analysis in this paper is a unique and novel international
data sample comprising 42,101 first-time investments by 2,753 unique VC firms in 18,588
unique startups that involve 29,491 founders and 9,921 VC partners. The sample relies
on data from Crunchbase and LinkedIn and covers domestic and international deals by
both U.S. and European VC firms between 2000 and 2020. Thanks to the combination
of the two relatively novel data sources, the sample covers more individuals and unique
investments than any prior research analyzing related forms of social ties in venture
capital (e.g. Sunesson 2009; Bengtsson and David H Hsu 2010; Bengtsson and David H.
Hsu 2015; Gompers et al. 2016) and is, therefore, less likely to suffer from a sample
selection bias. It is also the first one to include VC firms and startups outside of the
United States. In addition to the sample of actual investments, the identification strategy
in this paper relies on a set of 4,696,760 counterfactual observations acting as a plausible
control group in the matching analysis. This is necessary because it is impossible to
observe investments that could have been taken by investors but ultimately did not
materialize. Due to the broad coverage of individuals and their university affiliations
the sample also allows for exploring the effect of educational ties at different granularity
levels. By differentiating between educational ties stemming from top and non-top
universities, as well as between top U.S. and top European universities, it is possible to
show whether the value of educational ties is dependent on their origin.
The empirical results on the effect of university affiliations on the likelihood of a match
between a startup and a VC firm can be summarized as follows. First, the analysis of
individual characteristics confirms that the likelihood of investment is roughly 5% higher
when a founder attended a top university. This effect, however, is only statistically
significant for top U.S. university graduates. Second, when investors and founders share
an alumni network the likelihood of an investment increases by 23.6% relative to the
baseline probability of investment. This statistically and economically significant effect
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can be confirmed for top and non-top university based educational ties and is present for
U.S. and European university ties underscoring the value of alumni networks for any kind
of university. Third, results show that the educational ties are more valuable the more
exclusive they are. At the same level of exclusivity, top-university ties are more valuable
for the investment decision than non-top university ties. The results on matching are
robust to several alternative model specifications including investor and startup fixed
effects, to sub-sample analyses, and to alternative counterfactual methodology. Further
results analyzing the effect of educational ties on the funding relationship conditional on
an investment confirm that educational ties influence the scope and timing of investments,
as well as exit outcomes. When the investment partner managing a deal on the VC firm
side and at least one of the founders attended the same university the likelihood of the
VC firm acting as the lead investor is 37% percent higher and the likelihood of taking a
board seat is 115% higher. Additionally, investors are willing to take riskier investments
in the presence of educational ties. Educational ties are related to investments in on
average younger startup companies and increase the likelihood of investing in the first
funding round of a startup. Finally, I also find a positive effect of educational ties on
investment outcomes. Investments involving educational ties between the VC investment
partner and the founding team are about 40% more likely to lead to an IPO.
The remainder of this paper is structured as follows. First, section 4.2 lays out the
theoretical background of why university affiliations should play a role in venture capital
investments, highlights relevant related research, and develops testable hypotheses. Next,
section 4.3 introduces and summarizes the data sample, as well as central variables and
explains the empirical identification strategy. Then, section 4.4 presents and discusses the
results of the empirical analysis and goes over the potential limitations of the empirical
findings. Finally, section 4.5 concludes.

4.2 Background, Related Literature, and Hypotheses

This paper explores the effect of university affiliations of founders and investors in
mitigating frictions in venture capital funding relationships. University affiliations might
reduce information asymmetry between founders and investors via two distinct channels
affecting the whole lifecycle of venture capital investments. Attending a certain university
can, on the one hand, act as a quality signal for human capital (see e.g. Arcidiacono
et al. 2010) and, on the other hand, make up a large part of the social capital (see e.g.
James S. Coleman 1988; Seibert et al. 2001) of the university’s alumni. This paper
focuses on the latter channel but also explores the former one to rule it out as the driving
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factor behind the main results.
The first channel works as follows. Academic institutions might act as an easily ob-
servable quality signal for individuals’ capabilities and skills. Among other aspects,
universities differ in their teaching paradigms, research quality, admission selectivity, and
specialization areas. This means that self-selecting to attend a certain university is an
observable reflection of an individual’s character and preferences. Furthermore, strict
admission policies of top universities ensure that incoming attendants are on a similar
intellectual level1 when they enter the institution. Before individuals graduate from an
academic institution the idiosyncratic university curriculum then expands the subject
matter expertise and capabilities of its attendants. It is an old debate in corporate
finance in general and venture capital in particular whether it is more important to bet
on the horse (the business) or the jockey (the founding team) (see e.g. Kaplan et al.
2009). Gompers and Lerner (2001) provide anecdotal evidence that many venture capital
investors place ’their bets’ on the team, not the business.2 This line of argumentation
is supported by related literature that finds positive relationships between high-quality
education and career or labor market outcomes and firm performance. For example,
Chevalier and Ellison (1999a) find that mutual fund managers that attended higher-SAT-
score undergraduate institutions have systematically higher risk-adjusted excess returns
and Miller et al. (2015) report that Ivy-League-educated CEOs are associated with better
firm performance. Similar findings are reported by King et al. (2016) who report that
high-quality CEO education is positively related to bank performance. Therefore, it is a
valid assumption that VC investors take into account the information they can learn
about the unobservable founding team characteristics from the observable educational
track record of potential investees to gauge their abilities.

H1: Founders affiliated with a top university raise investment likelihood

The second channel focuses on educational ties and is the main focus of the exploration
in this paper. University alumni networks as a special form of a social network are an
important part of an individual’s social capital. If a founder and an investor attended
the same university, they are part of the same alumni network, irrespective of whether
they attended the university at the same time or obtained the same degree. Granovetter
(2005) highlights three mechanisms explaining why social networks should affect economic

1Several related studies use American standardized undergraduate admission (SAT scores) or graduate
admission (GMAT) test scores to proxy for cognitive abilities of individuals (e.g. Fuchs et al. 2022;
H. Li et al. 2011; Gottesman and Morey 2006; Chevalier and Ellison 1999a).

2There is an old saying in venture capital embracing the idea that the founding team is more important
than the initial business idea: “You can have a good idea and poor management and lose every
time. You can have a poor idea and good management and win every time.” (D. Gladstone and
L. Gladstone 2002, pp. 91-92)
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outcomes. First, they improve the quality and flow of information. Second, their members
are incentivized by social reward and punishment mechanisms enforcing ’good’ behavior.
And third, they foster generalized trust3 between otherwise unknown individuals. In
support of the argument that trust plays an important role in venture capital investments,
Bottazzi et al. (2016) report empirical evidence showing that a higher level of generalized
trust is associated with a higher likelihood of investment in venture capital. So in short,
belonging to the same alumni network should reduce information asymmetry, moral
hazard, and adverse selection issues (Kuhnen 2009).
Several related studies find empirical evidence for the role of educational ties in business
relationships in other settings. For example, Engelberg et al. (2012) find that social
ties between executives of banks and firms are positively related to lower interest rates
of the firms’ commercial loans. Educational ties in particular are found to be four
times more valuable than other forms of social ties. They argue that interest rates are
lower because banks are able to make more informed loan decisions due to improved
information flow and quality. In the context of mutual funds, Cohen et al. (2010) analyze
educational ties between sell-side analysts and senior management. They find that in the
presence of educational ties analysts outperform on their stock recommendations, which
the authors attribute to the ability to gather superior information via the educational
ties. Further, Cooney et al. (2015) find that educational ties help investment banks to
secure underwriting business. Banks with educational ties to the IPO firm are more
likely to be included in the syndicate, in a more senior role, and with higher fees. Fuchs
et al. (2021) explore the role of educational ties in sourcing private equity deals. They
find that educational ties between fund managers and CEOs are positively related to
winning buy-out deals in a competitive setting. In venture capital, Gompers et al. (2016)
scrutinize the formation of investment syndicates of venture capitalists. Among other
similarity characteristics, they find that investors are more likely to form a syndicate when
they graduated from the same university. In sum, the literature supports the notion that
educational ties are an important factor in the formation of business relationships. Thus,
in the case of venture capital, it can be assumed that a shared educational background
between founders and VC partners increases the likelihood of investment.

H2: Educational ties between founder and investor increase the likelihood of investment

The investment decision alone is only one aspect characterizing the funding relationship
between venture capital firms and startups. Hegde and Tumlinson (2014) provide a
formal model and initial empirical evidence that socially close individuals should be able

3Generalized trust is based on general prior beliefs about the behavior of a random member of an
identifiable group of individuals, which in this case is the group of university alumni (James S
Coleman 1994).
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to work better together. If educational ties do mitigate information asymmetries and
improve collaboration between founder and investor it should be assumed that the scope
of the funding relationship differs from investments without educational ties. In a related
study, Bengtsson and David H. Hsu (2015) analyze the role of co-ethnicity between
investor and founder empirically. They argue that belonging to a ’tight’ social network
improves collaboration between individuals and find evidence that investors are more
involved in their investments when the founder is co-ethnic. It is reasonable to assume
that the same holds for educational ties. There are several ways for an investor to be
more involved in the startup. Venture capital firms can act as lead investors spearheading
the investment syndicate. This role usually entails being the largest shareholder in the
startup company and representing the investment syndicate as well as interacting with
the startup with higher frequency and intensity (Barry et al. 1990; Megginson and Weiss
1991). Gorman and Sahlman (1989) report survey results among venture capitalists
that show that investors spent ten times more time with investments when they act as
lead investors. Further, investors can take over board seats to frequently interact with
the startup and shape its strategy (Garg and Furr 2017; Rosenstein 1988). And finally,
investors can participate in follow-on funding rounds to stay invested in the company
over its full lifecycle.

H3: Educational ties between founder and investor are associated with a larger scope
of the funding relationship

In addition, information asymmetries are usually highest for younger companies and
first founding rounds. Cochrane (2005) finds that investments in later funding rounds
are consistently related to lower investment risk for venture capital investors. Given the
argument that educational ties improve information flow and increase trust, investments
in the first funding round as well as investments in younger companies should be more
likely in the presence of educational ties.

H4: Investors are more likely to undertake riskier investments in the presence of an
educational tie

The ultimate goal of a VC firm is to increase the value of its invested capital by eventually
exiting all investments during a fund’s lifetime. Thus, the funding relationship usually
ends with an exit, which in the most successful venture capital investments happens via
IPO. There are two competing views on how educational ties might relate to investment
outcomes. On the one hand, if all arguments laid out above are confirmed educational
ties should be related to better operative startup performance and therefore exit success.
In the presence of educational ties, investors should be able to make more informed

4.2 Background, Related Literature, and Hypotheses 89



investment decisions, i.e. select better startups in the first place, and work more effectively
with the startup, i.e. add more value over time. On the other hand, educational ties
could also produce favoritism and social conformity, which might lead to e.g. inefficient
decision-making or lower due diligence standards (Fracassi 2017; Ishii and Xuan 2014).
In the context of venture capital syndication, Gompers et al. (2016) find evidence for a
negative relationship between syndicates comprised of similar venture capitalists and
their performance. They call the effect the ’cost of friendship’ and argue that homophily
among similar venture capitalists leads to worse investment outcomes. Bengtsson and
David H. Hsu (2015) also find a negative effect of co-ethnicity between founders and VC
partners on the likelihood of a successful exit. Both points of view have their merit and
thus the dominating effect of educational ties on investment success could go in either
direction.

H5a: Educational ties increase the likelihood of success of venture capital investments
H5b: Educational ties decrease the likelihood of success of venture capital investments

4.3 Data and Variables

4.3.1 Sample Construction and Data Collection

The starting point of the data collection process is information about venture capital
deals from Crunchbase, which is still a novel source of entrepreneurial finance data for
academic research (e.g. Gaddy et al. 2017; Cumming et al. 2014; Alexy et al. 2012). The
Crunchbase database offers a broad range of information surrounding funding rounds,
investors, startup characteristics, and detailed biographical data about people involved in
deals. In fact, Retterath and Braun (2020) compare different venture capital databases
and find that Crunchbase is among the data providers with the best coverage of venture
capital investments. I begin with collecting all venture capital investments from 2000
to the end of 20204 conducted by VC firms located in the United States of America or
Europe5 in worldwide startup companies. The sample is on the individual investment
level, i.e. each observation represents an investment by a VC firm in a startup company,
which means that funding rounds comprising more than one VC firm as investors will
occur in the sample several times. As the main focus of this paper is on the initial

4While the sample period for the main analysis is restricted, information on deals before the year 2000
are considered for the construction of some variables such as VC Experience nevertheless.

5The following European countries are included in the sample: Austria, Belgium, Denmark, Finland,
France, Germany, Great Britain, Greece, Ireland, Italy, Luxemburg, Netherlands, Norway, Portugal,
Spain, Sweden, Switzerland
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strategic investment decision, whether or not to invest in a startup, the sample only
covers the first investment a VC firm makes in a specific startup company. Investments
by the same VC firm in the same startup company in follow-on funding rounds are
omitted from the sample. Additionally, investments for which some information (e.g.
industry classification or founding team) for the empirical analysis is not available are
not included in the sample. This leads to a sample of 42,101 investments in 18,588
unique companies conducted by 2,753 VC firms. Figure 4.1 graphically illustrates the
geographical sample distribution of startups and VC firms. Roughly two-thirds of the
VC firms (1,989) in the sample are from the United States of America, and the rest
(764) is from Europe. For startups, there is a similar share of U.S.-based companies.
12,643 startups are located in the United States of America, 3,919 are located in Europe,
and 2,026 are located outside of Europe and the United States of America. The broad
geographical and temporal coverage of the sample is a unique benefit of this study
compared to earlier related studies.6. This paper focuses on the educational ties of
founders and VC partners. Thus, for the analysis, it is of utmost importance to first
identify all persons involved in each investment who fall in these two categories. I utilize
Crunchbase’s information on job titles to identify founders and VC partners via simple
text string matching. A person is classified as a founder if the person is linked to a
startup and his or her job title contains the text ’founder’ or ’founding’. To be classified
as a VC partner, a person has to be linked to a VC firm and his or her job title needs to
contain the text ’partner’, ’director’, ’principal’, or ’managing’. For all persons identified
in this manner, the available educational track record on Crunchbase is added to the
sample.
Even though Crunchbase collects its data from several sources7, there is still a significant
number of persons in the sample for which Crunchbase does not have any record of
their educational background. To ensure maximum coverage of educational backgrounds
and to alleviate concerns regarding a biased sample, the sample is complemented with
data from LinkedIn profiles. LinkedIn is an online platform for professional networking
allowing members to share their educational and professional history, which has been

6For example, in two unpublished working papers Sunesson (2009) and Bengtsson and David H Hsu
(2010) both analyze some aspects of university affiliations in venture capital, however, their samples
are severely limited in geographic and temporal scope due to data availability, which makes a
selection bias very likely. Sunesson (2009) only covers 735 investment rounds of 456 U.S.-based
venture capital firms in 651 U.S.-based portfolio companies. Further, all investments are from the
year 2002. Bengtsson and David H Hsu (2010) only include 1,780 investments from 283 and 955
U.S.-based VC firms and startups, respectively.

7Crunchbase sources the data via three channels: 1) Upon registration anyone from the community can
submit information that is then reviewed before it goes public. 2) Machine Learning models paired
with web crawlers automatically collect relevant information to validate or extend the database. 3)
An in-house data team manually expands and curates the database.
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Figure 4.1.: Graphical Sample Overview of Locations of VC firms and startups

This figure depicts the geographical distribution of the startups and VC firms included in the sample.
VC firms are represented by black triangles, startups are represented by grey crosses. If more than one
organization is at the same location, the marking is less translucent.
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Table 4.1.: Summary of the Sample Scope

This table summarizes the scope of the sample in terms of the number of included investments, startup
companies, VC firms, and individuals. As several VC firms can invest in the same startup company,
the number of investments is larger than the number of startup companies. Some founders also act as
VC partners and vice versa. That is why the sum of the number of founders and the number of VC
partners is larger than the number of unique individuals. If an individual holds more than one degree
from the same university only one affiliation to this university is counted.

Number of ...

... unique investments (VC firm-company matches) 42,101

... unique startup companies 18,588

... unique VC firms 2,753

... unique individuals 38,452

... founders 29,491

... VC partners 9,921

... university affiliations 58,502

used as a (complimentary) data source in entrepreneurial finance research before (e.g.
Gompers et al. 2020; Banerji and Reimer 2019; Chahine et al. 2019). By combining
LinkedIn and Crunchbase data, this study can rely on a unique sample comprising
38,452 individuals of which 29,491 act as founders and 9,921 act as VC partners. As
some individuals act both as VC partner and founder in different investments, the sum
of founders and VC partners is higher than the overall number of individuals in the
sample. The information on 9,498 of these individuals stems from LinkedIn, while the
information on the other 28,954 individuals comes from Crunchbase. As a result and
a second key benefit of this study, the sample covers a significantly higher number of
individuals compared to other related studies dealing with individuals involved in VC
investments (e.g. Gompers et al. 2016; Bengtsson and David H. Hsu 2015).8 Overall, the
38,452 individuals in the sample have 58,502 university affiliations. Table 4.1 summarizes
the scope of the sample.

4.3.2 University Affiliations of Individuals Involved in Investments

Next, I focus on the key empirical challenge of unmistakably identifying the university
affiliations of every individual in the sample, which is a prerequisite to also identifying
educational ties. In this context, there are two drawbacks of using data from both

8Specifically, the sample in Gompers et al. (2016) includes 3,510 VC partners and the sample in
Bengtsson and David H. Hsu (2015) covers 5,093 founders and 2,361 VC partners.
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LinkedIn and Crunchbase. First, there is no unique identifier connecting educational
institutions between the two data sources, and second, universities are not always uniquely
identifiable even within each of the two data sources. While the second issue is more
severe for the noisy user-entered LinkedIn data, it is also of albeit smaller concern in
the Crunchbase data. For example, the well renowned German University TU München
appears under several aliases in the data collected from LinkedIn9 but also has two name
instances on Crunchbase10. To overcome both issues, this paper relies on fuzzy string
matching algorithms to match every name variant of a university to its most frequent
alias. Fuzzy string matching is a technique that allows finding text strings that match
other text strings approximately, but not exactly. I implement the basic fuzzy string
matching algorithm via the python package TheFuzz including its Levenshtein distance
(Levenshtein 1966) option. Levenshtein distance measures how many editing steps are
required to transform one text string into another one, which is a common way to measure
the similarity of two text strings. I combine this simple distance measure with other text
pre-processing techniques such as string cleaning (to remove excess spaces and transform
special characters etc.), tokenization (to get individual university name components),
and stop word removal (to remove common terms not bearing relevant information in
this context such as ’university’ or ’school’) and different fuzzy matching logics11 to
extract likely university name matches above a pre-defined similarity threshold. All
likely matches identified by the algorithm are then manually validated to ensure a high
level of accuracy of the university affiliation data in the sample. Table 4.2 summarizes
the university affiliations of both, founders and investors. A substantial share of all
founders and investors is affiliated with well-known universities. For example, 4.97% and
3.89% of all founder affiliations and 6.93% and 7.75% of all investor affiliations can be
attributed to Stanford University and Harvard University, respectively. The 30 most
frequently represented universities among founders combined make up almost 35% of all
university affiliations. On the investor side, the concentration on a few institutions is
even stronger. Over 47% of university affiliations can be attributed to investors’ 30 most
frequent universities.

9e.g. Technische Universität München, Technische Universitaet Muenchen, TU Munich, TU Muenchen,
Technical University Munich

10Technical University of Munich and Technische Universität München
11The TheFuzz package offers four underlying logics for matching: 1) Ratio uses pure Levenshtein

distance 2) Partial Ratio matches based on best substrings 3) Token Sort Ratio tokenizes the strings
and sorts them alphabetically 4) Token Set Ratio tokenizes the strings and compares the intersection
and remainder.
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The data collected on individuals and universities are used to construct two general
sets of variables: At the individual level and the VC-firm-startup dyad level. For the
individual level, I create dummy variables (Founder: Top, Top US, Top European and
Investor: Top, Top US, Top European) indicating whether any of the individual founders
or investors attended any top U.S., or top European university, respectively. I rely
on the classification used in Gompers et al. (2016) to identify top U.S. universities.12

Considering that most European countries have less pronounced ’elite’ university systems
in comparison to the U.S., appropriately identifying top European universities is not as
straightforward. University rankings such as the established Times Higher Education
ranking (THE) that are used in related research (e.g. Fuchs et al. 2021) focus heavily
on research output and teaching quality. However, since I am primarily interested in
alumni networks and signaling effects stemming from attending the ’right’ university,
a classification based on these rankings would not result in a classification scheme for
European universities directly comparable to the U.S. classification. Thus, I instead rely
on the top entrepreneurial university ranking published by EU Startups and the business
school ranking published by the Financial Times, to identify the top universities in
Europe that are recognized in the venture capital and startup community. These rankings
put a stronger emphasis on factors such as alumni salaries and employability, which is
closer in spirit to the U.S. system of elite universities. The resulting list comprises 67
universities classified as top in the 17 European countries included in the sample.13

While the individual level variables for founders and investors do not change for all

12The list includes the Ivy League schools (Brown University, Columbia University, Cornell University,
Dartmouth College, Harvard University, Princeton University, University of Pennsylvania, and
Yale University) and other top U.S. institutions (Amherst College, Caltech - California Institute of
Technology, Duke University, Massachusetts Institute of Technology - MIT, Northwestern University,
Stanford University, University of California, Berkeley, University of Chicago, and Williams College).

13The list includes Aalto University, Aarhus University, Autonomous University of Barcelona, Bocconi
University, Charles III University of Madrid, Copenhagen Business School, Delft University of
Technology, École Polytechnique, École Polytechnique Fédérale de Lausanne, EM Lyon Business
School, Erasmus University Rotterdam, ESADE, ESCP Business School, ESSEC Business School,
ETH Zurich, Freie Universität Berlin, Ghent University, HEC Paris , HHL Leipzig, IE Business
School, Imperial College London, INSEAD, Karlsruhe Institute of Technology, KTH Royal Institute
of Technology, Leiden University, London Business School, Ludwig Maximilian University of Munich,
LUISS Guido Carli University, Norwegian University of Science and Technology, Polytechnic Univer-
sity of Catalonia, Polytechnic University of Milan, RWTH Aachen University, Sapienza University of
Rome, Sciences Po Paris, Stockholm School of Economics, Technical University of Berlin, Technical
University of Denmark, Technical University of Munich, Lund University , The London School of
Economics and Political Science (LSE), Trinity College Dublin, TU Wien, UCL, Universidade Nova
de Lisboa, University College Dublin, University of Amsterdam, University of Bologna, University of
Cambridge, University of Cologne, University of Copenhagen, University of Edinburgh, University
of Groningen, University of Helsinki, University of Leuven, University of Mannheim, University of
Navarra, University of Oslo, University of Oxford, University of Porto, University of St. Gallen,
University of Vienna, Utrecht University, Vlerick Business school, WHU - Otto Beisheim School of
Management, and WU Vienna.
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of their respective investment relationships, the VC-firm-startup dyad level variables
are determined newly for each investment pairing. Again, I construct several dummy
variables. Both: Top, Top US, Top European indicate whether both, anyone from the
founding team and anyone from the investor team, attended any (but not necessarily
the same) top university with one, and zero otherwise. For example, if one founder
went to Stanford University and one investor went to Harvard University this dummy
variable would be equal to one. Finally, to identify whether there is an educational
tie, i.e. anyone of the founders and anyone of the investors have a shared university
affiliation, I introduce Both: Same. This dummy is only equal to one if at least one of
the founders and anyone of the partners at the VC firm attended the same university,
and zero otherwise. Additionally, in order to find out whether or not there is a difference
between attending the same top (or non-top) university, I also introduce Both: Same
Top, Both: Same non-Top, Both: Same Top US, and Both: Same Top European, which
are constructed analog to Both: Same, but only take into account the relevant subset of
university affiliations.
This study is built around the individuals involved in the standard decision-making
process in the VC industry regarding the two-sided deal-sourcing process (from the point
of view of a VC firm) or the two-sided investor-seeking process (from the point of view of
a founder). Gompers et al. (2020) provide empirical confirmation, of what is considered
standard procedure in the VC industry: The largest share of deal flow originates from
the network of the VC partners at a VC firm. While the overall investment decision is
usually taken at a firm-wide partner meeting, as a rule, one partner is regularly acting
as the investment partner. This investment partner takes care of the initial screening
and contact with the founding team before promising opportunities are brought to the
other partners at the firm. Further, the investment partner acts as the link between the
VC firm and the startup company at least until the deal is closed.
Thus, it is natural to assume that any effect of a shared educational background between
investor and founder should be more pronounced when it stems from the connection
with the investment partner. Consequently, this study differentiates between a ’narrow’
educational tie between the founding team and the investment partner and educational
ties in the broader sense, i.e. between the founding team and anyone of a VC firm’s
partners. To identify which of the partners at the VC firm acts as the investment partner
in a specific investment the paper relies on the information provided by Crunchbase.
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4.3.3 Counterfactual Investment Approach

Ideally, it would be possible to observe deals that were considered by VC firms but
ultimately did not materialize, as well as to gather details on any instance where
investors were solicited by startups but the contact eventually did not result in a funding
relationship. However, no such private information is available for this paper. Thus, in
order to analyze the effect of university affiliations and educational ties on the likelihood
of a match between a startup and a VC firm, a set of plausible counterfactual investments
needs to be constructed. These counterfactual investments serve as a control group, that
makes it possible to scrutinize the significance of educational ties for the matching of
startups and VC firms. I follow the general counterfactual approach laid out by literature
dealing with related issues (e.g. Fuchs et al. 2021; Gompers et al. 2016; Bengtsson
and David H. Hsu 2015; Corwin and Schultz 2005), by developing the set of plausible
counterfactual investments from the observable investments that were consummated by
other investors.
For each actual investment, I identify all potential investments in the sample that the
investor in principle could have chosen as an alternative. Each counterfactual investment
has to fulfill three criteria to qualify as a plausible alternative investment. First, the
counterfactual investment has to be in a startup located in the same country as the
actual investment’s startup. For U.S.-based startups, this requirement is tightened to
the same state. Second, the counterfactual investment must take place within six months
before or after the actual investment. Third, the counterfactual investment has to be
in a startup within the same industry group as the actual investment. For example, on
January 11th in 2018 U.S.-based VC firm Scale Venture Partners invested in Unbabel, a
startup based in Portugal developing an AI-based language operations platform for B2B
customers. Two other Portugal-based B2B software startups closed funding rounds in
the 6 months before and after the investment in Unbabel: Codacy and Prodsmart. These
two are consequently considered plausible counterfactuals that Scale Venture Partners in
principle could have invested in. Following this approach for all actual investments leads
to in sum 4,696,760 counterfactual investments, which means on average there are around
111 counterfactuals per actual investment.14 While the procedure described above results
in a high number of reasonable counterfactuals, by design it cannot include any startup
that was not funded by anyone in the first place or any follow-on funding rounds that
did not attract enough investors willing to invest. However, this is no drawback for the

14To alleviate concerns about the counterfactual approach stemming from the fact that some investments
have only a few counterfactuals while some have over 200 plausible counterfactuals, in section 4.4.1 I
include a robustness check that limits the counterfactuals to one per actual investment. Results are
robust to this alternative counterfactual selection approach.
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identification strategy in this paper. By only including ’materialized’ investments, it is
reasonable to assume that every counterfactual included in the sample represents an
investment opportunity that would bear the scrutiny of a due diligence process. Hence,
fewer factors such as a startup’s quality influence the likelihood of investing that must
be controlled for. Nevertheless, to make sure that my results are not distorted by an
omitted variable bias, I include a robustness check in section 4.4.1 that includes startup
company fixed effects to control for all idiosyncratic startup company characteristics (see
models (3) and (4) in table 4.8).

Table 4.3 shows crosstabulations for shared university affiliations and actual and coun-
terfactual investments to give a first indication of the role of educational ties. If a
shared university background is a factor positively contributing to the likelihood of an
investment, the case should be overrepresented in the actual investment sample when
comparing it with the sample of counterfactuals. Panel A uses the most general variable
Both: Same introduced above that captures all educational ties to split the sample.
There are 14,401 investments in the main sample of actual investments that exhibit a
shared educational background between founders and investors. The resulting share
of 34.21% is distinctly higher than the equivalent share in the counterfactual sample
(29.40%) which is first indicative evidence that a shared university affiliation plays a role
in the matching process in venture capital deals. Panel B and Panel C offer the same
descriptive analysis for Both: Same Top and Both: Same non-Top, respectively. The
same general pattern can be observed for these two cases as well. The share of actual
investments with a top university educational tie is 13.5% higher for the actual invest-
ments (27.61%) compared to the counterfactual investments (24.31%). Even though the
absolute number of educational ties that are not related to top universities is significantly
lower (2,777 cases of non-top educational ties vs. 11,624 cases of top educational ties)
the percentage difference is even higher than in the case Both: Same Top. The share of
actual investments with a non-top educational tie (6.60%) is almost 30% higher than
the corresponding share in the counterfactual sample (5.09%). This might indicate that
these relatively rare educational ties stemming from non-top universities have a more
pronounced effect on the likelihood of investment.

4.3.4 Other Variables

Table 4.4 summarizes the variables introduced above as well as additional ones required
for the empirical analysis and provides the definitions for all variables. Besides the
variables already discussed above, there are five dependent variables (see Panel A) used
in section 4.4 for the empirical analysis. The main dependent variable, Match, is a dummy
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Table 4.3.: Matches between startups and VC firms and shared university affiliations

This table shows crosstabulations for educational ties (i.e. shared univer-
sity affiliations between founders and investors) and actual and counter-
factual investments. Panel A does not distinguish between top or non-top
educational ties. Panel B only shows top-university-based educational
ties. Panel C only counts non-top-university-based educational ties. Top
universities are as defined in the main text in section 4.3.2.

Panel A: Same university

Both: Same

Investment No Yes Sum

Counterfactual 3,315,746 1,381,014 4,696,760
(70.60%) (29.40%) (100%)

Actual 27,700 14,401 42,101
(65.79%) (34.21%) (100%)

Sum 3,343,446 1,395,415 4,738,861
(70.55%) (29.45%) (100%)

Panel B: Same Top University

Both: Same Top

Investment No Yes Sum

Counterfactual 3,554,932 1,141,828 4,696,760
(75.69%) (24.31%) (100%)

Actual 30,477 11,624 42,101
(72.39%) (27.61%) (100%)

Sum 3,585,409 1,153,452 4,738,861
(75.66%) (24.34%) (100%)

Panel C: Same non-Top University

Both: Same non-Top

Investment No Yes Sum

Counterfactual 4,457,574 239,186 4,696,760
(94.91%) (5.09%) (100%)

Actual 39,324 2,777 42,101
(93.40%) (6.60%) (100%)

Sum 4,496,898 241,963 4,738,861
(94.89%) (5.11%) (100%)
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equal to one for the actual investments, and zero for all counterfactual investments.
Furthermore, in the empirical part, I also analyze the effect of educational ties on the
timing and scope of the 42,101 actual investments, to find out if the nature of the
relationship between startups and VC firms differs from investments without a shared
educational background. For the analysis of the timing of investment, I introduce two
variables. The first one is Age of Startup which is defined as the natural logarithm of
the startup’s age in years at the time of investment. The second variable to analyze the
timing of the investments is First Round, a dummy variable indicating whether the VC
firm invested in the first funding round with one. To examine how the investment scope
is influenced by shared educational background this study relies on three variables. First,
Board Seat is a dummy indicating whether or not a VC firm took a board seat at the
startup after an investment. Second, Lead Investor is another dummy that measures
if the VC firm acts as the lead investor for the investor syndicate. Third, I construct
Number of Rounds which is a count variable measuring the number of the startup’s
funding rounds the VC firm participated in including the funding rounds after the initial
investment that is included in the sample. Finally, I am also interested in whether
investments with educational ties perform better or worse than other investments. Thus,
I also include the dummy variable Success as an independent variable that is equal to one
when the investment eventually exited via an IPO, which is widely considered the most
lucrative exit channel for VCs (Cumming et al. 2009; Hochberg et al. 2007; Cochrane
2005; Gompers 1996). In addition to the main variables of interest, I construct several
control variables (see Panel D) as well. I compute the geographical Distance between
startup and VC firm headquarters with the location details available on Crunchbase.
Based on the postal address available in the Crunchbase database I first retrieve geo
coordinates by querying the OpenStreetMap API. Next, I compute the geodesic between
the two points as described in Karney (2013) to get the shortest distance between startup
and VC firm on the surface of an ellipsoidal model of the earth. For the empirical analysis,
I use the natural logarithm of the computed distance in kilometers. To measure past VC
Performance, I calculate the share of IPOs out of all startups the VC firm has invested
in before the respective deal. Thus, VC Performance can take values between zero and
one. VC Experience is the natural logarithm of the number of investment rounds the
VC firm has participated in up to the respective investment. Serial Founder is a dummy
variable equal to one when at least one of the founders has founded another startup
before, and zero otherwise. Finally, Syndicate Size is a count variable representing the
number of unique investors participating in the funding round.
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Table 4.4.: Overview and Definition of Variables of the Analysis

This table provides an overview and the definition of all variables used in the regression analyses.

Variable Name Definition

Panel A: Dependent Variables

Match A dummy variable equal to one for actual investments, and equal to zero for
counterfactual investments.

Age of Startup The natural logarithm of the startup’s age in years at the time of investment.

First Round A dummy variable equal to one when the VC firm invested in the startup’s first funding
round, and zero otherwise.

Board Seat A dummy variable equal to one when the VC firm took a board seat after the investment,
and zero otherwise.

Lead Investor A dummy variable equal to one when the VC firm acts as lead investor in the funding
round.

Number of Rounds The number of the startup’s investments rounds the VC firm participated in.

Success A dummy equal to one when the investment eventually exited via an IPO.

Panel B: Explanatory Variables: Individual Founders and Investors

Founder: Top, Top US, Top
European

A dummy variable equal to one when at least one of the founders attended any top, top
US, or top European university, respectively, and zero otherwise.

Investor: Top, Top US, Top
European

A dummy variable equal to one when at least one of the partners at the VC firm
attended any top, top US, or top European university, respectively, and zero otherwise.

Panel C: Explanatory Variables: Founder-Investor Dyad

Both: Top, Top US, Top Eu-
ropean

A dummy variable equal to one when at least one of the founders and anyone of the
partners at the VC firm attended any top, top US, or top European university,
respectively, and zero otherwise.

Both: Same, Same Top, Same
non-Top, Same Top US, Same
Top European

A dummy variable equal to one when at least one of the founders and anyone of the
partners at the VC firm attended the same, the same top, the same non-top, the same
top US, or the same top European university, respectively, and zero otherwise.

Both: Same, Same Top, Same
non-Top, SameTop US, Same
Top European (narrow)

A dummy variable equal to one when at least one of the founders and the deal’s
investment partner attended the same, the same top, the same non-top, the same top US,
or the same top European university, respectively, and zero otherwise.

Both: Same, Same Top, Same
non-Top (redundant)

A dummy variable equal to one when more than one founder and/or partner at the VC
firm attended the same, the same top, the same non-top university, respectively, and zero
otherwise.

Both: Same, Same Top, Same
non-Top (scaled)

A scaled version of the dummy variable that is constructed by dividing the respective
dummy variable by the number of counterfactual investments that entail the same
educational tie.

Panel D: Controls

Distance The natural logarithm of the distance between startup and VC firm in kilometers.

VC Performance The number of IPOs divided by the total number of companies the VC firm has invested
in before the respective deal.

VC Experience The natural logarithm of the number of investment rounds the VC firm has participated
in up to the respective investment.

Serial Founder A dummy variable equal to one when at least one of the founders has founded another
startup before, and zero otherwise.

Syndicate Size The number of investors participating in the funding round.
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4.4 Empirical Results and Discussion

4.4.1 Investment Decision

The first step in the analysis scrutinizes the role of university affiliations in the matching
process between startups and VC firms. To model the likelihood of a match between
founder and investor I rely on probit models for the analysis of the cross-sectional sample.
The general specification for the regressions in tables 4.5, 4.6, and 4.7 is shown in equation
4.6.

Matchi,j = α + βEducationi,j + γControlsi,j + δFE(Yeari,j, Industryi, Regioni, Stagei)
(4.6)

Matchi,j is a dummy that is equal to one for actual investments by VC firm j in startup
i and zero for all counterfactual investments. Educationi,j is a vector of the independent
variables of interest regarding the university affiliations of the founders of startup i and
the partners of VC firm j. The vector can include the variables described in table 4.4
depending on the individual model specification. To control for various deal, investor, and
startup characteristics the specification includes the vector Controlsi,j and several fixed
effects to rule out an omitted variable bias. Controlsi,j includes the four control variables
Distance, VC Performance, VC Experience and Serial Founder. Distance is included to
control for the fact the VCs tend to invest more in their geographical proximity which has
been documented in related research (Nahata et al. 2014; Tykvová and Schertler 2014;
Cumming and Dai 2010). VC Performance and VC Experience control for the effect that
successful VCs tend to have better access to deal flow (Nanda et al. 2020) and the effect
of sorting in the market which leads more experienced VCs to invest in better companies
(Sørenson 2007). Serial Founder is included to control for the performance persistence
of serial founders as documented in Gompers et al. (2010). In addition, year fixed effects
control for time-varying differences in investment patterns and market environments,
industry fixed effects control for heterogeneity across different startup industries, region
fixed effects absorb geographical differences due to cultural and institutional aspects,
and stage fixed effects account for the different levels of information asymmetry in the
funding of earlier and later stage startups.

Individual Educational Background

I start the empirical analysis of whether university affiliations impact the likelihood
of investment by exploring the explanatory power of individual founder and investor
characteristics in isolation. It might be the case that simply having attended a top
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university serves as a quality signal that increases investment likelihood even in the
absence of a shared university affiliation between founder and investor, i.e. the effect
would not rely on alumni networks. Table 4.5 reports the marginal effects of the probit
models for this first step of the empirical analysis. To interpret the economic significance
of the marginal effects it is important to keep in mind the high number of counterfactual
investments included in the observations that lead to a baseline (unconditional) probability
of an investment in the sample of only 0.89%15. Specifications (1) and (3) explore the
general effect, while specifications (2) and (4) use a finer classification to contrast
differences between U.S. and European universities. Overall, the results confirm that top
university affiliations do play a role in the matching between startups and VC firms, i.e.
where you go to school matters. Specification (1) focuses on the top-university affiliations
of founders and investors. The results show that a top-university affiliation of a founder
increases the likelihood of matching by 0.043 percentage points. The effect is highly
statistically significant at the 1% level and corresponds to an increase of 4.8% of the
investment likelihood compared to the baseline probability. With regard to Investor:
Top, the reported effect exhibits a negative sign which means that matching with a VC
firm where at least one of the partners attended a top university is less likely. More
precisely, the likelihood of investment decreases by 0.065 percentage points, which means
that it is 7.3% less likely for an investment to materialize when one of the investors went
to a top university. In specification (2) the effects are separately analyzed for top U.S.
and top European universities, respectively. The results show that the effect found for
Founder: Top in specification (1) can be fully attributed to top U.S. universities. In
specification (2) there is no significant effect for founders with an affiliation to a top
European university, while a founder with a top U.S. university background increases
the likelihood of matching by 0.049 percentage points. Interestingly, other than for
founders the negative effect on the investor side can be observed for both top U.S.
(−0.027 percentage points) and top European universities (−0.043 percentage points).
The positive effect found for founders’ top-university affiliations might be driven by the

general reputation of a top university acting as a quality signal certifying the abilities of a
founder or alternatively by the founders’ access to the alumni networks of top universities.
To further analyze these alternative explanations, specifications (3) and (4) consider
the joint educational background of founders and investors, without requiring both to
attend the same university for the dummy to take the value of one, yet. I include Both:
Top to test if there is a more general ’alumni network’ effect amongst top universities.
For example, if inter-institutional alumni networks do play a role in deal selection it

15The unconditional probability is derived by dividing the number of actual investments by the sum of
counterfactual investments and actual investments: 42, 101/4, 738, 861 = 0.00888 ≈ 0.89%.
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Table 4.5.: The Effect of Individual Educational Background on Investment

This table reports marginal effects of probit regressions studying the effect of founders’ and investors’
educational background on the probability of a match between a startup and a VC firm. The sample
comprises 4,738,861 observations, consisting of 42,101 factual and 4,696,760 counterfactual investments.
The dependent variable is match, a dummy variable equal to one for actual investments, and equal
to zero for counterfactual investments. Founder: Top, Top US, Top European are dummy variables
equal to one when at least one of the founders attended any top, top US, or top European university,
respectively, and zero otherwise. Investor: Top, Top US, Top European are dummy variables equal
to one when at least one of the partners at the VC firm attended any top, top US, or top European
university, respectively, and zero otherwise. Both: Top, Top US, Top European are dummy variables
equal to one when at least one of the founders and anyone of the partners at the VC firm attended
any top, top US, or top European university, respectively, and zero otherwise. Distance is the natural
logarithm of the distance between startup and VC firm. VC Performance is the VC firm’s IPO ratio up
to the current deal. VC Experience is the natural logarithm of the number of investment rounds the
VC firm has participated in up to the current deal. Serial Founder is a dummy variable equal to one
when at least one of the founders has founded another startup before. All regressions are estimated
with a constant term, year of investment, startup company industry, startup company region, and
startup company investment stage fixed effects (not reported). Robust standard errors clustered at the
startup company level are reported in parentheses. *, **, *** refer to significance at 10%, 5% and 1%,
respectively.

(1) (2) (3) (4)

Founder: Top 0.00043***
(0.00010)

Founder: Top US 0.00049***
(0.00010)

Founder: Top European 0.00011
(0.00015)

Investor: Top -0.00065***
(0.00016)

Investor: Top US -0.00027*
(0.00014)

Investor: Top European -0.00043***
(0.00010)

Both: Top 0.00051***
(0.00010)

Both: Top US 0.00022**
(0.00011)

Both: Top European 0.00146***
(0.00022)

Distance -0.00096*** -0.00096*** -0.00095*** -0.00095***
(0.00002) (0.00002) (0.00002) (0.00002)

VC Performance 0.00010 0.00021 0.00002 -0.00002
(0.00060) (0.00059) (0.00060) (0.00060)

VC Experience -0.00021*** -0.00018*** -0.00026*** -0.00027***
(0.00003) (0.00003) (0.00003) (0.00003)

Serial Founder 0.00038*** 0.00037*** 0.00038*** 0.00039***
(0.00013) (0.00013) (0.00013) (0.00013)

Year Fixed Effect yes yes yes yes
Industry Fixed Effect yes yes yes yes
Region Fixed Effect yes yes yes yes
Stage Fixed Effect yes yes yes yes

Pseudo R2 0.1319 0.1319 0.1318 0.1319
Observations 4,738,861 4,738,861 4,738,861 4,738,861
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should be more likely that an investor affiliated with an Ivy League university invests
in the startup of a founder who also attended a (different) Ivy League university.16 In
specification (3) this effect is analyzed in the broadest definition capturing founders and
investor pairs that attended any of the top schools as defined in section 4.3.2. The effect
of Both: Top is positive and of similar magnitude (0.051 percentage points) as the effect
for the founder variables discussed above. However, when I split the variable in Both:
Top US and Both: Top European in specification (4) the effect size differs strongly. The
marginal effect of Both: Top European is almost 7 times higher than the one of Both:
Top US.17 If both founder and investor attended a top European university the likelihood
of an investment increases by 0.146 percentage points, which corresponds to a substantial
16.4% increase over the baseline probability. In combination with the non-significant
effect of Founder: Top European, this indicates that reciprocity is an important factor
which is indicative evidence that alumni networks are behind this effect.

Educational Ties

After presenting the first indicative evidence for the value of alumni networks in the
matching process between startups and VC firms, the regressions in table 4.6 shed more
light on the effect of educational ties between founders and investors. If alumni networks
are the driving factor behind the value of top-university affiliations, the marginal effect of
a shared university affiliation between founder and investor reported in table 4.6 should
be considerably higher than the effects presented in table 4.5.

Specifications (1) - (3) explore the effect of educational ties at different granularity
levels. The results indicate that startups and VC firms are substantially more likely to
match in the presence of an educational tie. All coefficients are highly statistically and
economically significant. Specification (1) presents the general effect of educational ties
irrespective of the tie stemming from a top or non-top university. When a founder and
an investor attended the same university, the likelihood of an investment increases by
0.21 percentage points or 23.6% relative to the baseline probability of investment. This
effect is almost 5 times higher than the one reported for Founder: Top and still over 4

16The Ivy League was originally a sports conference in which the member universities compete against
each other. Similar inter-university networks are known in other countries, too. For example, in
Europe, many private business schools regularly compete in the WHU Euromasters sports event.
Thus, it makes sense to explore the potential effect of these inter-university alumni networks among
top schools.

17In an unreported regression I repeat the analysis for a dummy that measures the same effect just for
Ivy League universities. The effect of a shared Ivy League affiliation between founder and investor is
around 5 times higher than the effect of Both: Top US. This shows that even within the group of
elite universities in the U.S., not every university seems to offer the same alumni network benefits.
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Table 4.6.: The Effect of a Shared Educational Background on Investment

This table reports marginal effects of probit regressions studying the effect of a shared educational
background between founders and investors on the probability of a match between a startup and a
VC firm. The sample comprises 4,738,861 observations, consisting of 42,101 factual and 4,696,760
counterfactual investments. The dependent variable is match, a dummy variable equal to one for actual
investments, and equal to zero for counterfactual investments. Both: Same, Same Top, Same non-Top,
Same Top US, Same Top European are dummy variables equal to one when at least one of the founders
and anyone of the partners at the VC firm attended the same, the same top, the same non-top, the
same top US, or the same top European university, respectively, and zero otherwise. Distance is the
natural logarithm of the distance between startup and VC firm. VC Performance is the VC firm’s
IPO ratio up to the current deal. VC Experience is the natural logarithm of the number of investment
rounds the VC firm has participated in up to the current deal. Serial Founder is a dummy variable
equal to one when at least one of the founders has founded another startup before. All regressions are
estimated with a constant term, year of investment, startup company industry, startup company region,
and startup company investment stage fixed effects (not reported). Robust standard errors clustered at
the startup company level are reported in parentheses. *, **, *** refer to significance at 10%, 5% and
1%, respectively.

(1) (2) (3)

Both: Same 0.00210***
(0.00011)

Both: Same Top 0.00185***
(0.00012)

Both: Same non-Top 0.00371*** 0.00364***
(0.00026) (0.00026)

Both: Same Top US 0.00151***
(0.00013)

Both: Same Top European 0.00455***
(0.00048)

Distance -0.00092*** -0.00092*** -0.00092***
(0.00002) (0.00002) (0.00002)

VC Performance -0.00020 -0.00023 -0.00024
(0.00060) (0.00060) (0.00060)

VC Experience -0.00040*** -0.00041*** -0.00040***
(0.00003) (0.00003) (0.00003)

Serial Founder 0.00028** 0.00030** 0.00031**
(0.00013) (0.00013) (0.00013)

Year Fixed Effect yes yes yes
Industry Fixed Effect yes yes yes
Region Fixed Effect yes yes yes
Stage Fixed Effect yes yes yes

Pseudo R2 0.1327 0.1328 0.1329
Observations 4,738,861 4,738,861 4,738,861
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times as high as the effect of Both: Top in table 4.5. To get a better understanding of
whether this effect is different for top universities and other universities, specifications (2)
and (3) use finer classifications for the dummy variables. Specification (2) differentiates
between top university ties and non-top university ties. Surprisingly, the effect observed
for top universities (an increase of 0.185 percentage points) is only about half as strong
as the one for non-top universities (an increase of 0.371 percentage points). If both
founder and investor attended the same non-top university the investment likelihood
increases by 41.7% over the baseline investment probability. Finally, in specification (3)
the top-university effect is broken down into U.S. and European top universities. The
effect of Both: Top European is about three times larger than the effect of Both: Top
US, which means that investor-alumni of European top universities are much more likely
to match with founders affiliated with their own alma mater than alumni-investors of
top U.S. universities. Overall, the results largely confirm the value of educational ties for
any type of university in venture capital deals. Considering that the size of the effect of
non-top universities exceeds the top-university effect by a factor of three, the results do
not seem to be driven solely by quality signals or the reputation of certain universities
but at least to a substantial extent by the common alumni network of founders and
investors.

Redundant and Exclusive Educational Ties

As discussed in section 4.3.2 only a few universities make up a substantial share of all
investor and founder affiliations and about a third of all actual investments involve an
educational tie. In fact, many investments even involve more than one educational tie
between partners and founders. But do these redundant ties have the same value for the
matching process as the ’first’ tie? Further, it seems likely that for example a VC-firm
partner affiliated with a university attended by many founders as well will be faced with
several investment opportunities involving an educational tie.18 Affiliations to other
universities might lead to more exclusive educational ties, i.e. in the most exclusive case,
only one of the potential investments would face an educational tie. Thus, as a logical
next step, I explore the effect of redundant ties and scrutinize the role of exclusivity of
ties in table 4.7.

18For example, many VC firms have their headquarters in Sand Hill Road near Stanford University.
Considering that many of the partners at the firms attended Stanford themselves and Stanford
produces a great number of founders it can be assumed that at any given point in time their deal
flow includes various investment opportunities with an educational tie to one of the founders. It is
logical to assume that in such cases the value of an educational tie for the investment decision is
much less pronounced than on average.
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Table 4.7.: The Effect of Redundant and Exclusive Educational Ties on Investment

This table reports marginal effects of probit regressions studying the effect of redundant educational
ties between founders and investors and the effect of exclusive educational ties on the probability of a
match between a startup and a VC firm. The sample comprises 4,738,861 observations, consisting of
42,101 factual and 4,696,760 counterfactual investments. The dependent variable is match, a dummy
variable equal to one for actual investments, and equal to zero for counterfactual investments. Both:
Same, Same Top, Same non-Top are dummy variables equal to one when at least one of the founders
and anyone of the partners at the VC firm attended the same, the same top, the same non-top, the
same top US, or the same top European university, respectively, and zero otherwise. Both: Same, Same
Top, Same non-Top (redundant) are dummy variables equal to one when more than one founder and/or
partner at the VC firm attended the same, the same top, the same non-top university, respectively,
and zero otherwise. Both: Same, Same Top, Same non-Top (scaled) are scaled versions of the dummy
variable that are constructed by dividing the respective dummy variable by the number of counterfactual
investments that entail the same educational tie. Distance is the natural logarithm of the distance
between startup and VC firm. VC Performance is the VC firm’s IPO ratio up to the current deal. VC
Experience is the natural logarithm of the number of investment rounds the VC firm has participated
in up to the current deal. Serial Founder is a dummy variable equal to one when at least one of the
founders has founded another startup before. All regressions are estimated with a constant term, year
of investment, startup company industry, startup company region, and startup company investment
stage fixed effects (not reported). Robust standard errors clustered at the startup company level are
reported in parentheses. *, **, *** refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4)

Both: Same 0.00172***
(0.00015)

Both: Same (redundant) 0.00059***
(0.00016)

Both: Same Top 0.00141***
(0.00017)

Both: Same Top (redundant) 0.00055***
(0.00019)

Both: Same non-Top 0.00292***
(0.00026)

Both: Same non-Top (redundant) 0.00207***
(0.00034)

Both: Same (scaled) 0.03247***
(0.00053)

Both: Same Top (scaled) 0.03005***
(0.00061)

Both: Same non-Top (scaled) 0.01890***
(0.00050)

Distance -0.00092*** -0.00092*** -0.00093*** -0.00093***
(0.00002) (0.00002) (0.00002) (0.00002)

VC Performance -0.00022 -0.00025 0.00000 -0.00007
(0.00060) (0.00060) (0.00059) (0.00059)

VC Experience -0.00042*** -0.00043*** -0.00026*** -0.00030***
(0.00003) (0.00003) (0.00003) (0.00003)

Serial Founder 0.00027** 0.00030** 0.00030** 0.00030**
(0.00013) (0.00013) (0.00013) (0.00013)

Year Fixed Effect yes yes yes yes
Industry Fixed Effect yes yes yes yes
Region Fixed Effect yes yes yes yes
Stage Fixed Effect yes yes yes yes

Pseudo R2 0.1327 0.1330 0.1445 0.1438
Observations 4,738,861 4,738,861 4,738,861 4,738,861
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Specifications (1) and (2) extend the basic analysis with additional dummies that indicate
if there is more than one educational tie.19 In specification (1) Both: Same (redundant)
is included to measure the overall effect of additional educational ties. The results show
that additional ties increase the likelihood of an investment to a lesser extent than the
’first’ tie. While the marginal effect is highly statistically significant, it is only about
one-third the size of the main effect of Both: Same (a 0.059 percentage points increase
vs. a 0.172 percentage points increase). Still, the fact that redundant ties increase the
likelihood of investment indicates that educational ties do not simply help investors
to increase deal flow or identify potential investments by decreasing search cost (see
e.g. Podolny 1994; Kuhnen 2009). This hypothesis is in line with Fuchs et al. (2021)
who find the same result for redundant educational ties between target firm CEOs and
fund managers in the context of winning a PE deal. They argue that redundant ties
are more important in competitive environments than in non-competitive environments.
One explanation is that educational ties in the entrepreneurial finance environment
might influence the interaction and relationship of founders and investors through better
information flow and reduced moral hazard based on shared beliefs and suppositions
formed at universities or interpersonal trust (see e.g. Corwin and Schultz 2005; Colombo
et al. 2022) created by belonging to the same peer group. Additionally, in specification
(2) I explore if there is a difference in redundant ties between top and non-top universities.
The general observation of a positive, but smaller effect holds for both cases. However,
it is interesting to point out that the diminishing effect of redundant educational ties is
smaller in the case of non-top universities. The marginal effect of a redundant tie is less
than a third smaller than the effect of the ’first’ tie. This is further evidence, that alumni
networks do matter in the matching process for all types of universities and might even
play a bigger role for non-top university attendants. In the VC context, it is important
to point out, however, that non-top educational ties are much rarer (see table 4.3), which
might partially explain the larger effect associated with non-top university ties.
To further analyze what role the exclusivity of educational ties plays, specifications (3)
and (4) introduce a scaled variant of the Both: Same variable. To construct Both: Same
(scaled), the indicator variable Both: Same is divided by the number of counterfactual
investments in its cohort that also involve the same type of educational tie. This basically
transforms the variable into a quasi probability, because the resulting values are in an
interval ranging from zero to one, with the value of one representing the most exclusive

19The dummies do not differentiate between redundant ties that stem from only three individuals (e.g.
one founder sharing a university affiliation with two investment partners) and redundant ties that
involve at least four individuals (e.g. two unique founder-investor pairs each sharing a university
affiliation).
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educational tie. The reported results confirm that the likelihood of investment increases
the more exclusive an educational tie is. The marginal effects are positive and highly
statistically significant in both specifications. In contrast to the results discussed so far,
in specification (4) after accounting for the exclusivity of an educational tie the effect of
non-top university ties is about one-third smaller than the effect of top university ties.
This means that at the same level of exclusivity top-university affiliations do play a more
important role than non-top affiliations. This can be interpreted as sign that alumni
networks of top universities are more valuable in the VC matching process when they
are a differentiating factor between investment opportunities.

Robustness Checks

I conduct several robustness checks to ensure that the results are unaffected by al-
ternative model specifications and methodologies. A benefit of the large sample size
and the counterfactual approach is the possibility to control for unobservable startup
characteristics such as their quality and unobservable investor characteristics such as
their ability or preferences. To rule out that the results suffer from an omitted variable
bias, specifications (1) to (4) in table 4.8 introduce investor and startup fixed effects
controlling for all time-invariant characteristics of the startups and VC firms. Due to
the inclusion of the granular fixed effects VC Experience and VC Performance are not
included in specifications (1) and (2), Serial Founder is not included in specifications (3)
and (4), and some singleton observations are dropped in specifications (1) to (4). The
results confirm that the main results reported so far are not altered by the inclusion of
investor and startup fixed effects. All reported coefficients have the same sign and are
quantitatively very similar to the main results.
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To see if the results also hold in sub-samples, I split the sample based on the VC firms’
locations. The sub-sample in models (5) and (6) only includes investments by U.S. VC
firms, while the sub-sample in models (7) and (8) only includes investments by European
VC firms. Due to the different number of observations of the two sub-samples the
coefficients cannot be compared directly. However, the pattern within each sub-sample
is consistent with the main results and across the two sub-samples. Educational ties
increase the likelihood of an investment in the U.S. investor sub-sample as well as in the
European investor sub-sample. In both sub-samples, the effect of top-university ties is
smaller than the effect of non-top university ties.
Finally, specifications (9) and (10) limit the number of counterfactuals per actual
investment to a one-for-one random draw to rule out that the high variance in the
number of counterfactual investments per actual investment affects the results. The
single counterfactual per actual investment is randomly drawn from the full cohort of
counterfactuals that is included in the main sample. The results are consistent with the
main analysis both qualitatively and quantitatively. Because of the much smaller fraction
of counterfactuals in the sample, the 4.56 percentage point increase in the investment
likelihood attributable to Both: Same corresponds to a relative increase of the baseline
probability of about 11%.

4.4.2 Scope of the Funding Relationship

The analysis so far only concerned the likelihood of investment conditional on an
educational tie. After having established the general importance of alumni networks
in venture capital for the matching between founders and investors, the next logical
step is to scrutinize whether a shared university affiliation also influences the nature of
the funding relationship itself. In this part of the analysis, I test whether the scope of
investment differs for deals involving educational ties. Specifically, I first test whether
investors are more likely to act as lead investors or to take a board seat. Additionally
and second, I analyze whether investors stick with a startup for more funding rounds.
The regressions in tables 4.9, 4.10, and 4.11 are specified analog to equation 4.6:

Lead Investor i,j

Board Seati,j

Number of Roundsi,j


= α + βEducationi,j + γControlsi,j

+ δFE(Yeari,j, Industryi, Regioni, Stagei)
(4.7)

However, in contrast to equation 4.6, in equation 4.7 Lead Investor, Board Seat or
Number of Rounds serve as dependent variable and the sample only includes the 42,101
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actual investments. I rely on probit regressions for the former two dependent variables
and poisson regressions for the latter variable. Table 4.9 reports marginal effects of
the probit regressions exploring whether investors are more likely to lead an investment
syndicate for a startup from their alumni network. The lead investor plays a very
important role because the lead investor usually initiates the funding round and actively
looks for other potential investors. Specifications (1) to (3) rely on the broad definition
of an educational tie involving any partner at the VC firm. The results are ambiguous.
Only the positive effect for non-top universities is statistically significant at the 1%
level, while the general effect is statistically significant only at the 10% level and Both:
Same Top is not significant at all. However, this non-significance is only attributable to
top U.S. university ties, while Both: Same Top European shows a significant positive
effect. A potential reason for the ambiguous results could be that the broad definition of
educational ties, might underestimate the effect of a shared university affiliation. The
methodology likely finds too many alumni network connections because it takes into
account all partners at the VC firm to identify educational ties. This will inevitably also
include ties with partners at the VC firm that had nothing to do with the investment and
thus might have had no interaction with the founders at all. As this step of the analysis
only includes actual investments, information on investment partners can be exploited to
ensure only individuals actually involved in a specific investment are considered to identify
educational ties. Thus, in specifications (4) to (6), I include the narrower definitions of
educational ties introduced in section 4.3.2. A narrow educational tie is only counted if
the investment partner supervising the investment has a shared university affiliation with
at least one of the founders. The results across specifications (4) to (6) show consistent
positive, statistically and economically significant effects of similar magnitude for all
granularity levels. For example, the likelihood of acting as lead investor increases by 14.4
percentage points in specification (4), which corresponds to a relative increase of about
37% compared to the unconditional probability. The effect of non-top universities is even
higher (a 45% relative increase), again confirming that school quality is not the decisive
factor behind the effect of educational ties. Moreover, the positive relationship between
acting as lead investor and an educational tie does not differ significantly between top
U.S. and top European universities.

Another important role an investor can take over is a board seat. Board seats are
the most direct way for an investor to actively shape or take critical decisions for the
startup. This means giving an investor a board seat transfers substantial influence over
the company to the investor, which requires a high level of trust between the parties.
In table 4.10 I present results on the analysis of whether investors are more likely to
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Table 4.9.: Scope: The Effect of a Shared Educational Background on Acting as Lead Investor

This table reports marginal effects of probit regressions studying the effect of shared educational
background between founders and investors on the probability of acting as the lead investor. The sample
comprises 42,101 factual investments. The dependent variable is lead investor, a dummy variable equal
to one when the VC firm acts as the lead investor in the funding round. Both: Same, Same Top, Same
non-Top, Same Top US, Same Top European are dummy variables equal to one when at least one of
the founders and anyone of the partners at the VC firm attended the same, the same top, the same
non-top, the same top US, or the same top European university, respectively, and zero otherwise. Both:
Same, Same Top, Same non-Top, SameTop US, Same Top European (narrow) are dummy variables
equal to one when at least one of the founders and the deal’s investment partner attended the same, the
same top, the same non-top, the same top US, or the same top European university, respectively, and
zero otherwise. Distance is the natural logarithm of the distance between startup and VC firm. VC
Performance is the VC firm’s IPO ratio up to the current deal. VC Experience is the natural logarithm
of the number of investment rounds the VC firm has participated in up to the current deal. Serial
Founder is a dummy variable equal to one when at least one of the founders has founded another
startup before. All regressions are estimated with a constant term, year of investment, startup company
industry, startup company region, and startup company investment stage fixed effects (not reported).
Robust standard errors clustered at the startup company level are reported in parentheses. *, **, ***
refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6)

Both: Same 0.010*
(0.005)

Both: Same Top 0.004
(0.006)

Both: Same non-Top 0.036*** 0.035***
(0.010) (0.010)

Both: Same Top US -0.001
(0.006)

Both: Same Top European 0.028**
(0.013)

Both: Same (narrow) 0.144***
(0.009)

Both: Same Top (narrow) 0.137***
(0.010)

Both: Same non-Top (narrow) 0.176*** 0.175***
(0.023) (0.023)

Both: Same Top US (narrow) 0.135***
(0.011)

Both: Same Top European (narrow) 0.147***
(0.029)

Distance -0.001 -0.001 -0.001 -0.000 -0.000 -0.000
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

VC Performance 0.026 0.026 0.026 0.028 0.028 0.028
(0.029) (0.029) (0.029) (0.029) (0.029) (0.029)

VC Experience 0.048*** 0.048*** 0.048*** 0.047*** 0.047*** 0.047***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Serial Founder -0.053*** -0.053*** -0.052*** -0.056*** -0.056*** -0.056***
(0.007) (0.007) (0.007) (0.007) (0.007) (0.007)

Year Fixed Effect yes yes yes yes yes yes
Industry Fixed Effect yes yes yes yes yes yes
Region Fixed Effect yes yes yes yes yes yes
Stage Fixed Effect yes yes yes yes yes yes

Pseudo R2 0.0643 0.0645 0.0646 0.0686 0.0687 0.0686
Observations 42,101 42,101 42,101 42,101 42,101 42,101
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Table 4.10.: The Effect of a Shared Educational Background on Taking a Board Seat

This table reports marginal effects of probit regressions studying the effect of shared educational
background between founders and investors on the probability of the investor taking a board seat.
The sample comprises 42,101 factual investments. The dependent variable is board seat, a dummy
variable equal to one when the VC firm took a board seat after the investment, and zero otherwise.
Both: Same, Same Top, Same non-Top, Same Top US, Same Top European are dummy variables
equal to one when at least one of the founders and anyone of the partners at the VC firm attended
the same, the same top, the same non-top, the same top US, or the same top European university,
respectively, and zero otherwise. Both: Same, Same Top, Same non-Top, SameTop US, Same Top
European (narrow) are dummy variables equal to one when at least one of the founders and the deal’s
investment partner attended the same, the same top, the same non-top, the same top US, or the same
top European university, respectively, and zero otherwise. Distance is the natural logarithm of the
distance between startup and VC firm. VC Performance is the VC firm’s IPO ratio up to the current
deal. VC Experience is the natural logarithm of the number of investment rounds the VC firm has
participated in up to the current deal. Serial Founder is a dummy variable equal to one when at least
one of the founders has founded another startup before. All regressions are estimated with a constant
term, year of investment, startup company industry, startup company region, and startup company
investment stage fixed effects (not reported). Robust standard errors clustered at the startup company
level are reported in parentheses. *, **, *** refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6)

Both: Same 0.019***
(0.005)

Both: Same Top 0.015***
(0.005)

Both: Same non-Top 0.036*** 0.033***
(0.009) (0.009)

Both: Same Top US 0.001
(0.005)

Both: Same Top European 0.058***
(0.012)

Both: Same (narrow) 0.333***
(0.009)

Both: Same Top (narrow) 0.321***
(0.010)

Both: Same non-Top (narrow) 0.381*** 0.380***
(0.021) (0.021)

Both: Same Top US (narrow) 0.308***
(0.011)

Both: Same Top European (narrow) 0.357***
(0.026)

Distance -0.002** -0.002** -0.002** 0.000 0.000 0.000
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

VC Performance 0.002 0.001 0.002 0.008 0.008 0.009
(0.026) (0.026) (0.026) (0.025) (0.025) (0.025)

VC Experience 0.040*** 0.040*** 0.040*** 0.037*** 0.038*** 0.038***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Serial Founder -0.006 -0.006 -0.005 -0.014** -0.014** -0.014**
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

Year Fixed Effect yes yes yes yes yes yes
Industry Fixed Effect yes yes yes yes yes yes
Region Fixed Effect yes yes yes yes yes yes
Stage Fixed Effect yes yes yes yes yes yes

Pseudo R2 0.1128 0.1129 0.1132 0.1412 0.1414 0.1403
Observations 42,101 42,101 42,101 42,101 42,101 42,101
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take over a board seat in the presence of educational ties. The structure of the table
is as above: Specifications (1) to (3) employ the broad education tie definition, while
specifications (4) to (6) repeat the same analysis with the narrow definition. As observed
before, the effects of the broad definitions are much smaller than the effect of the narrow
definition. Specification (1) reports a 1.9 percentage points increased likelihood of taking
a board seat, while specification (4) shows a 33.3 percentage points increase. The effect
of the narrow definition translates to a relative increase of 115%, i.e. more than double
the unconditional probability. Effects of this magnitude can be observed for top and
non-top university ties, as well as for top European and top U.S. ties. An increase of
this magnitude is clearly of economical significance and shows that alumni networks lead
to deeper business relationships among alumni in the venture capital context.

Finally, I explore how long an investor keeps actively investing in a specific startup in
terms of the number of funding rounds the investor participates in over the startup’s full
funding history in table 4.11. The results consistently show a positive relationship between
the number of funding rounds and educational ties, which suggests that investors stay
involved longer in investments involving educational ties. In an unreported comparison of
group means, the average number of funding rounds not involving a narrow educational
tie (1.7) is about 0.5 smaller than the average number of funding rounds involving a
tie (2.2). The multivariate analysis shows an effect of similar magnitude. The effects in
specifications (4) to (6) indicate that depending on the type of educational tie, investors
participate in 0.266 to 0.331 more funding rounds per startup. The results suggest that
investors also invest higher amounts in startups with educational ties, because typically
funding amounts increase with each funding round. However, due to to only partially
available information about funding amounts in my dataset, I cannot test this hypothesis
in the sample. Still, the results confirm the earlier findings and show that educational
ties not only increase the likelihood of investment but also expand the scope of the
investment relationship.

4.4.3 Riskiness of the Investment

Next, I examine whether educational ties are related to investors being willing to take
on more risky investments. Investing in earlier funding rounds or younger startups
is considered riskier than investing in later rounds or more mature companies due to
the higher level of information asymmetry and the higher potential of the startup to
fail (Koenig and Burghof 2022; Cochrane 2005). In line with this fact, Bottazzi et al.
(2016) show that a higher level of trust is positively related to the likelihood of investing
in earlier funding rounds. If educational ties do not only serve as a channel for the
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Table 4.11.: Scope: The Effect of a Shared Educational Background on the Number of Rounds

This table reports marginal effects of poisson regressions studying the effect of shared educational background between
founders and investors on the number of investment rounds the VC firm participates in. The sample comprises 42,101
factual investments. The dependent variable is number of rounds, the number of the startup’s investment rounds the VC
firm participated in. Both: Same, Same Top, Same non-Top, Same Top US, Same Top European are dummy variables
equal to one when at least one of the founders and anyone of the partners at the VC firm attended the same, the same
top, the same non-top, the same top US, or the same top European university, respectively, and zero otherwise. Both:
Same, Same Top, Same non-Top, SameTop US, Same Top European (narrow) are dummy variables equal to one when
at least one of the founders and the deal’s investment partner attended the same, the same top, the same non-top, the
same top US, or the same top European university, respectively, and zero otherwise. Distance is the natural logarithm
of the distance between startup and VC firm. VC Performance is the VC firm’s IPO ratio up to the current deal. VC
Experience is the natural logarithm of the number of investment rounds the VC firm has participated in up to the current
deal. Serial Founder is a dummy variable equal to one when at least one of the founders has founded another startup
before. All regressions are estimated with a constant term, year of investment, startup company industry, startup company
region, and startup company investment stage fixed effects (not reported). Robust standard errors clustered at the startup
company level are reported in parentheses. *, **, *** refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6)

Both: Same 0.070***
(0.013)

Both: Same Top 0.064***
(0.015)

Both: Same non-Top 0.097*** 0.092***
(0.023) (0.023)

Both: Same Top US 0.048***
(0.016)

Both: Same Top European 0.094***
(0.031)

Both: Same (narrow) 0.324***
(0.024)

Both: Same Top (narrow) 0.325***
(0.026)

Both: Same non-Top (narrow) 0.331*** 0.329***
(0.052) (0.052)

Both: Same Top US (narrow) 0.313***
(0.029)

Both: Same Top European (narrow) 0.266***
(0.066)

Distance -0.010*** -0.010*** -0.010*** -0.009*** -0.009*** -0.009***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

VC Performance 0.021 0.021 0.021 0.035 0.035 0.036
(0.061) (0.061) (0.061) (0.061) (0.061) (0.061)

VC Experience 0.086*** 0.086*** 0.087*** 0.088*** 0.088*** 0.088***
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Serial Founder 0.028 0.029 0.029 0.023 0.023 0.024
(0.019) (0.019) (0.019) (0.019) (0.019) (0.019)

Year Fixed Effect yes yes yes yes yes yes
Industry Fixed Effect yes yes yes yes yes yes
Region Fixed Effect yes yes yes yes yes yes
Stage Fixed Effect yes yes yes yes yes yes

Pseudo R2 0.0375 0.0375 0.0375 0.0386 0.0386 0.0385
Observations 42,101 42,101 42,101 42,101 42,101 42,101
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identification of potential investments but also lead to a higher level of generalized trust
between the founder and investor, educational ties should also be related to an increased
likelihood of investing in the first funding round of a startup or investing in younger
startups. I empirically explore these relationships using equation 4.8.

First Round i,j

Age of Startupi,j

 = α + βEducationi,j + γControlsi,j

+ δFE(Yeari,j, Industryi, Regioni, Stagei)
(4.8)

Table 4.12 reports the results of probit regressions analyzing whether the VC firm invested
in the first funding round of a startup. All statistically significant controls show the
expected signs. VC Performance does not statistically significant relate to investing in
a first round. Distance is negatively related to investing in a first round, while more
experienced VCs are more likely to invest in a first round. Serial founders are also more
likely to attract investors to invest in their startup’s first round.

Specifications (1) to (3) include the indicator variables for educational ties that take into
account the whole partner team to identify educational ties. Overall, the results show
that educational ties of any kind are related to a higher likelihood of an investor joining
the first funding round of a startup. For example, according to specification (1), if a
founder and investor share a university affiliation the likelihood of investing in the first
funding round is 2.3 percentage points higher. This corresponds to a relative increase of
roughly 6% over the unconditional baseline probability of investing in a first round in
the sample. Further, consistent with the analysis of the matching likelihood, the effect
size for non-top universities is almost double the effect size of top universities.
The results for the narrow educational ties definition in specifications (4) to (6) are
qualitatively the same as for the broader definition. However, the effect size is significantly
higher. For example, non-top university ties are associated with a 2.5 times higher effect
when comparing specifications (2) and (5). Specifically, an educational tie stemming
from a non-top university between the investment partner and a founder is associated
with a 24% increased likelihood of investing in the first funding round, while the effect of
Both: Same non-Top is a relative increase of 9.9% only. The results strongly support the
notion, that the positive effect of educational ties is driven by the increased generalized
trust of investors and founders belonging to the same alumni network.
To further corroborate the finding that educational ties lead to a higher level of generalized
trust, table 4.13 reports results of linear regressions studying the relationship of a shared
educational background between founders and investors and the age of a startup at the
time of investment. The general specification of the regressions is as before, however,
the dependent variable Age of Startup is now continuous. Startup age serves as an
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Table 4.12.: Timing: The Effect of a Shared Educational Background on Investing in the First
Round

This table reports marginal effects of probit regressions studying the effect of shared educational
background between founders and investors on the probability of investing in the startup’s first investment
round. The sample comprises 42,101 factual investments. The dependent variable is first round, a
dummy variable equal to one when the VC firm invested in the startup’s first funding round, and zero
otherwise. Both: Same, Same Top, Same non-Top, Same Top US, Same Top European are dummy
variables equal to one when at least one of the founders and anyone of the partners at the VC firm
attended the same, the same top, the same non-top, the same top US, or the same top European
university, respectively, and zero otherwise. Both: Same, Same Top, Same non-Top, SameTop US, Same
Top European (narrow) are dummy variables equal to one when at least one of the founders and the
deal’s investment partner attended the same, the same top, the same non-top, the same top US, or the
same top European university, respectively, and zero otherwise. Distance is the natural logarithm of the
distance between startup and VC firm. VC Performance is the VC firm’s IPO ratio up to the current
deal. VC Experience is the natural logarithm of the number of investment rounds the VC firm has
participated in up to the current deal. Serial Founder is a dummy variable equal to one when at least
one of the founders has founded another startup before. All regressions are estimated with a constant
term, year of investment, startup company industry, startup company region, and startup company
investment stage fixed effects (not reported). Robust standard errors clustered at the startup company
level are reported in parentheses. *, **, *** refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6)

Both: Same 0.023***
(0.005)

Both: Same Top 0.020***
(0.006)

Both: Same non-Top 0.038*** 0.037***
(0.009) (0.009)

Both: Same Top US 0.016**
(0.007)

Both: Same Top European 0.024*
(0.013)

Both: Same (narrow) 0.035***
(0.009)

Both: Same Top (narrow) 0.025**
(0.010)

Both: Same non-Top (narrow) 0.092*** 0.092***
(0.020) (0.020)

Both: Same Top US (narrow) 0.012
(0.011)

Both: Same Top European (narrow) 0.073***
(0.026)

Distance -0.007*** -0.007*** -0.007*** -0.007*** -0.007*** -0.007***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

VC Performance 0.030 0.030 0.030 0.035 0.035 0.035
(0.028) (0.028) (0.028) (0.028) (0.028) (0.028)

VC Experience 0.008*** 0.008*** 0.008*** 0.009*** 0.009*** 0.009***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Serial Founder 0.064*** 0.064*** 0.065*** 0.065*** 0.065*** 0.065***
(0.008) (0.008) (0.008) (0.008) (0.008) (0.008)

Year Fixed Effect yes yes yes yes yes yes
Industry Fixed Effect yes yes yes yes yes yes
Region Fixed Effect yes yes yes yes yes yes
Stage Fixed Effect yes yes yes yes yes yes

Pseudo R2 0.1819 0.1820 0.1819 0.1818 0.1819 0.1820
Observations 42,101 42,101 42,101 42,101 42,101 42,101
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alternative proxy for investment risk. Information asymmetry is can be considered higher
for younger companies, because of the issue of hidden information (Jensen and Meckling
1976) and the fact that much of a company’s quality might not have been revealed,
yet. Following the argument for investing in first rounds, it should be expected that
educational ties are related to investing in younger startups.

The results in specifications (1) - (6) largely match the results discussed above for
investing in the first funding round and confirm that in presence of educational ties
VC firms invest in younger startups. The coefficients are consistently negative in all
specifications. While the effect size is of similar magnitude across all specifications
involving the narrow definitions of educational ties, the point estimate is larger for top
universities in specifications (2) and (3) compared to non-top universities.

4.4.4 Investment Success

In this final step of the analysis, I explore whether investments involving educational ties
perform better or worse than other investments. As there is no detailed cashflow data
available in the sample, well-performing investments are proxied via the investment’s
exit channel. IPOs are considered the most lucrative exit channel because they usually
create the highest returns for investors. Relying on IPOs as a proxy for investment
performance is a common approach in the literature (e.g. Gompers and Lerner 2000b;
Bottazzi et al. 2008; Nahata 2008; Y. Li et al. 2014; Bengtsson and David H. Hsu 2015).
The sample in this section is limited to investments before 2017 to ensure enough time
to observe an exit for all included investments. It comprises 27,014 factual investments.
The unconditional probability of exiting via IPO in the sample is 5.6%. In equation 4.9,
the dependent variable Success is a dummy variable equal to one when the investment
eventually exited via an IPO.

Successi,j = α + βEducationi,j + γControlsi,j

+ δFE(Yeari,j, Industryi, Regioni, Stagei, Investorj)
(4.9)

Besides the controls and fixed effects included before, one additional performance-related
control variable is included in all specifications. Syndicate size controls for the effect that
syndicated deals and larger syndicates perform better than other investments (Tykvová
and Schertler 2014; Tian 2012; Das et al. 2011). Further, in specifications (7) and (8) I
include investor fixed effects controlling for all time-invariant investor characteristics. 513
observations are dropped in these specifications because otherwise some investors only
appear in the sample once leading to singleton investor groups for the fixed effects.
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Table 4.13.: Timing: The Relationship between Shared Educational Background and Startup
Age

This table reports the results of OLS regressions studying the relationship of shared educational
background between founders and investors and the age of a startup at the time of investment. The
sample comprises 42,101 factual investments. The dependent variable is age of startup, the natural
logarithm of the startup’s age in years at the time of investment. Both: Same, Same Top, Same non-Top,
Same Top US, Same Top European are dummy variables equal to one when at least one of the founders
and anyone of the partners at the VC firm attended the same, the same top, the same non-top, the same
top US, or the same top European university, respectively, and zero otherwise. Both: Same, Same Top,
Same non-Top, SameTop US, Same Top European (narrow) are dummy variables equal to one when
at least one of the founders and the deal’s investment partner attended the same, the same top, the
same non-top, the same top US, or the same top European university, respectively, and zero otherwise.
Distance is the natural logarithm of the distance between startup and VC firm. VC Performance is
the VC firm’s IPO ratio up to the current deal. VC Experience is the natural logarithm of the number
of investment rounds the VC firm has participated in up to the current deal. Serial Founder is a
dummy variable equal to one when at least one of the founders has founded another startup before. All
regressions are estimated with a constant term, year of investment, startup company industry, startup
company region, and startup company investment stage fixed effects (not reported). Robust standard
errors clustered at the startup company level are reported in parentheses. *, **, *** refer to significance
at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6)

Both: Same -0.072***
(0.007)

Both: Same Top -0.083***
(0.008)

Both: Same non-Top -0.029*** -0.028***
(0.011) (0.011)

Both: Same Top US -0.086***
(0.008)

Both: Same Top European -0.044***
(0.015)

Both: Same (narrow) -0.059***
(0.010)

Both: Same Top (narrow) -0.059***
(0.011)

Both: Same non-Top (narrow) -0.055** -0.055**
(0.025) (0.025)

Both: Same Top US (narrow) -0.057***
(0.012)

Both: Same Top European (narrow) -0.057**
(0.029)

Distance 0.009*** 0.009*** 0.009*** 0.010*** 0.010*** 0.010***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

VC Performance -0.016 -0.017 -0.017 -0.028 -0.028 -0.028
(0.035) (0.035) (0.035) (0.035) (0.035) (0.035)

VC Experience -0.017*** -0.017*** -0.017*** -0.022*** -0.022*** -0.022***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Serial Founder -0.214*** -0.214*** -0.214*** -0.219*** -0.219*** -0.219***
(0.010) (0.010) (0.010) (0.010) (0.010) (0.010)

Year Fixed Effect yes yes yes yes yes yes
Industry Fixed Effect yes yes yes yes yes yes
Region Fixed Effect yes yes yes yes yes yes
Stage Fixed Effect yes yes yes yes yes yes

Adj. R2 0.3581 0.3585 0.3585 0.3558 0.3558 0.3558
Observations 42,101 42,101 42,101 42,101 42,101 42,101
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Table 4.14.: Success: The Relationship between Educational Background and Exit Outcome

This table reports the results of regressions studying the relationship between the educational background of founders and
investors and the exit outcome. Models (1) to (6) report marginal effects of probit models. Models (7) and (8) report
coefficients of linear probability models. The sample is limited to investments before 2017 to ensure enough time to observe
an exit. It comprises 27,014 factual investments. In specifications (7) and (8), 513 singleton observations are dropped
due to the inclusion of investor fixed effects. The dependent variable is Success, a dummy equal to one for investments
that eventually were exited via IPO. Founder: Top is a dummy variable equal to one when at least one of the founders
attended any top university, and zero otherwise. Investor: Top is a dummy variable equal to one when at least one of
the partners at the VC firm attended any top university, and zero otherwise. Both: Top is a dummy variable equal to
one when at least one of the founders and anyone of the partners at the VC firm attended any top university, and zero
otherwise.Both: Same, Same Top, Same non-Top are dummy variables equal to one when at least one of the founders and
anyone of the partners at the VC firm attended the same, the same top, the same non-top, the same top US, or the same
top European university, respectively, and zero otherwise. Both: Same, Same Top, Same non-Top (narrow) are dummy
variables equal to one when at least one of the founders and the deal’s investment partner attended the same, the same
top, the same non-top, the same top US, or the same top European university, respectively, and zero otherwise. Distance
is the natural logarithm of the distance between startup and VC firm. VC Performance is the VC firm’s IPO ratio up to
the current deal. VC Experience is the natural logarithm of the number of investment rounds the VC firm has participated
in up to the current deal. Serial Founder is a dummy variable equal to one when at least one of the founders has founded
another startup before. Syndicate Size is the number of investors participating in the funding round. All regressions are
estimated with a constant term, and include fixed effects as indicated (not reported). Robust standard errors clustered at
the startup company level are reported in parentheses. *, **, *** refer to significance at 10%, 5% and 1%, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)

Founder: Top 0.006
(0.006)

Investor: Top 0.005
(0.005)

Both: Top 0.007
(0.005)

Both: Same 0.010**
(0.004)

Both: Same Top 0.010*
(0.005)

Both: Same non-Top 0.010
(0.007)

Both: Same (narrow) 0.023*** 0.024***
(0.006) (0.008)

Both: Same Top (narrow) 0.022*** 0.022***
(0.007) (0.009)

Both: Same non-Top (nar-
row)

0.033** 0.036**

(0.015) (0.016)
Distance 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
VC Performance 0.089*** 0.089*** 0.089*** 0.089*** 0.090*** 0.090***

(0.013) (0.013) (0.013) (0.013) (0.013) (0.013)
VC Experience 0.001 0.001 0.001 0.001 0.001 0.001

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Serial Founder 0.024*** 0.024*** 0.024*** 0.024*** 0.024*** 0.024*** 0.023** 0.023**

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.009) (0.009)
Syndicate Size 0.002*** 0.002*** 0.002*** 0.002*** 0.002*** 0.002*** 0.001** 0.001**

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Year Fixed Effect yes yes yes yes yes yes yes yes
Industry Fixed Effect yes yes yes yes yes yes yes yes
Region Fixed Effect yes yes yes yes yes yes yes yes
Stage Fixed Effect yes yes yes yes yes yes yes yes
Investor Fixed Effect no no no no no no yes yes

Pseudo/Adj. R2 0.1942 0.1942 0.1946 0.1946 0.1955 0.1956 0.1220 0.1220
Observations 27,014 27,014 27,014 27,014 27,014 27,014 26,501 26,501
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Table 4.14 reports marginal effects of probit regressions and results of linear probabil-
ity models exploring the relationship of educational background and exit success. As
expected, the results show a positive sign for past VC performance, which is in line
with the literature on performance persistence in entrepreneurial finance (Nanda et al.
2020). The same effect is observable for serial founders, which is also attributable to
the performance persistence of serial startup founders (Gompers et al. 2010). Larger
syndicates are also related to a higher likelihood of an IPO exit. VC experience and
distance have no significant effect.
Specification (1) includes individual top university affiliations of founders and investors.
The coefficients are not statistically significant, which means that founders or investors
from top universities are not more successful in terms of exit success. This is in line
with the findings so far that confirm that university quality is not the driving factor
behind the results. Specification (2) substantiates this observation. Even if both investor
and founder went to a top university no statistically significant effect on a successful
investment outcome can be observed. However, the results in specifications (3) to
(6) show a statistically significant positive relationship between educational ties and
investment success. The coefficients of the narrow definitions of educational ties are two
to three times larger than those of the broader definitions. For example, the reported
marginal effect of Both: Same (narrow) in specification (5) means that an educational
tie is associated with a 2.3 percentage points increased likelihood of an IPO exit. Given
the low unconditional baseline probability of an IPO, this increase corresponds to a 41%
boost in the likelihood of exiting via IPO. Thus, the results are not only statistically
significant but also highly economically relevant. The effect can be observed for all types
of educational ties and is even stronger for non-top university ties. Specifications (7) and
(8) show that the results hold even when investor fixed effects are included in the model.
Overall the results indicate that educational ties are related to better investment out-
comes. This strongly suggests that educational ties reduce information asymmetries and
improve collaboration between founders and investors. Combined with the results on the
relationship between educational ties and risk-taking and investment scope, the results
strongly suggest that relying on alumni networks for deal sourcing is rational behavior
leading to more successful venture capital funding relationships for all parties involved.

4.4.5 Limitations

Even though the results in this paper are robust to diverse variations in model specification
and several robustness checks they are not without limitations. First, the sample itself
might be biased due to data availability. For an investment to be included in the sample,
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the educational backgrounds of at least one founder and at least one VC partner have to
be available. This requirement in theory might skew the sample to include a higher share
of investments involving individuals affiliated with more prestigious universities. Most of
the information on the educational backgrounds is in one way or the other self-reported
by the respective founders and investors, which makes it more likely that graduates
from less prestigious institutions do not report their university track record. However, if
this is the case top-university ties could be overrepresented in the sample which would
most likely lead to an underestimation of the effect of educational ties. While it cannot
be ruled out totally that this is the case, I mitigate the issue in three ways. First, as
described in section 4.3 my primary data source Crunchbase does among other channels
rely on a dedicated in-house team to collect and curate its data making it less likely
that self-reporting issues bias their data. Second, with the addition of LinkedIn data,
I substantially increase the variety of university affiliations in the data increasing the
representativity of the sample. And third, I empirically account for this potential bias by
separately looking at the effect of top and non-top university ties as well as by including
scaled versions of the educational tie dummies that consider the level of exclusivity of a
tie.
The second limitation only concerns the matching analysis. Due to the counterfactual
methodology, the narrow definition of educational ties is not applicable when analyzing
the likelihood of investment. I construct the counterfactuals on the startup-VC-firm level.
As I do not take any presumption on which of the partners at the VC firm acts as the
investment partner for the counterfactual observations the narrowly-defined educational
tie variables are not available for the analysis. Thus, it is probable that the broad
definition involving all VC partners identifies too many educational ties for the actual
investments. This makes it likely that the overall effect of an educational tie on the
likelihood of investing is underestimated in the regressions.
Third, the results of the investment success analysis in section 4.4.4 have to be interpreted
with caution. While I control for several determinants influencing the IPO probability (e.g.
startup and investor characteristics via fixed effects), likely, not all determinants of exit
success are perfectly controlled for. There is no viable way to control for e.g. the quality
of the founder’s original idea. This limitation prevents me from fully differentiating
between selection and treatment effects as the explanation of the positive relationship
between educational ties and the likelihood of an IPO.
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4.5 Conclusion

Famously, the venture capital industry is a tight knight community. Due to the high level
of information asymmetry potential investors are faced with, venture capital investments
are much more dependent on trust and confidence among a small group of individuals
on both sides of a deal than other investments. Consequently, information asymmetry
between founders seeking an investor and venture capital partners looking for promising
investments is a big obstacle in the formation of funding relationships that needs to
be overcome. This paper explores the role and value of university affiliations of both
investors and founders in mitigating information asymmetry in venture capital funding
relationships.
University affiliations might affect the initial matching process and the subsequent
funding relationship between founders and venture capitalists via two mechanisms.
First, attending top universities might build and signal founders‘ human capital to
investors allowing them to identify better investment targets with more confidence.
Second, belonging to the same alumni network might decrease information asymmetry
via improved information flow and a higher level of generalized trust between founders
and investors. This paper’s main focus lies in exploring the second mechanism. I
exploit a novel and unique sample of 42,101 venture capital investments based on data
from Crunchbase and LinkedIn that comprises 38,452 individuals with 58,508 university
affiliations. The sample allows controlling for various alternative explanations, especially
via startup and investor fixed effects. While results confirm that founders affiliated with
top universities are about 5% more likely to receive funding, the relative increase of
the likelihood of investing attributable to educational ties of more than 25% is over 5
times higher. The first key contribution of the paper is the analysis of educational ties at
different granularity levels. The results show that educational ties positively affect the
matching process irrespective of the university’s quality and can be confirmed for U.S.
and European universities alike. Further, educational ties are more valuable the more
exclusive they are and redundant ties have a diminishing value for the investment decision.
The second key contribution of the paper is the analysis of the effect of educational ties
on the full startup lifecycle. Investors are more likely to lead an investment syndicate,
take a board seat, and invest in a startup’s first funding round in the presence of
educational ties. Furthermore, given an educational tie, they stay invested for more
funding rounds and invest in younger companies. Finally, results indicate that when
investors and founders are part of the same alumni network startups are more likely
to eventually go public. These findings are all consistent with the notion that alumni
networks as a special form of social networks do improve collaboration and information
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flow between individuals leading to more informed investment and business decisions and
ultimately better investment outcomes. At the same time, the results clearly repudiate
pure favoritism as an alternative explanation of the positive effect of educational ties on
the matching process.
While this paper provides ample evidence for the role of educational ties in venture
capital, some interesting research questions remain unanswered. It would be worthwhile
to find out whether some venture capital firms are more likely to tilt their portfolio
towards founders from their alumni network than others. To answer that question a
VC-firm-level analysis is necessary. Do venture capital funds with a higher share of
deals involving educational ties outperform or underperform their peers? Further, some
universities offer dedicated accelerator programs or similar initiatives to actively foster
the entrepreneurial community at the university. It would be interesting to find out, how
effective these programs are. Are these programs increasing the frequency of educational
ties stemming from the respective universities? Finally, this paper focuses on the U.S.
and European venture capital firms. However, it would also be relevant if the findings can
be confirmed for the rising Chinese venture capital market. Answers to these questions
would further advance the literature on the role of educational ties in venture capital. I
will leave these questions open for further research.
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Conclusion 5
As highlighted in chapter 1 the amount of venture capital spending has increased
drastically over the last decades. While the importance of the sector has grown, it is
nowhere near as regulated as public markets. Further, the number of people working
as venture capital investors has remained quite small, which is one reason for the
notoriously tight-knit entrepreneurial finance community of investors and entrepreneurs.
Consequently, the venture capital environment is full of interesting agency problems
worthwhile to study. This thesis advances the knowledge about select agency problems
in venture capital in each included essay.
In chapter 2 we introduce the potential agency conflict between limited partners and
general partners caused by investment style drifts. The article scrutinizes the question
of why limited partners are concerned about style drifts but do not contractually rule
them out. Investment style drifts are defined as deviations from a venture capital fund’s
expected investment style, which is used by limited partners as the basis for their capital
allocation. The article contributes in three main ways to the understanding of style
drifts in venture capital, which is a relatively understudied topic in the literature.
First, it extends prior literature on investment stage drifts by examining style drifts in all
three core investment style dimensions (portfolio company development stage, location,
and industry). Second, it distinguishes between style drifts out of necessity and those
that are deliberate risk-taking decisions and connects all three style drifting dimensions
to the underlying risk-taking attitude of venture capitalists. In the article, we hypothesize
that when general partners deviate from the expected investment style, they may not
act in the best interest of limited partners because style drifts represent shifts in the
risk-return profile of a fund. The findings suggest that style drifts are likely to represent
an agency conflict because results support the hypothesis that compensation incentives
outweigh employment incentives for well-performing venture capitalists. Well-performing
venture capitalists increase investment risk to benefit from higher compensation potential
via carried interest when they feel confident they will be able to raise a follow-on fund
securing their base income via management fees. Third, the article analyzes the impact
of style drifts on individual investment and fund performance. The results show that
aggregate style drifts negatively impact a fund’s exit rate, confirming the risk implications
of style drifts.
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In the second essay presented in chapter 3 we focus on the role of information asymmetry
in funding relationships between entrepreneurs and venture capitalists. We discuss the
various mechanisms (screening, due diligence, and monitoring) that venture capitalists
use to mitigate the risk of adverse selection. The staging of investments can be an effective
strategy for venture capitalists to reduce information asymmetry and improve the chances
of successful investments. Staged investments make it necessary for entrepreneurs to
periodically provide updates in each funding round to investors on the company’s progress.
In the article, we empirically scrutinize how the content and specificity of the provided
informational updates under different levels of information asymmetry are incorporated
into the venture capitalists’ valuation processes. So far, work in this area has been purely
theoretical without empirical confirmation.
The article has two main contributions with relevance for entrepreneurs in practice. First,
we find empirical evidence that the valuation impact of negative information signals
can be offset by the entrepreneur through the provision of highly specific information.
Second, the value of an informational update is influenced by the prevailing level of
information asymmetry between the investor syndicate and the entrepreneur. When
there is a higher level of information asymmetry, i.e. when there is no incumbent investor
in the syndicate, both positive and negative information signals have a greater impact
on valuations.
The third and final essay included in chapter 4 puts the focus on the educational
background and the educational ties of founders and venture capitalists as one factor
that might reduce information asymmetry. University affiliations offer two channels that
might influence the funding relationship between founders and venture capitalists. First,
graduating from a top university might act as a founder-quality signal helping venture
capitalists in the selection process. Second, belonging to the same alumni network
might cultivate generalized trust, establish effective incentives through punishment and
rewards, and facilitate the exchange of information among alumni. I examine the value
of educational ties between founders and investors over the entire venture capital funding
process, from the initial matching between startup and venture capital firm to the depth
of the ongoing relationship to the eventual startup performance and investment exit
success of the investor.
The main contributions and results are as follows: Results show that educational ties have
a positive effect on the venture capital funding process, including the initial matching,
the involvement of the investor during the funding relationship, and the eventual startup
performance and investment exit success. Educational ties are more valuable the more
exclusive they are and redundant ties have a diminishing value for the investment
decision. The empirical evidence indicates that educational ties are related to ultimately
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better investment outcomes. Thus, the results clearly repudiate pure favoritism as an
alternative explanation of the positive effect of educational ties on the matching process.
Educational ties improve collaboration and information flow between individuals, leading
to fewer agency issues and thus to more informed portfolio selection and better business
decisions.

As this thesis has demonstrated, agency problems in venture capital are an important
and complex issue that can have significant consequences for both venture capitalists and
the firms they fund. While this thesis provides answers to the specific questions in each
essay, further research could shed more light on additional issues to better understand the
factors that contribute to agency problems in venture capital, as well as the most effective
strategies for mitigating these problems. Further research could elaborate and answer
some of the following interesting questions: How do different governance structures
affect the alignment of interests between venture capitalists and the firms they fund? Is
performance-based compensation effective at aligning the interests of venture capitalists
with those of the firms they fund? How does the reputation of venture capital firms and
individual venture capitalists influence the occurrence and impact of agency problems?
How do social networks other than alumni networks within the venture capital industry
impact agency problems? And, which regulatory interventions are effective at reducing
agency problems in the venture capital industry? I will leave these questions open for
further research.
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