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Abstract

The perfect match: the role of categorical fit between venture capitalists
and their startup investments

by Jan-Frederik ARNOLD

Venture capitalists and startups consider a number of factors in their search
for the perfect match before a venture capital funding round is closed. This
dissertation sheds light on how the categorical fit between venture capital-
ists and startups affects this matching process.

It is generally accepted that organizations need legitimacy to be con-
sidered relevant by various audiences. In recent years, researchers have
become increasingly interested in how venture capitalists differ from
other audiences in the way they balance the trade-off between distinctive,
boundary-crossing, and highly legitimized, conforming new ventures. A
new venture’s entrepreneurial identity is created by its cultural and struc-
tural embeddedness, which venture capitalists use in their assessment of
potential investment candidates. Few attempts have been made to explain
the role of market-category-based distinctiveness and categorical distance
in the investment process.

Firstly, we theorize that venture capitalists with ample prior experience
from investments in distinctive new ventures and with high-status prefer
more distinctive new ventures, while venture capitalists with highly diver-
sified portfolios prefer less distinctive new ventures. Secondly, we argue
that categorical distance between new ventures and venture capitalists re-
duces the likelihood of an investment, but this effect is mitigated by a ven-
ture capitalist’s experience, degree of portfolio diversification, and status.
The hypotheses are tested in an empirical analysis of 11 years of venture
capital investment data from the USA. The study uses measures of distinc-
tiveness and categorical distance based on market categories. The analysis
supports the majority of the hypotheses. Contrary to our expectations, the
analysis shows support that portfolio diversification has a positive effect
on preference for distinctiveness and does not support that experience with
distinctive new ventures mitigates the relevance of categorical distance.

The contributions of this dissertation are threefold: Firstly, we help to
explain which venture capitalists invest in which startups. Secondly, we
add support to prior findings that venture capitalists are different from
other audiences in their trade-off between legitimacy and distinctiveness.
Thirdly, we make a methodological advancement by defining a measure of
new ventures’ distinctiveness and the categorical distance based on market
categories. The dissertation is most relevant to researchers in entrepreneur-
ship and management, sociologist, and practitioners such as venture capi-
talists or founders.
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Chapter 1

Introduction

“It's almost always harder to raise capital than you thought it
would be, and it always takes longer. So plan for that.”
Richard Harroch!

1.1 Motivation

The amount of growth capital to be invested in the United State of
America (US) reached its second-highest value in 2015, with 58.9 billion
US Dollar (USD) being invested in 4,380 deals. Both figures were topped
only in the pre-crisis and dotcom-bubble year of 2000, in which 105 billion
USD were invested in 8,041 deals, according to a recent report published
by PricewaterhouseCoopers LLP and the National Venture Capital Associ-
ation.?2 Growth capital, of which 71% was for early- and expansion-stage
investments in 2015, typically made by venture capitalists, remains a ma-
jor liquidity source for new ventures in the US. Venture capital has funded
some of today’s largest technology firms such as Apple, Google, and Ama-
zon (Kaplan and Lerner, 2010), and survival rates are higher when startups
are funded by venture capital (Sandberg, 1986). The funds committed to
the venture capital industry have seen various cycles in the past, as has the
performance of venture capitalists (Gompers and Lerner, 2001). The recent
increase of growth capital shows the increasing interest of corporate and
private venture capitalists in investing in new ventures to gain access to
startups’ technologies or to purely use venture capital as an asset class.

However, before a funding round takes place, a complicated and
lengthy matching process between venture capitalist and startup takes
place. Venture capitalists review many potential investment opportunities

and usually have a diligent screening process before making an investment

'In 2003, Richard Harroch joined VantagePoint Capital Partners (VPCP), a large venture
capital fund established in 1996 and based in California. He today holds the position of
managing director and global head of M&A. He is also the author of a number of books and
founder of two companies that he successfully sold.

Report retrieved on April 13, 2016 from http://nvca.org/research/venture-investment/. Data
in the report was provided by Thomson Reuters.
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(Kaplan and Stromberg, 2001). Venture capitalists look for new ventures
that, among other factors, fit with their investment focus, have a promising
business model and team, and provide a generally good investment oppor-
tunity. On the other hand, startups that decide to bring a venture capitalist
on board search for an investor that fulfills not only their financial but also
non-financial needs. Typically, venture capitalists work closely with their
portfolios companies (Gorman and Sahlman, 1989), providing advice, ac-
cess to their network partners, and other valuable resources. Consequently,
new ventures also aim to find a suitable venture capitalist. Depending on a
startup’s life-cycle needs with regard to its development stage, industry,
and investment time-horizon, a good fit adds value to the focal startup
(Lungeanu and Zajac, 2016). The matching process before a funding round
is thus simultaneously a crucial and tedious step before the start of the ven-

ture capitalist - startup relationship.

1.2 Research question and background

Not only is venture capital a driving factor for the economic develop-
ment of young organizations, but the venture capital domain has also re-
ceived a lot of attention in academia through a large number of scholarly
articles. This stems from the fact that the venture capital domain is char-
acterized by a high level of uncertainty, asymmetric information, and often
few tangible assets in the target firms (Kaplan and Lerner, 2015). As most
venture capital investments are made in a syndicate, this forms a useful
domain in which to study network effects, further increasing the number
of research articles in the venture capital context. One stream of research
has focused on the decision criteria of venture capitalists to explain how
investment decisions are made (e.g., Hall and Hofer, 1993; Zacharakis and
Meyer, 1998; Shepherd, 1999; Dimov, Shepherd, and Sutcliffe, 2007; Monika
and Sharma, 2015). However, despite these efforts, there still remains a gap
in explaining which venture capitalists invest in which startups. Only re-
cently have researchers started to explore the role of category labels in the
matching process between venture capitalists and startups (Pontikes, 2012;
Wry, Lounsbury, and Jennings, 2014), but a detailed cross-industry analysis
thoroughly differentiating between various venture capitalists has not been
performed. An important element is the role of categorical fit as a measure
of cultural embeddedness in the matching process. We therefore aim to

answer the following overarching research question:

How does categorical fit affect the search for the perfect match
between venture capitalists and startups?
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Derived from prior research, we focus on two sub-questions that serve
as guides through this dissertation:

1. What affects a venture capitalist’s choice regarding a startup’s novelty
as measured by its distinctiveness?

2. How does categorical distance affect the matching of startups and
venture capitalists and what mitigates this distance’s effect?

We aim to answer the questions above by treating venture capitalists
as a heterogeneous group, differentiating on the basis of two portfolio at-
tributes and the venture capitalist’s status.

Firstly, organizations gain legitimacy from being embedded in their en-
vironment, which consists of generally accepted beliefs, norms, and cate-
gories (Scott and Meyer, 1983). It has been shown that organizations that
are not considered legitimate are ignored. For instance, due to exclusion
from analyst reports, less embedded securities trade at a discount (Zuck-
erman, 1999). Similarly, consumers prefer legitimized new ventures, i.e.,
organizations that are assigned clear category labels, as they use these cate-
gories when navigating their consumption behavior (Pontikes, 2012). Gen-
erally, legitimacy creates trust and meaningfulness, which can improve or-
ganizations’ resource acquisition and survival rates (Meyer and Rowan,
1977; Suchman, 1995; Rao, 1994). The need for legitimization or to conform
to the existing cultural environment can lead to the assimilation of organi-
zations, so-called "isomorphism" (DiMaggio and Powell, 1983, p. 149). The
need for legitimacy is particularly relevant for new ventures as they have
little other means of proving themselves and being accepted (Aldrich and
Fiol, 1994; Navis and Glynn, 2011). However, new ventures also need to
demonstrate their novelty (Aldrich and Fiol, 1994) and often strive towards
breakthrough innovations. Rosenkopf and Nerkar (2001) have shown that
technological or organizational boundary-spanning leads to radical inno-
vations, while highly conforming behavior only leads to incremental inno-
vations. It indicates that, for new ventures, there exists a trade-off between
being legitimate and being distinctive (the antagonist to legitimacy), and
new ventures display heterogeneity regarding their level of distinctiveness
(Navis and Glynn, 2011).

The way the trade-off between legitimacy and distinctiveness is per-
ceived depends on the audience (Pontikes, 2012). While many audiences,
particularly consumers, prefer highly legitimized organizations, scholars
have recently placed attention to venture capitalists who instead prefer
boundary-spanning, distinctive new ventures (Pontikes, 2012; Wry, Louns-
bury, and Jennings, 2014). Distinctive new ventures demonstrate greater
novelty and potentially stronger innovative power. This is paralleled with
an increase in risk due to a startup’s lower legitimacy, which should be
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compensated by higher returns, which, in turn, make distinctive startups
attractive to some venture capitalists. Pontikes (2012) and Wry, Louns-
bury, and Jennings (2014) have treated venture capitalists as a homoge-
neous group, but the venture capitalist landscape is manifold: For instance,
significant differences exist in terms of portfolio strategies, such as diver-
sification versus specialization (Norton and Tenenbaum, 1993; Gupta and
Sapienza, 1992; Matusik and Fitza, 2012), or with regard to their status
gained from syndication networks (Podolny, 2001; Bothner, Kim, and Lee,
2015). We thus infer that venture capitalists are also heterogeneous with
regard to their preference for distinctive versus legitimized new ventures.

A new venture’s legitimacy and distinctiveness stems from the struc-
tural and cultural embeddedness of the new venture (Goldberg et al., 2016),
which creates its entrepreneurial identity. Structural embeddedness de-
scribes ties to competitors, venture capitalists, and other network partners
a startup may have. These ties can be a quality signal (Higgins and Gulati,
2003; Stuart, Hoang, and Hybels, 1999) or help to overcome lack of legiti-
macy (Aldrich and Fiol, 1994). Cultural embeddedness concerns the rela-
tion to existing beliefs, norms, and categories and is often viewed through
an organization’s categorization lens. For instance, consumers use cate-
gories as a navigation tool (Loken, Barsalou, and Joiner, 2008; Pontikes,
2012). Categories can come in many forms, like product categories (Meyers-
Levy and Tybout, 1989), brand categories (Barone, 2005), cultural categories
(Briley and Wyer, 2002), or market and industry categories (Sorenson and
Stuart, 2001; Pontikes, 2012). New ventures either gain legitimacy by con-
forming to existing categories or demonstrate distinctiveness by crossing
them, such that their entrepreneurial identity ideally shows a "legitimate
distinctiveness" (Navis and Glynn, 2011, p. 482).

In order to shed light on the matching process of venture capitalist and
startup, we take into consideration that startups and venture capitalists re-
semble heterogeneous groups. We differentiate between the venture capi-
talist’s average portfolio distinctiveness, portfolio diversification, and sta-
tus derived from its co-syndication network. For the first research question,
we explore how the preference for distinctive and novel new ventures de-
pends on these attributes. This differentiation is important, as researchers
have previously treated venture capitalists as a homogeneous group, and
said differentiation allows us to better understand why there is good reason
for more and less distinctive startups to exist.

For the second research question, we are no longer interested in the
startup’s novelty in and of itself, but in relation to the portfolio companies
of the venture capitalist. Similarly to industry and geographical distance,
which reduce a venture capitalist’s investment probability (Sorenson and
Stuart, 2001), we expect that a larger market category distance also reduces
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the likelihood of an investment. Even more importantly, we examine how
the three attributes of the venture capitalist introduced previously, that is,
portfolio distinctiveness, portfolio diversification, and status, mitigate the
effect of categorical distance.

We use market categories for two main independent variables: Firstly,
we measure a hew venture’s novelty or distinctiveness, i.e., its cultural em-
beddedness, and, secondly, the novelty of a new venture compared to the
a venture capitalist’s existing portfolio companies measured by categori-
cal distance. We define a startup or new venture (using these terms in-
terchangeably throughout this paper) as a company that has recently been
founded by an entrepreneur. The focus of this paper is on startups that have
surpassed the seed stage, in which they define their product and business
model, and are in the early or expansion stage, in which venture capital-
ists are typically engaged, especially in cases of high capital requirements
(Podolny, 2001). We focus on venture capitalists and the funding that they
provide, as venture capitalists are the most important actors for the identi-
fication and financing of young businesses (Monika and Sharma, 2015).

1.3 Methods

We have built our empirical analysis on a dataset from Crunchbase®,
a crowd-based startup database, including funding and investor informa-
tion, that belongs to the technology blog TechCrunch®. After applying a
number of filters, our dataset includes 5,826 US startups that have received
funding in 10,576 funding rounds from 2,323 investors over the 11-year pe-
riod from 2005 to 2015. Our unit of analysis is the venture capitalist - startup
dyad per funding round, which totals 29,000 realized investments. We have
constructed the final dataset by adding one non-realized venture capitalist
- startup dyad for each realized investment, such that the final dataset con-
sists of 58,000 observations. We have used market categories populated by
contributors to the database to measure startup’s distinctiveness, categor-
ical distance, a venture capitalist’s portfolio distinctiveness, and portfolio
diversification. The methodology for the calculation of these network cate-
gory measures is based on two measures of boundary-spanning developed
by Hannan, Goldberg, and Kovécs (2016). Status is measured with the stan-
dard eigenvector centrality score, so that the status of an investor depends
on the status of his or her syndicate members and so forth (Bonacich, 1987).
We have used logistic regression with a correction for rare-events applica-
tion (King and Zeng, 2001) in order to validate our hypotheses and test the

Swww.crunchbase.com
‘www.techcrunch.com
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robustness of our results with a multi-way clustering of standard errors by
startup and venture capitalist.

1.4 Results and contributions

The first part of the analysis is concerned with the preference for new
ventures’ distinctiveness. Our results show that venture capitalists with ex-
perience in managing the risk of investing in distinctive startups are more
likely to invest in distinctive startups in the future. Contrary to our expec-
tations, we have found evidence that venture capitalists with highly diver-
sified portfolios are more likely to invest in distinctive new ventures. More-
over, high-status investors can afford to invest in more distinctive, riskier
startups. The second part of our analysis confirms that new ventures with
large categorical distance to the existing portfolio companies are less likely
to get funded by the focal venture capitalist. Highly diversified portfolios
or high status mitigate this effect. We were not able to confirm our hypoth-
esis that investors who have previously invested in distinctive startups are
more likely to invest in startups with larger categorical distance.

Our empirical study makes a number of contributions: Firstly, we show
that it might be beneficial for some organizations to be less legitimized and
more distinctive, as they can attract certain audiences, such as high-status
venture capitalists. This generally throws into question the widespread be-
lief that organizations get discounted when they are boundary-spanning.
Secondly, our analysis confirms prior studies that have shown that ven-
ture capitalists judge startups differently than other audiences, like con-
sumers. Due to our cross-industry analysis, our results are more gener-
alizable than the findings of prior research. As we do not treat venture
capitalists as a homogeneous group, but differentiate them in terms of their
portfolio strategy and status, we also have a more fine-grained understand-
ing of which venture capitalists prefer distinctive startups and care less
about categorical distance. Thirdly, the introduction of a measure of cat-
egorical distance, which assesses the degree of novelty of an organization
compared to a group of other organizations, is highly relevant for future
studies. Researchers can apply this distance measure to other settings to
compare multiple organizations with each other. Fourth, we answer the
research call made by Hannan, Goldberg, and Kovécs (2016) to show that
their measures of boundary-spanning can be transferred to the venture cap-
ital context. However, we come, in parts, to different conclusions regarding
the preferences for boundary-spanning organizations. This is particularly
relevant, as their paper has made significant contributions to sociology by
developing a framework to measure boundary-spanning both on the object
level and across objects. Fifth, our analysis is based on very recent data,
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which has barely been analyzed in other studies, while many of the influ-
ential papers relevant to our analysis and to research on the venture capital
industry in general are based on data that is at least 10 to 15 years old (e.g.,
Podolny, 2001; Sorenson and Stuart, 2001; Pontikes, 2012). We also show
that some of the prior findings still hold true today, despite the fast chang-
ing startup and venture capital environment.

1.5 Structure

The remainder of this dissertation is structured as follows: We begin
by reviewing the relevant empirical literature on and related to the venture
capitalist - startup relationship. We initiate this review with an overview of
the venture capital domain, including the mechanics at work, followed by
a description of our approach to a structured literature review on the em-
pirical network and related variables used in this domain. We then high-
light the most relevant papers and classify them into our literature review
framework. In chapter 3, we develop our theoretical framework based on
the theoretical background of entrepreneurial identity and describe how
entrepreneurial identity is created from cultural and structural embedded-
ness. We also develop our hypothesis from the theoretical framework and
split the hypothesis development in line with the two main research ques-
tions by a startup’s distinctiveness and categorical distance. Chapter 4 con-
tains the filters that we applied to get our base dataset and the detailed
description of the dependent, independent, and control variables. In the
subsequent chapter, we outline our methodological approach of adding the
non-realized ties to the base dataset and provide some background on the
statistical models used to test our hypotheses. After presenting the descrip-
tive statistics, the results of the logistic regression models, and the robust-
ness test in chapter 6, we discuss our findings in relation to prior research
in chapter 7. The concluding chapter focuses on the theoretical and practi-
cal implications of our studies, outlines limitations, and shows avenues for

further research.






Chapter 2

Venture capitalists and
startups: empirical research

review

This chapter aims to put the remainder of this dissertation into a theoret-
ical context. We start with a broad overview of the main elements and char-
acteristics of the venture capital - startup domain. The section touches upon
the most relevant aspects, highlighting major research and carving out un-
resolved discrepancies. The following section develops and introduces the
framework for the structured literature review. After describing the ap-
proach to gathering literature, we summarize the main empirical studies
in the venture capital - startup domain focusing on the analysis methods.
Categorizing the relevant studies based on their units of analysis and the
empirical network-based and related variables, we summarize how these
variables were used and what the empirical findings were.

The two-step approach allows us to understand the venture capital -
startup domain in general and to consider the empirical methods used sep-
arately. We conclude by placing our analysis in the research context high-
lighting the blind spots in prior research as presented in the literature re-

view.

2.1 The venture capital industry

Venture capitalists provide financial capital to young firms that need
capital to finance their growth. Venture capitalists collect money from their
limited partners, who can be private, corporate, or institutional investors
that aim to receive a return on their investment. In a limited partnership,
which is the organizational form of 80% of venture capital funds (Gompers,
1995), the limited partners only have the responsibility to provide a pre-
defined amount of capital to the general partners, the venture capitalists,
that invest the capital into startups. In addition to the financial capital, ven-
ture capitalists can provide other types of resources like experience sharing,
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network contacts, or direct involvement in important decisions through
board membership and participation to the new venture.

2.1.1 The startup - venture capitalist relationship
The basics

Venture capitalists are intermediaries between financial investors and
new ventures and they often, at least in the United States, use convertible
securities to gain a significant equity share (Casamatta, 2003). Typically,
new ventures require different amounts of capital throughout their lifecy-
cle, and investors spread their investments into multiple funding rounds to
reduce uncertainty (Sahlman, 1990). It is common to separate the following
three phases with decreasing uncertainty regarding the quality and success
of the new venture (Podolny, 2001): the seed stage, in which mainly an
idea and a business plan exist; the venture capital stage, in which a work-
ing product is sold to customers even though, typically, no profit is made;
and the expansion stage, in which the firms continue to expand and make
profits. In the early stages, risk is mostly internal and firm-specific, while,
in later stages, risk mainly derives from external factors, such as the market
(Ruhnka and Young, 1991). The higher risk in venture capital compared
to that in investments in more mature companies is compensated for by
higher returns. The risk in the later funding rounds is lower than in the ear-
liest round, and overall risk-return characteristics are similar to the smallest
Nasdaq stocks (Cochrane, 2005).

Ferrary (2010) shows that each investor plays a certain role in a given
syndicate. The author differentiates between pure venture capitalists, cor-
porate venture capitalists, private equity investors, and investment banks.
He shows in his empirical analysis that pure venture capitalists overtake
the typical identification, screening, and monitoring roles, especially in the
early stages of a startup, whereas the other types of investors focus on help-
ing the new venture to develop their business and join syndicates in later
stages.

Venture capitalists commonly have an investment horizon of five to
seven years, after which they often aim to sell their stakes in the organi-
zation through an initial public offering (IPO) or in a private sale (Gorman
and Sahlman, 1989; Bygrave and Timmons, 1992). Contrary to other types
of financial investors, venture capitalists work closely with their investment
portfolio companies. On average, investors spend over 80 hours per year
with each portfolio company (Gorman and Sahlman, 1989). Through this
involvement, venture capital ownership has a number of effects on the new
venture’s strategic development (e.g., Sapienza, Manigart, and Vermeir,
1996; Lerner, 1995; Sapienza, 1992; Gorman and Sahlman, 1989), mainly
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in three areas, as detailed in section 2.1.2: innovation, internationalization,
and overall performance.

The relationship

The venture capitalist - startup relationship is characterized by infor-
mational asymmetries leading to an adverse selection and moral hazard
problem (Amit, Brander, and Zott, 1998). The first is created by the over-
statement of the performance and quality of a new venture by its founders
or management, making it hard for the investor to evaluate the new ven-
ture. The moral hazard problem describes the phenomenon of managers
having a lower performance incentive when a large share of a new venture
is owned by venture capitalists; however, new ventures need large amounts
of capital to grow. The relationship is thus a typical principal-agent situa-
tion (Sahlman, 1990): The new venture is an agent that seeks financial and
social capital, and the venture capitalists are the principals providing the
desired capital. Due to the lack of control and high information asymmetry
in the principal-agent relationship, diligent screening typically takes place,
followed by strict contracting and continuous monitoring (for details, see
Kaplan and Stromberg, 2001). The right contracts in the venture capital-
ist - startup relationship can (partially) mitigate agency problems (Admati
and Pfleiderer, 1994; Bergemann and Hege, 1998). Splitting the investments
into several stages is another prominent way to overcome the problems of
informational asymmetries via closer monitoring (Sahlman, 1990).

In sum, venture capitalists typically invest in industries in which infor-
mational asymmetries exist, as they are better at overcoming these asym-
metries than other forms of capital providers, such as banks; thus they pro-
vide capital to highly uncertain new ventures (Amit, Brander, and Zott,
1998; Gompers and Lerner, 2001). While venture capital is a relatively ex-
pensive form of financing, there is a threshold of entrepreneurial risk, up
to which (debt) bank financing is optimal and after which venture capital is
more attactive (Bettignies and Duchéne, 2015).

Vergara, Bonilla, and Sepulveda (2016) demonstrate in a theoretical
model that, while the effort of an entrepreneur decreases with an increased
equity share given to the venture capitalist, the optimum is a 50/50 split
of the cash flows between venture capitalists and the entrepreneur. This
is caused by the complementarity of the entrepreneur with his or her ideas
and technological skills and the venture capitalist providing a broad contact
network, experience, and other services.

The process of how venture capitalists and new ventures come together
is a two-sided matching process. The venture capitalist aims to invest in
new ventures that provide the greatest return, an improved reputation, the
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best syndicate partners, the best strategic fit with the other portfolio com-
panies or the portfolio strategy, and so on (e.g., Lungeanu and Zajac, 2016;
Hallen, 2008; Sorenson and Stuart, 2001). Due to venture capitalists” ability
to exert control over the company, they differ in their evaluations of new
ventures from other audiences, such as consumers or employees (Pontikes,
2012). On the other hand, new ventures choose their investors according to
their needs in terms of information access, network access, or reputational
consequences.

For instance, a similar decision-making process between an en-
trepreneur and a venture capitalist improves the venture capitalist’s evalu-
ation of the focal new venture (Murnieks et al., 2011). Ethnicity also plays a
role: Bengtsson and Hsu (2015) show that, if a venture capitalist and a new
venture’s founder have the same ethnicity, an investment becomes more

likely and the investment size and involvement increases.

2.1.2 The effect of venture capital

Venture capital funding has been found to affect startups in a number
of ways. Researchers have mainly focused on the effects on innovation and
patenting, internationalization, and overall performance and growth. In
this section, we outline the main findings including a few results outside of

the three main areas.

Innovation and patenting

Overall, in the right configurations, that is, the right venture capitalists
and new ventures, venture capital has a positive effect on a new ventures’s
innovativeness (e.g., Kortum and Lerner, 2000; Ueda and Hirukawa, 2008)
despite some studies also finding negative effects (e.g., Lahr and Mina,
2016).

In general, venture capitalist increase the risk taking and innovative
power of early-stage new ventures (Park and Tzabbar, 2016) especially in
the two years after the venture capital investment (Arqué-Castells, 2012). A
positive effect of venture capital on innovation in European countries has
especially been found when these countries have a high-venture capital
intensity and a venture-capital-friendly legal system (Popov and Roosen-
boom, 2012). Critical is the involvement of venture capitalists in innovative
new ventures (Sapienza, 1992). Alvarez-Garrido and Dushnitsky (2016)
found that new ventures financed by corporate venture capital are more in-
novative and benefit more from complimentary assets than new ventures fi-
nanced by non-corporate venture capitalists. Their analysis was conducted
on a sample of 545 new ventures in the US biotechnology sector. It was
shown that venture capital not only drives innovation, but it also increases
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the number of patent litigations up to the point that too much litigation
reduces the venture capital invested (Kiebzak, Rafert, and Tucker, 2016).
Contrary to the findings of increased innovating and patenting activi-
ties, some researchers attribute greater innovativeness and patenting activ-
ity to a selection effect, that is, venture capitalists investing in more inno-
vative new ventures. Lahr and Mina (2016) find that, when controlling for
endogeneity, there is no positive effect of venture capital on the patenting
activities of new ventures. The authors argue that venture capitalists are
merely better at identifying the most innovative startups, but do not con-
tribute themselves to increased innovativeness. Patenting, especially before
the first round of financing, is thus instead used as a signaling activity to
attract more venture capital (Hoenen et al., 2014; Audretsch, Bonte, and Ma-
hagaonkar, 2012). These findings are confirmed by the work of Engel and
Keilbach (2007) who find a significant selection effect in a German sample.
There is an agreement that patenting activity is used as a quality sig-
nal. Hoenen et al. (2014) find in their analysis of biotechnology companies
that new venture’s use patenting as a quality signal in the first round of
financing but the effect diminishes in the subsequent rounds, as venture
capitalists then have other means of monitoring and controlling the qual-
ity of the new venture. The authors measure the amount of venture capital
received in the first two rounds of financing and analyze the effect of the
number of patents and the economic value of the patents per new venture.

They measure the latter by the number of citations of the focal patent.

Internationalization

Venture capital also has a positive effect on the internationalization be-
havior of new ventures especially when the venture capitalist has strong in-
ternational knowledge and a good reputation (Fernhaber and McDougall-
Covin, 2009).! Other authors have found that venture capitalists only in-
crease the internationalization of young firms when they have an interna-
tionally experienced board member of the focal venture in place (Carpenter,
Pollock, and Leary, 2003).

!Other types of alliance networks also affect the internationalization of new ventures. In
their analysis of 448 US startups, Fernhaber and Li (2013) find that new ventures increase
their international sales faster when they have an internationally experienced partner net-
work and internationally experienced, geographically close firms. The partner network has
an even greater effect for more mature new ventures. They consider a company an alliance
partner when the alliance or joint venture is officially recorded in a public database. The
study shows that partner networks are important to new ventures, even though the study
did not analyze the network positions by related measures and did not include venture
capitalists in its analysis.
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Overall performance and growth

The effect of venture capital on a new venture’s performance has been
widely researched, with mixed results ranging from positive performance
impact (e.g., Brav and Gompers, 1997) to negative impact (e.g., Jain, Jayara-
man, and Kini, 2008). For instance, Bertoni, Colombo, and Grilli (2011) aim
to separate the selection effect from the actual effects of having a venture
capital investor on a new venture’s growth. They confirm their hypoth-
esis that there is a positive effect on a new venture’s employee and sales
growth from having a venture capital investor. Among other factors, they
control for geographical and industry density to separate these effects from
the pure venture capital effect. Similarly, Davila, Foster, and Gupta (2003)
found that venture-capital-backed companies grow faster than their non-
venture-capital-backed peers.

However, by analyzing 76 different samples, Rosenbusch, Brinckmann,
and Miiller (2013) come in their meta analysis to the conclusion that venture
capital does not improve the funded companies’ performance if one con-
trols for the industry effect. They find an overall positive effect of venture
capital, which is stronger for studies that do not control for the industry.
The positive performance effect is not statistically significant in the studies
that control for industry effects. Venture capitalists are good at selecting
the most promising industries, but, within an industry, on average, they
do not significantly increase performance. Similarly, some authors have
not found a positive effect of the information-sharing by venture capitalists
with their portfolio companies in a longitudinal analysis of venture-capital-
backed companies (Busenitz, Fiet, and Moesel, 2004).

A possible explanation is that the value added of venture capitalists
also depends on the new venture’s receptiveness and need for advice (Bar-
ney et al., 1996). The performance effect might also depend on the ven-
ture capitalist’s involvement. Gerasymenko, Clercq, and Sapienza (2015)
found support for the hypothesis that greater involvement of the venture
capitalist increases the performance of a new venture, especially when the
venture capitalist has strong experience. The authors have analyzed 163
French new ventures and used a combination of surveys, interviews, and
secondary data to test their hypothesis.

Fitza, Matusik, and Mosakowski (2009) show in a large-scale empiri-
cally analysis that the new venture’s performance variance between two
rounds of financing is explained by the new venture (26.3 percent) and the
venture capitalist (11.2 percent). That means that, while the overall effect of
venture capital on a new venture’s performance might be small, there is a
high degree of variance that depends on selecting the right venture capital-
ist.
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Other effects from venture capital

Venture capitalists can have effects on other areas of new ventures as
well. While we cannot list all of them here, we want to highlight a few. For
instance, in an analysis of 173 Silicon-Valley-based startups, Hellmann and
Puri (2002) demonstrate that venture-capital-backed companies are more
likely to professionalize their human resources, for instance, by appoint-
ing an external CEO or introducing new functions, than their non-venture-
capital-backed peers. In an analysis of a survey of 93 responding new ven-
tures from the Netherlands, Wijbenga, Postma, and Stratling (2007) show
that a venture capitalist’s monitoring and service activities affect a new ven-
ture’s own control systems and its financial success. The authors differenti-
ate between the monitoring activities and the resources, such as knowledge
or network contacts, that a venture capitalist provides. They show that,
if a venture capitalist focuses on monitoring activities, additional monitor-
ing of the new venture harms its financial performance, whereas resource-
providing activities by the venture capitalist make a new venture’s cost-
controlling systems improve their financial success. Due to the relatively
small number of participants and the focus on the Netherlands, the gener-
alizability of these results is questionable.

2.1.3 Venture capitalists’ performance

The performance of venture capital funds is highly dependent on the
experience and composition of the venture capitalist’s management team.
For instance, Bottazzi, Da Rin, and Hellmann (2008) found that venture cap-
ital firms that are run by managers with prior industry experience are more
actively involved in the startup’s decisions and have superior performance.
Similarly, Sorensen (2007) found that more experienced venture capitalists
are more successful, as measured by their higher IPO rates, compared to
less experienced investors. Firstly, their greater experience improves their
advising ability and thus the startup’s prospects. Secondly, they gain ac-
cess to higher quality startups, as they are chosen as an investor by more
startups who expect more benefits from highly experienced investors.

In addition, Walske and Zacharakis (2009) found in their analysis that
venture capital funds are more successful when their founders have a
consulting background, have senior management experience, and have
worked in the venture capital industry. Entrepreneurial experience in the
fund, in contrast, has been found to reduce the performance of the venture
capital fund. They define a venture capital firm’s success as the ability to
raise the next funding.
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Rational decisions, the basis for good performance, are more commonly
found in international investors than in local investors. Devigne, Mani-
gart, and Wright (2016) differentiate between the behavior of international
versus domestic investors when their portfolio companies underperform.
They find that international investors are less emotionally attached and
face less pressure than their domestic peers. They are thus likely to ter-
minate their relationship with and commitment to the startup. This effect
is reduced if the international investor has a branch office in the country of
the portfolio company, but they remain more likely to reduce their commit-
ments than local investors. The analysis of 1,618 funding rounds by 1,060
venture capitalists thus shows that international investors make more ra-
tional investment decisions than their local peers.

Another way to improve a venture capitalist’s performance is by learn-
ing. Clercq and Sapienza (2005) find that, when venture capital firms have
little experience, there is greater distance between knowledge areas and lit-
tle trust in the venture capitalist - startup relationship, which reduces the
learning effect. The results are based on 298 US-based venture capital firms
that responded to a survey. All the main measures are based on the survey.

2.1.4 Syndication

Venture capitalists often invest in a syndicate, via which two or more
investors provide the desired capital, and knowledge, risk, and informa-
tion is shared (Lerner, 1994; Kogut, Urso, and Walker, 2007). Almost all
syndicated investments have a lead venture capitalist that often chooses its
co-investors (Cumming and Dai, 2013). Typically, the lead venture capitalist
also demonstrates the greatest involvement and has the greatest decision-
making power in the syndicate (Wright and Lockett, 2003). There are four
reasons for syndicate investments (Lerner, 1994). Firstly, the investment se-
lection process is improved so that more promising startups are selected.
The decision-making is improved if more parties are involved (Lerner,
1994), and they benefit from the social capital in the syndicate (Ter Wal et
al., 2016). Syndicates can help to overcome the competition among venture
capital firms for the best investments (Bygrave, 1987; Casamatta and Har-
itchabalet, 2007). Secondly, venture capitalists need to have syndicate part-
ners in later rounds in order to maintain a constant equity share.? Thirdly,
venture capitalists allow other investors to join the syndicate in final rounds
before going public so that they can advertise with their investment in the
successful firm. They expect to be invited by their syndicate partners to join
final venture capital rounds. Lastly, there is a risk-sharing component, as
the risk is divided among the syndicate members (Wilson, 1968), and the

*If, in a later round, a venture capitalist buys all the shares — with no syndicate partners
— he or she would increase his or her equity ownership share, which is typically not desired.
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syndicate allows the members to diversify their portfolio, thus reducing
unsystematic risk (Bygrave, 1987).

Furthermore, Cumming (2006) demonstrate another reason for syndi-
cation. He shows that the adverse selection risk, that is, the risk that low-
quality startups choose equity finance while high-quality ones prefer debt
finance, can be overcome by syndicating the funding round. In a syndi-
cate, information and experience sharing improves the screening process
and thus reduces the risk of low-quality startups in the first funding round.
He proves his hypothesis in a sample of Canadian funds and startups, be-
cause of the use of more diverse types of capital in Canada. While the gen-
eral assumption is that most of the time convertible preferred equity is used
in venture capital financing, this does not hold for Canada, where common
equity, straight debt, and convertible debt are more often used (Cumming,
2005).

The reasons for syndication also depend on the region. Manigart et al.
(2006) show that, in Europe, contrary to the US, venture capitalists syndi-
cate for portfolio management reasons and less for selection and monitor-
ing reasons. Adding value, for instance, by filling in resource or knowledge
gaps, is most important for early stage investments. The authors used a
questionnaire in six European countries and the US to test their hypotheses.
In addition, a better legal system increases the probability of syndicated in-
vestments by providing better investor protection (Cumming, Schmidt, and
Walz, 2010).

While many researchers have focused their work on forces affecting the
creation of syndicates and the composition of these, only a few researchers
have placed attention on syndication breakups. Zhelyazkov and Gulati
(2016) show that, after a withdrawal from a syndicate, an investor’s reputa-
tion is harmed and he or she is less likely to invest with its prior co-investors
again. More details on this analysis can be found in section 2.4.

2.1.5 Summary

In general, receiving venture capital is considered positive for a new
venture, and it is also the choice of the entrepreneurs to try and raise ven-
ture capital. However, some researchers have also found negative effects
on a new venture, especially a moral hazard problem, which could result
in an early IPO or even business failure from risk-taking (Gompers, 1996;
Wasserman, 2003; Fischer and Pollock, 2004).
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FIGURE 2.1: Literature review framework

2.2 The literature review framework

The following literature review and the framework developed in this
section are additions to the overview of the venture capital industry in sec-
tion 2.1. We use an empirical point of view, structuring and summarizing
relevant empirical work that uses network-based and related variables to
explain relationships on the startup, venture capitalist, and venture capi-
talist - startup dyad level. We develop and explain our framework for this

review, which is displayed in figure 2.1, in the following.

2.21 Unit of analysis

From an empirical point of view, the literature on venture capital can
be split according to the unit of analysis. Firstly, the startup level unit of
analysis is concerned with the effects of venture capital on individual new
ventures in terms of, for example, internationalization, innovation, and per-
formance. Typically, the dependent variable describes a startup’s attribute.
Secondly, the venture capitalist or syndicate level includes studies that fo-
cus on either individual venture capitalists or the group of investors, a syn-
dicate, as the unit of analysis. Dependent variables can include, for in-
stance, the performance of a venture capitalist, attributes of their portfolios,
or the composition of a syndicate. Typically, these studies do not focus on
a startup’s attributes or the relationship between startups and venture cap-
italists. Thirdly, the venture capitalist - startup dyad level includes studies
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that focus on the creation of ties, for instance, trying to explain which in-
vestors invest in what kinds of startups. It is possible that the dependent
variable describes a startup attribute, for example, whether or not the new
venture received another round of financing. Nevertheless, the analysis
might be concerned with the relationship formation between the startup
and the venture capitalist.

2.2.2 Network and related measures as explanatory variables

The other dimension of interest in our literature review concerns the
variables used in the analysis to explain the proposed relationship. Our
aim is to understand, which network-based variables and related measures
are used. We focus this analysis on the variables relevant to the empirical
analysis in this dissertation. In this section, we key in on the variables used
and empirical implementation, only briefly touching upon the theoretical
concepts. A detailed discussion of the theoretical concepts behind these
measures follows in section 3.2.

Cultural and categorical measures

Cultural and categorical variables measure cultural embeddedness,
which is how startups or venture capitalists fit into their cultural surround-
ings, via, namely, the norms, beliefs, and categories around them (e.g.,
DiMaggio and Powell, 1983; Scott and Meyer, 1983; DiMaggio and Powell,
1991). Often, various types of categories are used to measure how the focal
actor fits into its surroundings. Other applications include the compari-
son of similarities, for instance, the industry distances between two ven-
ture capitalists or between a new venture and its venture capitalists. The
categories used can be market or industry categories, patent categories, or
others distinct categories, such as the differentiation between technology

and science.

General structural measures

The general structural measures include all variables that are based on
the focal actors’ connections with other actors in the network. For example,
this can include connections to competitors, suppliers, and research insti-
tutions. Most often in our analysis, we have been interested in the venture
capitalist network that is formed by the venture capitalist’s investments in
a syndicated funding round. Exemplary measures are the count of syndi-
cate members, prior co-investments, and the closure of structural holes in
the network (for the latter, see Burt (1992); more details in section 3.2). We
include all network measures that are not focused on status. We separated
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status as it is a theoretically distinct construct and is mostly defined in a
common way.

Status structural measure

Status is a sociological concept that creates a hierarchical order of actors,
given their embeddedness in their social structures (Podolny, 1993). Status
can be considered a quality signal for consumers in their decisions between
different producers or, in our context, different venture capitalists (Podolny,
2001). Status cannot be gained by an actor on his or her own; thus, status
has a generally accepted positive relationship with quality, although, some
factors mitigate this relationship (Lynn, Podolny, and Tao, 2009). The sta-
tus measure that we are interested in and that is widely used in the venture
capital context is that which is based on the structural network of the fo-
cal actor, typically the venture capitalist. The network measure used is the
eigenvector centrality score, which was first introduced by Bonacich (1987).
The distinctiveness of this measure is that the status of one focal actor de-
pends on the status of his or her direct ties, which also depends on their ties
and so forth. In the following, we refer to this centrality score developed by
Bonacich only as eigenvector centrality.

Reputation

Another status-related concept is reputation. While status is a social
ranking, reputation is often based on actual or perceived performance and
quality (Washington and Zajac, 2005). However, there is no common agree-
ment on a measure in the venture capital context. Some researchers have
used the venture capitalist’s age (e.g., Gompers, 1996; Lee and Wahal, 2004),
the venture capitalist’s size (e.g., Lee and Wahal, 2004), or, most often, the
number of IPOs that the portfolio companies of a focal venture capitalist
attained up to a certain point in time as a measure of reputation (e.g., Lee
and Wahal, 2004; Dimov and Milanov, 2010; Gu and Lu, 2014). Lee, Pollock,
and Jin (2011) developed a time varying index based on six key variables:
the number of startups in the portfolio, funds invested, funds raised, the
number of different funds raised, the number of successful IPOs, and the
company’s age. While these are mainly size and portfolio measures, rep-
utation can also refer to the standing a venture capitalist has, that is, its
reputation for ethical behavior (Drover, Wood, and Fassin, 2014).

Similarly to status, reputation can be a sign of a venture capitalist’s qual-
ity. For instance, Rider (2009) shows that reputable brokers in the venture
capital industry are more likely to represent high-quality venture capital-
ists. They measure quality with a combined measure of status, fund size,
and experience.
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Distances and other variables

In addition to the variable classes listed above, we included some pa-
pers with additional variables in our structured literature review when we
considered them relevant for our empirical analysis. This especially in-
cludes a number of papers that are related to geographical distance, as this
has been found to be an important factor in the venture capitalist - startup
relationship.

2.3 Literature-gathering approach

The goal of this literature review is to demonstrate the need for the em-
pirical analysis in the latter part of this dissertation, thus focusing on the
venture capitalist - startup relationship and how it is formed. Within the lit-
erature on the venture capital industry, we aim to give a focused overview
of the empirical work highlighting advantages, disadvantages, and discrep-
ancies and finding blind spots. For this purpose, we categorize the relevant
journal articles based on the two-dimensional framework developed in sec-
tion 2.2. Firstly, we focus on the unit of analysis, and, secondly, we consider
the high-level methods used in the major articles with a particular focus on
network-related approaches.

The literature review aims to highlight the empirical work and empir-
ical methods used, which is why we only include articles that have used
relevant measures or have contributed with their findings to these mea-
sures. Relevant measures include those that are network-based, for exam-
ple, the syndication or categorical networks, and related measures like rep-
utation or distance measures. These variables measure the cultural or struc-
tural embeddedness of organizations, which is the pivotal point of this dis-
sertation. We include in our descriptions only the venture-capital-related
findings and emphasize methodological aspects if they are relevant for our
analysis. We omit findings with regard to the applied theories, for instance,
general contributions to organizational institutionalism. This way, we focus
on the relevant findings about the venture capital industry. Relevant con-
ceptual advancements in sociology are outlined as needed for our analysis
in chapter 3.

Furthermore, we have excluded papers that focus on the peculiarities
of corporate venture capital, business angels, or later-stage private equity,
as we are interested in contributions about the general venture capital in-
dustry after the seed stage. We have further neglected articles on specific
human-capital-related topics, for example, the relevance of the manage-
ment team, as we focus on the organizational matters. Furthermore, we
have excluded papers that are concerned with financial details in deal struc-
tures or other contracting-related topics.
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Journal name VHB-JOURQUALS3

Academy of Management Journal (AM]J) A+
Administrative Science Quarterly (ASQ)
Entrepreneurship: Theory and Practice (ET&P)
Journal of Business Venturing (JBV)

Journal of Management (JOM)

Journal of Management Studies (JMS)
Management Science

Organization Science

Organization Studies

Research Policy (RP)

Strategic Entrepreneurship Journal (SEJ)
Strategic Management Journal (SMJ)
American Journal of Sociology

Annual Review of Sociology

American Sociological Review

>
+

D>D>D>D>D>D>D>§$D>D>D>D>

+

TABLE 2.1: Overview of primary journals used for struc-
tured literature review

We aim to give a correct and concise overview of the relevant research in
the venture capital domain to make it relevant for other researchers (Short,
2009). In order to focus our efforts, we are only using relevant high-quality
journals. We selected the relevant journals mainly from the 50 publications
used by the Financial Times (FT) to compile the FT business school research
rank in 2016 (Ormans, 12. September 2016). The list is annually reviewed
and adapted based on a survey among 200 universities. We selected the
journals that publish empirical work in the fields of management, organiza-
tion, and entrepreneurship. We thus excluded journals focusing on market-
ing, finance, human resources, accounting, and economics. We added the
three major sociological journals, American Journal of Sociology, Annual Re-
view of Sociology, and American Sociological Review, because this dissertation
is built upon sociological theory, and thus sociological work anchored in
the venture capital domain needs to be included. Table 2.1 lists all primary
journals used in the structured literature review. As a reference, the table
also includes the VHB-Jourqual ranking version 3.0.> The VHB-Jourqual
is a ranking of business-related journals conducted by the members of the
Verband der Hochschullehrer fiir Betriebswirtschaft e.V. (VHB), an organization
with more than 2,000 mainly German-speaking members that are active re-
searchers in the business administration domain.

We limited our analysis to articles published after 1990, as we are in-
terested in the latest academic advancements and the most major contri-

butions to the venture capital literature have been made since the 1990’s

3For the complete list, please refer to http://vhbonline.org/vhbdyou/jourqual/vhb-
jourqual-3/gesamtliste/
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(Gompers and Lerner, 2001). We used Web of Science* as our database and
searched for "venture capital" in our query on the research papers’ titles,
abstracts, and key words. This resulted in 415 articles, which we briefly re-
viewed and filtered based on the topic relevance and variables used. Next,
we scanned the reference sections of the most relevant papers and then
scanned, in an unstructured manner, further journals for relevant research.
We added these additional articles.

2.4 Review based on variables

Based on the framework developed in section 2.2 and the literature-
gathering approach described in section 2.3, we categorized all relevant
papers so that each paper is presented and classified only once. The first
dimension is a distinct classification based on the unit of analysis, typically
the subject of the dependent variable, in the respective paper. In the second
dimension, however, a paper could be classified into more than one cate-
gory if the authors used measures that fall into multiple classes to test their
findings. In these cases, we selected the field in the matrix that is most rel-
evant for the paper. For instance, if the paper is anchored in the structural
embeddedness literature but also uses reputation as a predictor, we would
classify it into the structural variable category. The summary of the catego-
rization into the framework is depicted in figure 2.2, in which we have also
included the name of the most relevant independent variable. In the fol-
lowing, we briefly outline the main findings and detail the measures used
in each of the fields of the matrix. We go through the matrix column by
column.

2.4.1 A. Startup focus
i. Cultural and categorical

Some authors analyze cultural categories in a literal way while others
focus on a more categorical perspective. For example, Dai, Jo, and Kassi-
cieh (2012) analyze cross-border investments in Asia and demonstrate, that
foreign venture capitalists typically invest larger funding amounts in later
rounds, as they lack the monitoring and information-gathering abilities of
their local peers. It follows that non-domestic investors prefer new ven-
tures on which information is easily obtainable. The analysis shows that
a successful exit is most likely if a new venture has cross-boarder and do-
mestic investors. The authors measure uncertainty on three levels. The
early funding rounds, the early development stages of the new venture,

*www.webofknowledge.com
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and high-technology industries are considered the most uncertain invest-
ments from a venture capitalist’s perspective. They also use a measure of
"cultural distance" (Dai, Jo, and Kassicieh, 2012, p. 670) between the coun-
try of the new venture and that of the venture capitalist based on a general
four-category culture measure. The analysis shows that the higher the cul-
tural distance between the venture capitalist and the new venture, the less
likely a successful exit becomes.

ii. Structural — General

Stuart, Hoang, and Hybels (1999) demonstrate that venture capitalists
facing uncertainty about the quality of potential new ventures use the struc-
tural embeddedness, or "prominence” (p. 327) as the authors call it, of a
startup’s existing partners as a guide in their assessment. They also show
that these companies are typically more successful in IPOs, measured as
time until IPO, and the valuation at that time, than companies with less
prominent partners. Their sample includes 301 biotechnology new ven-
tures. The authors use two network-based measures: The centrality in a
patent co-citation network is used to measure technological prominence
and commercial prominence is based on the centrality in the prior strategic-
partner network.

Similarly, partner networks have been found to benefit new ventures.
Baum and Silverman (2004) measure a new venture’s performance by its
revenue, research and development spending, employment growth, patent-
ing activities, and survival rate. In a sample of Canadian biotechnol-
ogy firms, the authors show that downstream and horizontal partner net-
works, that is, the "alliance capital" (Baum and Silverman, 2004, p. 421),
for instance, to research institutions or customers, increase the amount of
venture-capital funding, as these networks are considered a quality signal.
Partner networks are measured by a simple count of alliances. A new ven-
ture’s "intellectual capital" and "human capital” (p. 422) also increase the
venture capital financing. In terms of a startup’s performance, partner net-
works and intellectual capital have a positive performance impact, whereas
human capital does not.

Clercq and Dimov (2008) find that the industry experience of venture
capitalists increases a new venture’s performance especially when the new
venture lacks access to information. The "number of syndicate partners"
and "number of prior interactions" (Clercq and Dimov, 2008, p. 595) of
the syndicate members also have a positive performance effect, especially
when the venture capitalist lacks industry experience. The authors mea-
sure the "industry knowledge" (p. 595) as the number of investments in the
same industry category as the focal new venture. For structural network-
related measures, they count the members of the syndicate and the prior
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investments of the focal venture capitalist with the other members of the
syndicate.

Jaaskeldinen and Maula (2014) demonstrate that direct and indirect
ties to other venture capitalists serve different purposes. The "number of
second-order ties" (Jadskeldinen and Maula, 2014, p. 712), that is, syndi-
cate partners of directly connected venture capitalists, increases the access
to information about startups and thus improves the screening and iden-
tification process. Direct tie information access, the "number of first-order
ties" (p. 712), allows better evaluation of the quality of the new venture. It
follows and the authors show that cross-border investments are thus more
likely if respective ties exist. They analyze the effect of network proximity
or distance on the probability of non-domestic exits in a sample of venture-
capital-backed European new ventures. Their independent variables are
based on the syndicate networks: the number of direct non-domestic ties
from prior syndicated investments and the number of indirect ties to non-
domestic investors through their direct connections.

Pahnke et al. (2015) focus on new ventures’ ties to competitors through
venture capitalists and how these ties affect the number of FDA approvals
for products from the medical device companies in their sample. The au-
thors determine whether or not a new venture has an indirect tie to a com-
petitor through one of its venture capital investors, and they assign market
categories (sub-categories in the medical device field) to each of the compa-
nies to determine whether or not they are competitors. Contrary to other re-
searchers who find positive effects of venture capital on innovation, Pahnke
et al. (2015) show that being venture-capital funded can reduce innovation.
When competing firms are linked to each other by the same venture capi-
talist, that is, "indirect ties" (Pahnke et al., 2015, p. 1,343), their innovative
power is lower than that of firms that are not linked to competitors. They
argue that information is shared between competing firms in the network
through the venture capitalist and that the firms cannot control this infor-
mation leakage. The firms are then not able to benefit from their innova-
tions in the way that their competitors can. Among other factors, they find
partial support for their hypothesis that high-status venture capitalists are
more likely to leak information than low-status investors. It is important
to note that, as the authors themselves identify as a limitation, the analy-
sis of only one industry highly limits the generalizability of the results of
this study. It might be true that innovative power in other industries is
increased when information is leaked.

Lechner, Dowling, and Welpe (2006) do not use network based mea-
sures, but they use interviews to support their hypothesis that there is a
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positive effect of the various networks, such as family networks, organi-
zational networks with competitors, and investor networks, on the perfor-
mance and development speed of new ventures. However, the mix of these
network partners, that is, the "measurement of the relational mix" (Lechner,
Dowling, and Welpe, 2006, p. 529), is important and changes over time.
The authors, using a questionnaire among 50 new ventures, also find sup-
port for their hypothesis that new ventures enter network connections with
reputable partners to increase their reputation.

iii. Structural — Status

Pahnke, Katila, and Eisenhardt (2015) demonstrate that independent
venture capitalists with "high-status" (p. 17) foster innovation in new ven-
tures, whereas corporate venture capitalists” institutional way of doing
things prohibit improving the innovative and patenting power.” Innova-
tiveness is measured by the number of patents (technical) and number of
approved products (commercial). The authors thus strongly support the
thesis that venture capitalists provide more than just capital, and the choice
of the investor can significantly affect the prospects of a new venture. They
test their hypotheses in the minimally-invasive surgical device industry.

Ozmel, Reuer, and Gulati (2013) demonstrate that young biotechnology
firms have a positive signaling effect, as measured by creating research and
development alliances via affiliation with central venture capitalists, simi-
lar to the positive effect a new venture receives from a position central to
other companies in its alliance networks. The latter can substitute the effect
of central venture capitalists: For example, if a firm already has a central
position in the alliance network, the additional signaling effect of central
venture capitalists is weak. They measure the "VC prominence", that is,
the centrality of the venture capitalist, and the new venture’s centrality, "al-
liance prominence" (Ozmel, Reuer, and Gulati, 2013, p. 857, 858), using the
eigenvector centrality score that other authors use to measure status.

The relationship between venture capitalists and startups is not only
characterized by the obvious resources given by the venture capitalist to the
new venture. Another angle on the eigenvector centrality of independent
venture capitalists is to consider it a "social defense" (Hallen, Katila, and
Rosenberger, 2014, p. 1,087). It thus also serves as protection against threats
from larger competitors, for instance, corporate venture capitalists who are
considered a threat to a startup’s intellectual property and growth. Hallen,
Katila, and Rosenberger (2014) find that the central independent venture

>Contrary to these findings, Park and Steensma (2013) find that corporate venture cap-
italists increase innovativeness compared to startups with pure independent investors es-
pecially when the corporate investors are more reputable than the independent venture
capitalists.
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capitalist makes startups attractive for the corporate venture capitalist. If
startups lack other defense mechanisms, like timing and secrecy defenses,
the effect is even stronger. In addition, the greater the geographical dis-
tance between a startup and a venture capitalist, the higher the probabil-
ity that a corporate venture capitalist invests. The authors use the funding
round as the unit of analysis in their sample of 700 technology startups with
4,023 funding rounds. They measure the geographical distance between the
startup and the venture capitalist and use the maximum value for centrality
and the minimum value for distance in each syndicate. Furthermore, they
consider heterogeneity among corporate venture capitalists in terms of re-
search and development spent and whether or not the corporate venture

capitalist is in the same industry as the startup.

iv. Reputation

As young companies mature, they need to set up their operations and
choose their partners to suit their needs accordingly. Cumming and Dai
(2013) find that it might be beneficial for a startup to change their lead in-
vestor. If they do, they are able to raise larger amounts of capital with better
valuations. However, if they choose to switch to a more reputable venture
capitalist, this comes at a cost. In these cases, funding rounds are smaller
and subsequent valuations lower. As more reputable investors choose high-
quality startups (Sorensen, 2007), the new venture benefits from a positive
quality signal from the high-reputation investor. Cumming and Dai (2013)
measure "VC firm reputation” (p. 1,008) based on historic IPO capitaliza-
tion.

Besides the effect on innovation, a venture capitalist’s reputation has
been found to affect the strategic decisions regarding internationalization
of new ventures. Fernhaber and McDougall-Covin (2009) show that the
higher the venture capitalist’s international knowledge and the stronger
the reputation, the more international the new venture becomes. For the
individual startup, it follows that, depending on the internationalization
strategy, it is important to find an investor who can bring the required
knowledge and experience to the startup. The researchers measure the de-
gree of internationalization with a composite measure based on the share
of international sales, share of international assets, and number of business
regions. They measure "VC reputation” (Fernhaber and McDougall-Covin,
2009, p. 283) based on the venture capitalist’s prior performance, experi-
ence, and media attention. The "international knowledge" (p. 284) of the
venture capitalist is determined from the international experience of the
board member representing the venture capitalist.

Highly reputable venture capitalists also have an effect on the partner-
ships and commercialization of new ventures. Hsu (2006) finds that new
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ventures are more likely to have strategic partnerships and use licensing
for commercialization when the new ventures are venture-capital funded
and not funded by government programs. This effect is even stronger
the higher the venture capitalist’s reputation is. For the startups that are
venture-capital backed, the author measures the venture capitalist’s rep-
utation based on "prior VC IPOs" and presents the eigenvector centrality
score, "Bonacich VC centrality" (Hsu, 2006, p. 210), as an alternative reputa-
tion measure. Interestingly, contrary to most other researchers, the author
does not distinguish between status and reputation here. Rather, he uses
the standard status measure as an alternative to other more common repu-
tation measures.

Gulati and Higgins (2003) show that new ventures have more successful
IPOs, as measured by a combination of net proceeds and valuation mea-
sures, when they have prominent venture capitalists in unfavorable mar-
kets or prominent investment banks in favorable markets. While the au-
thors consider the direct, structural ties of the biotechnology companies
in their sample, they measure "VC prominence" not by standard network
measures, but by a ranking of the dollars invested of the venture capital-
ists, and "Underwriter prestige" (Gulati and Higgins, 2003, p. 134) by a
ranking based on tombstone information.

The additional benefit of highly prestigious venture capitalists based
on fund size for IPO valutions is diminishing but still curvilinear with the
number of other highly prestigious partners, like executives or underwrit-
ers (Pollock et al., 2010). Pollock et al. (2010) count the "number of presti-
gious venture capital firms" (p. 13) and consider a venture capitalist to have
high prestige if he or she is among the top ten in a yearly ranking based on
the size of new funds raised.

A venture capitalist’s reputation can also affect a new venture’s finance
function. Nam, Park, and Arthurs (2014) show in their analysis that moni-
toring by reputable venture capitalists reduces earnings management of the
funded companies. However, generally, the existence of a venture capital
investor increases the likelihood of earnings management. The authors use
working capital accruals as a measure of earnings management and ana-
lyze the abnormal returns at the point when the lock-up period ends. The
authors measure "VC reputation" (Nam, Park, and Arthurs, 2014, p. 11)

purely based on the number of prior IPOs of the focal venture capitalist.

v. Distances and others

The geographical distance between venture capitalists and the new ven-
ture is also an important factor for a new venture’s development and suc-
cess. Kolympiris, Kalaitzandonakes, and Miller (2011) show that, within
a limited regional proximity of 10 miles between venture capitalists and
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biotechnology startups, in so-called 'clusters’, the focal new ventures re-
ceive larger amounts of venture capital. As explanatory variables, they
use the "number of neighboring VCFs" (Kolympiris, Kalaitzandonakes, and
Miller, 2011, p. 1,191) around a focal firm within a certain radius and con-
trol for fund size, fund age, and the number of syndicate partners of the
venture capitalists invested in a certain new venture.

In a large-scale empirical analysis, Bernstein, Giroud, and Townsend
(2016) show that easier travel routes resulting in shorter "travel time" (p.
1,599) between new ventures and venture capitalists lead to an increase in
the number of granted and cited patents issued by the startup. This effect
is strongest for lead venture capitalists. New travel routes also increase
the likelihood that the startup will go public and the venture capitalist will
have a successful exit. They confirm their findings with a survey among
venture capitalists that shows the venture capitalist’s expectation that a di-
rect flight connection to the startup location would increase the frequency
of on-site visits and lead to an improved understanding of the business.
It is important to note that they restrict their analysis to a time-frame be-
tween 1977 and 2006. The impact of the widespread use of higher-quality
and lower-cost video conferencing systems, for instance, Skype, and cloud-
based working solutions to monitoring startups might not have been fully
captured in the analysis.

Petkova, Rindova, and Gupta (2013) analyze one method of early-stage
new ventures to gain legitimacy: the use of communication and "sense-
giving activities" (p. 873). They demonstrate that the general use of these
methods and the use of different activities increase general and industry
media attention, with the latter also positively influencing the amount of
venture capital received. Media attention is based on the average number
of media articles per month after foundation. The authors analyze com-
munication activities, for instance, press statements, or other dissemination
formats, for example, presentations or events, and how diversely these are
used.

2.4.2 B. Venture capitalist and syndicate focus
i. Cultural and categorical

Dimov and Clercq (2006) use industry categorization and investment
stages to measure the impact of specialization on portfolio survival. In
a sample of 200 US funds, they find that venture capitalists with an
investment-stage focus have higher portfolio survival rates (a lower default
proportion) than firms without such a focus, due to the increased exper-
tise. The effect is not significant for industry specialization. Failure rates in
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venture capitalists” portfolios are higher for venture capital firms that typi-
cally invest in a syndicate. The greater knowledge and experience available
in a syndicate and the greater total involvement of the syndicate partners
in their sample do not outweigh each individual investor’s lower commit-
ment to the funded startup. For instance, when a startup does not per-
form as expected, syndicate members reduce financial and other forms of
involvement, and the startup becomes the "living dead" (Ruhnka, Feldman,
and Dean, 1992, p. 138). Dimov and Clercq (2006) measure specialization
strategy in two domains: "the specialized stage knowledge" and "the spe-
cialized industry knowledge" (p. 23). They use six stage and nine industry
categories to calculate the Herfindahl-Hirschman index, that is, sum of the
squares of the share of investments in a given stage or industry, for the com-
plete distribution of the share of their first-time investments. Syndication
is measured as the average number of co-investors in first-time funding
rounds, as most of the deals are syndicated, but with a different number of

investors.

ii. Structural — General

Sorenson and Stuart (2008) demonstrate that the setting of the invest-
ment also determines how syndicate structures form. Geographically- and
industrially-distant venture capitalists are more likely to form a syndicate
if the new venture is located in a region and industry with a lot of invest-
ment activity, and if the new venture is in a later development stage. With
regard to the syndicate, it helps to mitigate the distances when potential
syndicate partners already have ties from prior investments and are well-
connected through indirect ties, and when the syndicate is large. From a
strictly methodological perspective, one could argue that the authors use
the dyad of new venture and venture capitalist as the unit of analysis.
Nonetheless, we consider the unit of analysis to be on the syndicate level.
They refer to the triad of two venture capitalists and a startup. They model
the probability that the second venture capitalist joins, given the setting of
the new venture. It is thus the dyad between the two venture capitalists that
is in the focus of the analysis. A number of structural network-based mea-
sures are used. For instance, they consider direct ties, which are mutual
investments in a funding round, and indirect ties if they have previously
had the same co-investors in a measure of "geodesic length" (Sorenson and
Stuart, 2008, p. 280). They also calculate the geographical distance in miles
and the industry distance by comparing the share of investments in the
given industry between two venture capitalists. They also calculate these
distance measures between the investors and the target firm.

The same research approach using a triad of two investors and one in-
vestment target is applied by Meuleman et al. (2010). The authors show
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that an investor is more likely to join a certain syndicate when it has pre-
vious ties to the lead investor, and the effect is weakened if the non-lead
investor has a strong reputation. Interestingly, they do not find support for
the hypothesis that "knowledge complementarity" (Meuleman et al., 2010,
p- 1008) increases the likelihood of joining a certain syndicate. The most
relevant independent variables are "relational embeddedness" (p. 1,006),
a count of the direct ties between the two venture capitalists, knowledge
complementarity, defined as the difference between the two venture capi-
talists” share of investments in the new venture’s industry, and "reputation
of potential partner" (p. 1,008), which is measured by the number of IPOs in
a focal venture capitalist’s portfolio. The authors use the buyout segment,
which is outside of the venture-capital focus of this study. Nevertheless, we
include it here on account of the relevance of the applied measures.

Syndicate formation also depends on signals sent by potential syndi-
cate partners: In an analysis of the German venture capital market, Hopp
and Lukas (2014) show that lead investors are more likely to choose other
venture capitalists to join their syndicate if these investors have greater ex-
perience, have previously co-invested, and continuously show these signals
over time. The effect is greatest in later funding rounds, whereas in early
rounds, diversification is the main goal. The authors analyze the investors
of a certain startup, which includes the investors of the current round and
from previous rounds. They measure "industry experience" as the number
of deals in the past year in the focal industry and analyze "direct relation-
ships" (Hopp and Lukas, 2014, p. 647), considering whether a lead investor
has invited a certain venture capitalist before and whether this invitation
was reciprocated.

Kogut, Urso, and Walker (2007) conduct an in-depth longitudinal analy-
sis of the development of network structures in the venture capital industry.
Their analysis shows that investors who invest in similar industries tend
to cluster together in groups, resulting in a so called "giant component"
(Kogut, Urso, and Walker, 2007, p. 1,184), which is caused by the effect that
central venture capitalists tend to syndicate with venture capitalists with
whom they have previously co-invested, so they can trust them.

Evaluating the dyad between two investors, Zhelyazkov and Gulati
(2016) analyze the effects of a syndicate break-up on future tie formations.
They analyze the number of times the focal investor has withdrawn from a
syndicate that his or her dyad partner continued to invest in as a share of the
total number of syndicates of the two investors and the rate of total with-
drawals from all syndicates, the "overall withdrawal rate" (Zhelyazkov and
Gulati, 2016, p. 285). They measure "social overlap" (p. 285) as structural
embeddedness based on the number of shared contacts in a standardized
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Jaccard index measure. In a sample of US venture capital investments be-
tween 1985 and 2008, the researchers show that, after a withdrawal from
a syndicate, an investor is less likely to invest with his or her prior co-
investors again. The withdrawal also affects the overall reputation of a
venture capitalist such that he or she becomes a less attractive syndication
partner. On the one hand, this is caused by the publicly known fact that
the venture capitalist withdrew from a syndicate. On the other hand, prior
co-investors will distribute negative information through informal informa-
tion flows in their network, further harming the reputation of the venture
capitalist who withdrew. They control for industry-specialization distance
based on a 10-industry categorization by calculating a distance measure in-
troduced by Sorenson and Stuart (2008). This measure compares the share
of investments made in the focal industry with that of the syndicate partner.

Structural embeddedness also affects a venture capitalist’s internation-
alization: In an analysis of 1,010 US venture capital firms, Guler and Guillen
(2010) find that their home country syndication networks affect the interna-
tionalization behavior of venture capitalists. Venture capitalists with high
status can also carry this quality signal to foreign markets, whereas "broker-
age advantage" (Guler and Guillen, 2010, p. 399), that is, information access
and transfer, is local and cannot be transferred. If a local network partner
is already present in a foreign market, brokerage increases the likelihood
of internationalization. They measure status with the standard eigenvector
centrality score and apply the brokerage measure developed by Burt (1992)
based on the syndication networks. They also control for whether or not
syndicate partners in a certain country exist.

Jaaskeldinen, Maula, and Seppa (2006) use syndicate structures to mea-
sure a venture capitalist’s involvement. The authors analyze a sample of 94
major US venture capital firms and demonstrate that a venture capitalist’s
involvement in their portfolio company improves their performance and
affects the optimal portfolio size. Their analysis shows that a venture cap-
italist’s "allocation of attention" (Jadskeldinen, Maula, and Seppd, 2006, p.
192) improves a new venture’s performance and that, to a certain degree, in-
creased portfolio size improves the venture capitalist’s performance. There
is an optimal portfolio size for which the benefits from involvement and in-
creased diversification maximize performance. The optimal size increases
in a syndicate especially if the venture capitalist is not the lead investor, as
the required time per portfolio company is reduced. The authors measure
the performance as the number of IPOs in their portfolios and the attention
as the number of managing partners per portfolio company. They also take
into account the "syndication frequency" and "syndication role" (p. 193),
that is, whether or not the investor was the lead investor.
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Structural network embeddness can also have a direct impact on a ven-
ture capitalist’s performance: Echols and Tsai (2005) analyze venture capi-
talists’ performance in an 80-firm sample, depending on the niche focus and
the company’s "network embeddedness" (p. 226). The analysis shows that a
product niche focus and a process niche focus have a positive performance
impact when the venture capitalist is highly embedded in the network. The
greater the share of IPOs in the same industry as compared to other venture
capitalist’s IPOs, the smaller the "product niche" (Echols and Tsai, 2005, p.
225) focus of the focal venture capitalist is. In terms of "process niche" (p.
226), the authors compare the shares of all investments depending on the
development stage, to those of all other venture capitalists. Network em-
beddedness is measured by a network redundancy score developed by Burt
(1992) divided by the network size to account for network differences.

Similarly, Hochberg, Ljungqvist, and Lu (2007) find that more
structurally-embedded venture capitalists have better performance, as
measured by the number of IPOs in their portfolios. The authors use five
different centrality measures to analyze network embeddedness including
three measures for "degree centrality”, eigenvector centrality as a measure
of "closeness", and "betweenness" (Hochberg, Ljungqvist, and Lu, 2007, p.
256, 257, 258). Specifically, they find that connections to the most embed-
ded venture capitalists are more important than bringing other previously
unconnected venture capitalists together. The authors also find support for
their hypothesis that venture capitalists can provide better support to their
portfolio companies, for instance, by coaching, such that central venture
capitalist’s portfolio companies receive more funding and have a greater
likelihood of going public.

iii. Structural — Status

One of the very influential papers in the venture capital industry was
written by Podolny (2001). He differentiates between uncertainty that a
startup has in how to create the best company and the uncertainty an in-
vestor faces about the success of the startup. Regarding the former, the
closing of "structural holes" (Podolny, 2001, p. 54), for example, by con-
necting previously unconnected investors through a syndicate, helps to
mitigate this uncertainty but not the uncertainty, about the startup. The
structural-holes aspect relates to the flow of resources, whereas "status" (p.
54) has an informative role. Uncertainty about the startup’s quality is mit-
igated by the status of the venture capitalist. This implies that investors
who can close structural holes should invest in markets with high uncer-
tainty where individual startups can convert their inputs into the best out-
put, whereas high-status investors should be active in markets with high
uncertainty concerning the quality of the startup output. Podolny follows
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Burt (1992) to calculate the degree of structural holes and uses the eigenvec-
tor centrality score for status to analyze the effect on the investment stage
of a venture capitalist’s portfolio based on a three stage categorization of
the portfolio companies.

Dimov and Milanov (2010) show that the decision to syndicate an in-
vestment depends on a venture capitalist’s prior experience, status, and
reputation. They differentiate in their analysis between a venture capital-
ist’s uncertainty regarding the monitoring and selection of new ventures
and uncertainty regarding the quality of the syndicate partner. The authors
show that the need for syndication is higher in novel industries, but it is
harder to find syndication partners. While a good reputation cannot eas-
ily be carried over as a quality signal to attract syndicate partners, status
can be used as the required quality signal. The authors measure the non-
novelty of a given startup segment to a venture capitalist by the number
of times the investor has previously invested in the focal industry. They
use a nine-industry segmentation. The authors measure "VCF status" (Di-
mov and Milanov, 2010, p. 337) with the eigenvector centrality score and
calculate reputation as a composite of the venture capitalist’s age, the total
number of investments, and the number of IPOs.

The first syndicate partners plays a special role: Milanov and Shepherd
(2013) analyze the effect of the status of the first syndicate partner from a
medium- and long-term perspective for a focal venture capitalist. Building
on categorization literature, the authors argue that venture capitalists are
categorized based on their social and human capital. This type of capital
creates legitimacy for the firm up to the point that it has created its first
alliances. The first alliance through the first venture capitalist syndicate co-
investor will thus shape the focal venture capitalist’s status. They propose
that the future "VCF status” is increased when the "first partner’s reputa-
tion" is strong, especially if the first partner had a dense network prior to
the focal funding round, that is, "past cohesion" (Milanov and Shepherd,
2013, p. 735, 735, 736). The authors measure reputation as the number of
IPOs relative to the number of companies in the investment portfolio. The
study confirms the hypothesis in a sample of 272 new-entry venture capi-
talists.

Contrary to Podolny (2005), who argues that a venture capitalist’s sta-
tus is mainly a signal, Ma, Rhee, and Yang (2013) argue that status also
affects the way members of a syndicate behave and cooperate based on the
"power source match" (p. 719). Effective syndicates have power parity from
a similar ownership share, power parity from similar status, or a dominant
ownership advantage. However, low-status investors with high ownership
shares seek high-status co-investors, but this status mismatch will limit the
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effectiveness of the syndicate. The effect is weakened by investors’ famil-
iarity among each other and by the entrepreneurial performance. They test
their hypotheses in a sample of 1,053 biotechnology ventures in the US,
measure success as time and the rate of IPO or M&A exit in the portfolio
of a venture capitalist, and calculate status with the eigenvector centrality
score. The authors calculate the coefficient of the variation of status and
ownership share for each pair of investors, "familiarity" (Ma, Rhee, and
Yang, 2013, p. 717) based on the number of direct ties, and performance of
the new venture based on the number of patents.

For syndication network settings such as the venture capital domain,
Bothner, Kim, and Lee (2015) develop a twofold status framework with
an additional measure of status, namely, the "complementary status" (p.
592), which is the status of the co-investors. They define "primary status"
(Bothner, Kim, and Lee, 2015, p. 592) as the 'standard' status measure for the
lead investor. Their results show that complementary status has a positive
effect on venture capital firm survival, while it reduces the effect of primary
status.

The effects of status and reputation have been analyzed together, and
researchers have shown that clear differences between these concepts ex-
ist. Dimov, Shepherd, and Sutcliffe (2007) find that venture capitalists with
strong finance expertise are less likely to invest in early-stage startups. The
effect is stronger for high-"status" venture capitalists, but reversed for high-
"reputation” (Dimov, Shepherd, and Sutcliffe, 2007, p. 491) venture capital-
ists. The authors measure the "finance capacity" (p. 490) in a venture capital
team by the relevant work experience of the team members. Reputation is
calculated based on the number of portfolio companies, invested capital,
age, and media attention. Status is measured by the eigenvector centrality
score.

In an analysis of more than 400 venture capital firms, Pollock et al. (2015)
show that reputation and status affect each other, with reputation having a
greater effect on status than the reverse. They also find that the past mag-
nitude has a stronger effect on the future magnitude for reputation than for
status, especially when firms get older. Status is measured by the eigenvec-
tor centrality, and the researchers use a modified version of the reputation
index developed by Lee, Pollock, and Jin (2011). Among other things, the
authors control for "structural holes" and "industry diversification" (Pollock
etal., 2015, p. 13, 14).

iv. Reputation

Reputation is important for individual venture capitalists, affecting the
investments decisions and strategies of these investors. Petkova et al. (2014)
find that, with increasing "VC firm reputation” (p. 432), venture capitalists
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are more likely to invest in an emerging industry sector that is interpreted
as risky. At the same time, venture capitalists use a number of measures, for
instance, increasing the number of syndicate members, investments in later
stages, and lower commitment based on the share of clean technology new
ventures in the portfolio, to reduce their overall risk in the case of better
reputation, which causes pressure to perform well. The authors use a sam-
ple of venture capitalists, of which 4.8 percent invested in the clean energy
sector. They consider an emerging sector risky due to the lack of knowledge
about the prospects of the sector, in addition to the general startup-related
risk. The venture capitalists thus have to make investment decisions in am-
biguity. They explicitly differentiate reputation from other measures, like
status and "sector legitimacy" (Petkova et al., 2014, p. 432). The latter is
based on the mentioning of clean technology in newspapers and articles,
government incentive programs, and the number of other venture capital-
ists that have invested in the clean technology sector. They use a composite
reputation measure based on five factors, such as the number of historic in-
vestments, amount invested, and total funds raised, similarly to the index
developed by Lee, Pollock, and Jin (2011).

Clercq, Sapienza, and Zaheer (2008) find in their analysis that a venture
capitalist’s involvement decreases with the "reputation of focal VCF" and
with the "total reputation of other syndicate members" (p. 1,181, 1,182).
However, involvement increases with a high ownership share compared to
the other investors of the focal venture capitalist. The authors analyze in-
volvement based on a survey among venture capitalists and measure repu-
tation as the number of IPOs in the focal venture capitalist’s portfolio.

Gu and Lu (2014) analyze whether or not a deal was syndicated and
explain this using the focal venture capitalist’s "reputation” (p. 743) as mea-
sured by the number of IPOs. The authors analyze venture capitalists from
16 countries, including the US, major European countries, Japan, and China
(which they consider the local country). They find that a venture capitalist’s
reputation increases the probability of syndication up to a point of strong
reputation, where the probability decreases. The authors thus find evidence
of a U-shaped relationship. The reputation threshold for the decrease in
syndication probability is lower for non-local venture capitalists and more
mature institutions, which means that strong-reputation venture capitalists
decide sooner against syndication.

As seen above, often the number of IPOs in a venture capitalist’s port-
folio is used to measure reputation. Matusik and Fitza (2012) do not call
it reputation; instead, they use the "IPO success rate" (p. 420) as a perfor-
mance indicator. They show that there is a U-shaped relationship between
the industry diversification in the portfolio of a venture capitalist and the
performance measured as the share of IPOs. The positive diversification



38 Chapter 2. Venture capitalists and startups: empirical research review

effect is stronger for early-stage-focused venture capitalists and is weaker
when an investor typically invests in larger syndicates. The authors mea-
sure diversification by the share of investments in a given industry based
on a standard industry classification scheme.

In sum, the studies described show that reputation is an important fac-
tor for venture capitalists. It also creates pressure to push new ventures
to go public quickly, especially when the venture capitalists are young and
thus have an undeveloped reputation (Gompers, 1996). Gompers (1996)
finds that this goes so far that even new ventures are made publicly listed
quicker than the portfolio companies of strongly reputable, as measured
by "the age of the lead venture capital firm" (p. 139), investors, which
leads to high underpricing in the IPOs. Lee and Wahal (2004) also confirm
these results for a more recent dataset and even find a general underpricing
of venture-capital-backed new ventures in IPOs compared to non-venture-
capital-backed companies driven by venture capitalists’ desire to gain rep-
utation from IPOs. The authors use the size of the next fund raised by the
focal venture capitalists as their dependent variable.

v. Distances and others

The investment behavior of venture capitalists depends on the degree
of the internationalization of a new venture. LiPuma and Park (2014) con-
sider a startup’s high degree of internationalization a risk-lowering factor,
as a diversification effect can be expected. In less internationalized startups,
which have more than zero but less than ten percent international revenue,
namely, "opportunistic international" (LiPuma and Park, 2014, p. 8) compa-
nies, they invest smaller amounts in typically smaller syndicates, and the
time between funding rounds is smaller. The authors analyze the venture-
capital funding rounds of 334 new ventures.

In a global venture capital investment sample, Liu and Maula (2016)
show that venture capitalists mitigate uncertainty when investing in new
ventures in foreign countries by partnering with local venture capitalists.
The need to partner with local venture capitalists increases with the un-
certainty surrounding the new venture and the uncertainty in the foreign
country. However, high "country-level uncertainty" (Liu and Maula, 2016,
p- 1,415) makes finding a suitable local partner difficult. If venture capital-
ists become more experienced, the need to partner locally is reduced. Their
dependent variable is categorical, as each investor could invest locally or
internationally, and, if the latter, then invest alone, with a local partner, or
with a foreign partner. They measure "venture-level uncertainty" (p. 1,415)
by the development stage with seed being most uncertain and the later
stage being least uncertain. They use a standard index for country-level un-
certainty that lists countries according to strength of and accordance with
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each country’s legal system. A venture capitalist’s international experience
regarding early-stage startups is based on the number of investments in
early-stage foreign new ventures; a venture capitalist’s international expe-
rience in dealing with country-level uncertainty is based on the number of
investments in countries above a certain risk level, and international expe-
rience in the focal country is measured by the number of investments in
that country. For all measures more recent investments are more heavily

weighted.

2.4.3 C. Venture capitalist - startup dyad focus
i. Cultural and categorical

A cultural measure based on category labels was used by Pontikes
(2012) in her analysis of US software companies. She shows that vari-
ous audiences judge categorical ambiguity differently. While consumers,
who cannot affect the firms and who use categories to help them navigate
their consumption behavior, dismiss ambiguous categories, venture cap-
italists have a preference for ambiguity providing capital faster. She ar-
gues that venture capitalists consider categorical ambiguity a sign of the
flexibility of the new venture. However, this only holds true for indepen-
dent venture capitalists, while corporate venture capitalists are more sim-
ilar to consumers, preferring unambiguous investments. In her analysis,
the author distinguishes between being associated with multiple categories
that make the firm ambiguous and being associated with an ambiguous la-
bel. She assumes that claiming category membership is part of creating an
entrepreneurial identity. 457 categories are taken from press release state-
ments from 4,835 software companies in an automated manner. She devel-
ops two measures of a label’s ambiguity: firstly, "fuzziness" (Pontikes, 2012,
p- 92), which is based on the number of overlapping categories, for exam-
ple, how many companies are also labelled in other categories. Secondly,
she calculates "leniency"” (p. 93), which indicates how broad or defining a
category is, based on the fuzziness and the number of distinct other cate-
gories. She also measures whether an organization spans categories by the
number of categories it is associated with.

Wry, Lounsbury, and Jennings (2014) analyze whether venture capital-
ists discount or favor category-spanning startups when selecting their in-
vestments. In line with Pontikes (2012), they argue that venture capitalists
prefer category-spanning, which is contrary to the discounting found in
other audiences’ perceptions. In a sample of 58 nanotechnology new ven-
tures, Wry, Lounsbury, and Jennings (2014) demonstrate that, depending
on the type of startup, science versus technology, and the way they cross
boundaries, venture capitalists show a preference for category-spanning
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new ventures, as indicated by receiving another round of financing. Specifi-
cally, they look at category-spanning on the patent level, that is, "hybridiza-
tion of patenting”, the top management level, namely, "technology exper-
tise" versus "science expertise" (Wry, Lounsbury, and Jennings, 2014, p.
1,318) and a the collaboration level. For instance, science startups are more
likely to get funding if they are boundary-spanning on the patent level,
while technology startups are less likely to get funded if they are boundary-
spanning on the patent level. The authors measure boundary-spanning on
three levels: patents with the number of patents outside of their category,
management with the number of top management people with a science
or technology background, and collaboration between the patent investors.
They validate their results in 13 interviews with venture capitalists to build
a deeper understanding of the decision-making criteria and how science
and technology are ideally mixed. Overall, the authors lay out very well
multiple layers on which boundaries can be spanned, demonstrating great
heterogeneity in the startup sphere.

Similarly, in an earlier study, Wry and Lounsbury (2013) analyze the ef-
fect of the boundary-spanning patent categories of startups on the success
of receiving venture-capital funding. They find support for their hypothe-
sis that the funding probability decreases if multiple patent categories are
crossed. They classify patent categories into scientific-related and product-
development-related patent categories. However, they do not find support
for their hypothesis that the discounting for spanning categories is reduced
as long as categories are within either the scientific or product develop-
ment fields. They show that the categories evolve over time and that the
early category-spanning of patent categories that later merge is actually re-
warded by venture capitalists. They also show that some categories are
more similar to each other than others and that crossing more similar cat-
egories has a lower negative effect on receiving another round of venture
capital financing. They analyze 62 new ventures in the nano technology in-
dustry and use patents classified in about 400 categories. Their dependent
variable is whether or not the firm received another round of financing.
Their main independent variable, "category dispersion” (Wry and Louns-
bury, 2013, p. 123), is based on a modified Herfindahl measure, calculated
with the proportions of memberships in a company’s patent categories. It
ranges from 0 if the company is the only member in one category and ap-
proaches 1 in cases of high category dispersion. They measure "category
similarity" (p. 124) on the basis of a patent co-citation analysis, assuming
that a high number of co-references between patents is a sign of a high
degree of category similarity. The authors acknowledge that the sole use
of patent categories might not be the most relevant to venture capitalists.
Market or product categories might be more relevant and representative of
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the business model than pure patent categories.

In sum, the papers neglect heterogeneity among the investors, who can
also have varying strategies, preferences, and tastes. They are treated as a
relatively homogeneous group. In addition, the analysis of small samples in
niche industries highly limits the generalization and transfer of the results

to other industries.

ii. Structural — General

The competences and foci of the investors as measured by their struc-
tural embeddedness are crucial for a new venture’s performance. Ter Wal
et al. (2016) show that startups are most successful, measured as having re-
ceived another funding round, when their syndicate investors either form
an open-specialized or closed-diverse network. The researchers use the
approach developed by Oh, Chung, and Labianca (2004) to measure the
social capital of the syndicate based on the prior syndication networks of
the members. "Network closure" (Ter Wal et al., 2016, p. 408) measures
the local density of the syndicate network. Openness is based on the prior
co-investments of the syndicate members and measures the degree of new
information, for example, few prior co-investments lead to a lot of new in-
formation. They measure "bridging ties" (Ter Wal et al., 2016, p. 408), that
is, those that create connections between previously unconnected venture
capitalists, based on the approach developed by Burt (1992). Culturally,
Ter Wal et al. (2016) use a 32-industry categorization to calculate a "knowl-
edge similarity"(p. 408) or specialization measure. This measure compares
the shares of investments in a certain industry category to that of other in-
vestors.

The determinants of initial tie formation also depend on the lifecycle of
an organization. Hallen (2008) uses a sample of 92 new ventures in a niche
industry to show that early formed ties, in his analysis of professional in-
vestors like venture capitalists, are based on personnel connections, for in-
stance, of the founder, whereas more mature organizations form their initial
ties based on the company’s achievements. He measures a founder’s "di-
rect ties" by looking at the investors of firms that the founder had previously
founded and measures "indirect ties" (Hallen, 2008, p. 698) by counting the
number of times a certain investor has previously invested with another in-
vestor that the founder has received funding from. He uses the eigenvector
centrality to measure a venture capitalist’s status. He also includes mea-
sures based on the founder’s education, the universities he or she attended,
and the number of previously founded companies. Management capabili-
ties are assessed based on previous management roles, the diversity of the
founders, and the prior working relationships of the founders. He also col-
lects the number of new products and awards received. The analysis of
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only a small niche industry within a three-year time frame from 2000 to
2002, during which the dot-com bubble burst, makes the generalizability of
the results weak.

A startup’s ties serve different purposes: Shane and Cable (2002) differ-
entiate the effect of "social ties" (p. 372) on the funding decision regarding
access to information and social pressure from these ties. They find evi-
dence in a survey among venture capitalists that access to information is
more important than social pressure.

Broad network ties can also be a substitute for status: Wuebker, Hampl,
and Wiistenhagen (2015) analyze whether personal network ties or sta-
tus hierarchies are more important to venture capitalists. Their analysis
is based on a conjoint analysis such that the authors develop and ask ques-
tions regarding certain settings to make social ties and status measurable.
For instance, they use three well-known venture capitalists as their high-
status investors and an unknown company as the low-status venture capi-
talist. Their focal variable is thus the "relative strength of strong ties" (Wue-
bker, Hampl, and Wiistenhagen, 2015, p. 174), which is the difference be-
tween personal ties and status. They find that, when facing market un-
certainty, investors care more about personal ties, that is, the deal source,
than about another venture capitalist’s status, namely, the lead investor.
When venture capitalists become more experienced, they demonstrate an
increased preference for status. However, when venture capitalists become
highly experienced, they return to favoring the personal network. The au-
thors only test this relationship for the screening phase.

iii. Structural — Status

Ozmel and Guler (2015) analyze the effect of a new venture’s "relative
standing" (p. 2,047) in a venture capitalist’s portfolio on the chances of an
exit through sale or IPO. The authors consider the relative position of a
new venture based on the relative size in the portfolio, and they control
for, among other factors, the "status" (Ozmel and Guler, 2015, p. 2,048)
of the venture capitalist with the eigenvector centrality value. They first
model the likelihood of a match between a certain venture capitalist and the
focal startup and then control for this likelihood in their analysis. They find
support for their hypothesis that a better relative position in the portfolio
increases the chances of a successful exit, and this effect is stronger for high-
status venture capitalists and large portfolio sizes.

iv. Reputation

New ventures also base their decision on the venture capitalist’s repu-
tation. Through a survey, Hsu (2004) finds that new ventures are willing
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to accept a 10-14% valuation discount in order to be funded by strongly
reputable venture capitalists. This further supports the argument that new
ventures not only seek financial capital, but are also interested in the experi-
ence a reputable venture capitalist has gained. The author’s main measure
of reputation is "high industry deal experience" (Hsu, 2004, p. 1,824), which
is a binary variable equal to one if the focal venture capitalist has industry
segment experience above the median.

While most researchers focus on reputation gained from experience,
that is, the number of prior deals, and performance, Drover, Wood, and
Fassin (2014) add "ethical reputation” (p. 729) to the discussion. The au-
thors find evidence in a conjoint experiment that venture capitalist’s ethical
reputation affects a new venture’s decision to select a certain investor. A
bad reputation regarding unethical behavior might even be more impor-
tant to an entrepreneur than a venture capitalist’s positive performance.

v. Distances and others

Various distance measures are used to explain the matching of venture
capitalists and startups: Sorenson and Stuart (2001) analyze the effect of
"geographic distance" (p. 1,563) and "industry distance" (p. 1,565) between
startups and venture capitalists on whether or not a certain investor invests
in a given startup. The industry distance is based on the share of previ-
ous investments of the focal investor that were not in the same industry
category as the startup. The two authors demonstrate that, due to better in-
formation access regarding new deals, investors are more likely to invest in
new ventures with less geographical and less industry distance. The effect
is weakened if the venture capitalist has strong ties to other investors. In
that case, more distant investments become more likely.

Industry fit also affects new ventures’ later-stage performance.
Lungeanu and Zajac (2016) are concerned with ownership heterogeneity
among venture capitalists. They show that, depending on the strategic
needs in each step of a new venture’s lifecycle, there is a certain type of
investor that best meets these needs. They focus on the advisory role of
the venture capitalist in addition to his or her monitoring role. The re-
searchers analyze almost 2,000 firms that aimed to go public in a seven-year
timeframe and the experience of the venture capitalists invested. They ar-
gue that stage fit, industry fit, and investment time-horizon fit all have a
positive effect on a company’s performance. They confirm their hypothe-
ses with regard to the increased likelihood of successful exit for all three
types of fits, including industry fit, and confirm their hypotheses for stage
and timehorizon fit with regard to short-term post-IPO share performance.
Thus, the fit between the venture capitalist and the invested firm is crucial
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to firm performance. The authors measure fit by the count of prior invest-
ments in the same type of startup on the three dimensions: development

"stage fit," "industry fit," and investment "time-horizon fit" (Lungeanu and
Zajac, 2016, p. 939), weighing more recent investments more.

2.5 Summary and outlook

The literature review, based on the empirical variables and lenses used,
gives us three main insights. Firstly, the startup and the venture capital-
ist/syndicate level have been thoroughly researched. Different angles have
been used to analyze the effects of status and reputation on, for instance, the
performance of startups or venture capitalists, and the effects from cultural
and structural measures. However, the number of researchers focusing on
the dyad level and applying network-based and related measures has been
limited, and only recently has this field received greater attention.

Secondly, we find different foci in the variables used to explain the re-
lationships. For instance, on the startup level, the effect of a venture capi-
talist’s reputation and the ties that startups have to strategic partners and
investors are at the core of the empirical work. Not surprisingly, on the ven-
ture capitalist/syndicate level, general and status-related structural mea-
sures have been the focus. The syndication networks in the venture capital
industry are a great setting for analyzing the development and creation of
ties and the trade-off between weak and strong ties. Explaining the rela-
tionship formation between startups and venture capitalists has been at the
heart of the dyad level. Distance measures based on market categories or
geographical distance have been used, as well as some structural measures
based on existing ties.

Thirdly, a number of blind spots exist that open avenues for further re-
search. While there is agreement on the measurement of status, reputation
is still based on a number of different measures. An empirical test of the
different measures used might move the discussion on a standard measure
forward. In addition, we see that the dyad level still remains partly unex-
plained. Researchers acknowledge that there exists heterogeneity among
startups in terms of their cultural embeddedness and that this heterogene-
ity is perceived differently by different audiences. However, in these stud-
ies, the venture capitalists are primarily treated as a homogeneous group.
From our perspective, focusing on the creation of dyads between startups
and venture capitalists, one should take into account the differences be-
tween venture capitalists’ preferences and strategies for the cultural and
categorical embeddedness of new ventures. Furthermore, status and rep-
utational differences among venture capitalists is another important factor

when analyzing which venture capitalists invest in which startups. Based
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on the theoretical framework developed in chapter 3, we aim to shed light
on the factors affecting the dyad, considering the heterogeneity among star-
tups and venture capitalists based on a categorical fit in the empirical anal-
ysis of this dissertation.
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Chapter 3

Theoretical framework and
hypotheses

In the previous chapter, we see that only a limited number of studies
have used cultural and categorical measures to explain how the dyad be-
tween the startup and the venture capitalist is formed. Furthermore, most
studies have focused on heterogeneity either on the venture capitalist or the
startup side. In this chapter, we develop a theoretical framework and de-
rive testable hypotheses taking into account a new ventures embeddedness
and the varying preferences from the investor’s perspective.

We start with an introduction of the sociological concepts of legitimacy
and distinctiveness, focusing on the new venture’s need for and trade-
off between legitimacy and distinctiveness. We then describe how an en-
trepreneurial identity, which is the basis for the determination of legitimacy
and distinctiveness, is created from cultural and structural embeddedness.
However, we do not make any predictions about whether more or less dis-
tinctive startups have greater success in receiving financial capital. In order
to answer the first research question, we continue with a consideration of
historical experience, portfolio diversification, the status of venture capital-
ists, and the effects these variables have on the preference for the degree of
distinctiveness in a new venture’s entrepreneurial identity. In the last sec-

tion, we develop the hypotheses to answer the second research question,
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discussing the effect of the categorical distance between the focal startup
and the venture capitalist’s portfolio companies and what mitigates this ef-
fect. The building blocks of this chapter and their relationship are displayed
in figure 3.1.

3.1 The importance of legitimacy and distinctiveness

A core argument of organizational institutionalism theory centers
around an organizations’ need for legitimacy (Scott, 2013), which is
achieved by being associated with accepted beliefs, norms, or categories.
Organizations need to be considered legitimate to gain resources, cus-
tomers, or media attention. We argue that for organizations, particularly
for new ventures, there is also a need to be distinctive and show novelty in
order to be successful, for example, by making break-through innovations
(Navis and Glynn, 2011). Legitimacy and distinctiveness follow from an or-
ganization’s entrepreneurial identity, which is created through the orgniza-
tion’s cultural and structural embeddedness. For venture capitalists, en-
trepreneurial identity and the resulting creation of legitimacy and distinc-
tiveness is an integral factor in the funding decision.

3.1.1 Organizational legitimacy

Organizational legitimacy is a field that has long been studied, applied,
and referred to, but that often lacks a clear definition. Researchers on le-
gitimacy can be divided into strategic and institutional theorists (Suchman,
1995). The strategic theorists focus on the managerial aspects of legitimacy
(e.g., Ashforth and Gibbs, 1990; Dowling and Pfeffer, 1975), which encom-
pass managers’ ability to influence and use legitimacy as part of their over-
all strategic management choices. This includes the use of symbols to con-
vey messages to certain audiences and as a managerial resource (Suchman,
1995). On the other hand, institutional theorists are concerned with pres-
sure on the organization derived from the operative beliefs, norms, and
categories around them (e.g., DiMaggio and Powell, 1983; Scott and Meyer,
1983; DiMaggio and Powell, 1991). For them, it is most important that the
existence of an organization is legitimized and that this is achieved by the
organization’s cultural setting, rather than by the organization itself.

At the core of both research traditions lies the notion that organizations
gain legitimacy from congruence with existing beliefs, norms, and cate-
gories in the environment. Legitimacy is a perception of the audience,and,
while an organization can be subjectively considered legitimate by its ob-
servers, it may actually divert from existing beliefs.

There is also a need for an organization to demonstrate legitimacy. For

instance, an analysis of stock-price development has shown that companies
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not covered by relevant industry analysts trade at a discount (Zuckerman,
1999). This means that these companies are not considered to be part of an
industry that is covered by analysts and thus lack the required legitimacy.
Generally, a desirable organization receives more resources as it becomes
more trustworthy and meaningful with increasing legitimacy (Meyer and
Rowan, 1977; Suchman, 1995) and legitimacy has been found to improve
the resource acquisition and survival rate of companies (Rao, 1994)

In certain contexts, the complexity of legitimization increases. For in-
stance, multi-national enterprises face legitimization complexity from the
environment, from within the organization, and in the legitimization pro-
cess due to their international operations and subunits (Kostova and Za-
heer, 1999). Similarly, due to lack of information and often disruptive busi-
ness models, the legitimization of startups is comparably complex. These
companies suffer from the liability of newness (Stinchcombe, 1965), which
describes a lack of proof of the business model and thus a higher failure
rate. It follows, that legitimacy for new ventures is particularly important
(Aldrich and Fiol, 1994).

In summary, legitimacy is beneficial to organizations in acquiring re-
sources, becoming meaningful, and gaining trustworthiness. Legitimacy
is gained by being embedded within the cultural setting, sharing norms,
beliefs, and categories, and being structurally embedded. DiMaggio and
Powell (1983) argue that, due to the need for legitimacy, organizations are
very similar, leading to isomorphism among institutions. We argue that
this is not generally true for new ventures, as they need to be innovative
and potentially disruptive. Legitimacy can be acquired by a number of
different means (Fisher, Kotha, and Lahiri, 2016). We postulate that the en-
trepreneurial identity affected by these means functions as an overarching
integrator, on which various audiences can base their perception of legiti-

macy and distinctiveness.

3.1.2 Distinctiveness through boundary-spanning

While there is a clear need to be legitimate, organizations, particularly
new ventures that seek venture capital funding, also have to demonstrate a
certain degree of distinctiveness and novelty (Aldrich and Fiol, 1994). This
distinctiveness shows how these organizations are different from competi-
tors, for instance, in terms of their corporate culture or business model. It
is crucial for the innovation process, for investors like venture capitalists,
or for other audiences. The optimal degree of distinctiveness versus legiti-
macy depends on the audience (Pontikes, 2012).

Boundary-spanning is the sociological concept behind distinctiveness
and can be considered an extension of the legitimacy concept. An organi-
zation typically has strict boundaries that define it (Aldrich and Herker,
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1977) and that are the signals on which an audience bases its (uncon-
scious) decision to assign legitimacy to an organization; therefore, legiti-
macy and boundaries play an informational role. Deviation is often called
'boundary-spanning' as it crosses existing, demarcated boundaries (Fennell
and Alexander, 1987).

An important aspect is that boundary-spanning is required for the in-
novation process (Tushman, 1977), for instance, when boundaries are of a
technological nature. For companies that focus on a certain technology and
that continue to innovate incrementally within their technology boundaries
(Rosenkopf and Nerkar, 2001), boundary-spanning is the process of com-
bining different technologies. This may be achieved via the establishment
of alliances or other forms of relationships, especially with technology com-
panies (Stuart and Podolny, 1996; Nagarajan and Mitchell, 1998). While
in-boundary technological developments are mainly small, incremental im-
provements (Rosenkopf and Nerkar, 2001), break-through innovation can
only be achieved by spanning existing boundaries. Rosenkopf and Nerkar
(2001) argue and demonstrate that, in the CD/DVD domain, in addition to
technological boundary-spanning, organizational boundary-spanning can
also lead to radical innovation. If the knowledge base of multiple organiza-
tions is combined, new technical re-combinations can be achieved. In order
for new ventures to be innovative and develop new business models that
can disrupt entire industries, they need to cross boundaries.

There is a tradeoff between the legitimacy that is gained from being as-
sociated with a clear and distinct category and the distinctiveness that is
gained through crossing existing boarders. Legitimacy is generally impor-
tant for all firms, but it is especially significant for new ventures that have
not yet gained legitimacy by sustained survival (Navis and Glynn, 2011).
Venture capitalists are especially sensitive to how they can justify their in-
vestments to their limited partners based on the attributes of the startup.
Contrary to this, Pontikes (2012) argues that venture capitalists, as opposed
to other audiences such as consumers, prefer distinctiveness over legiti-
macy.

In sum, there is a need for new ventures to be simultaneously legiti-
mate and distinctive, similar to individuals as argued in the optimal distinc-
tiveness literature (compare Brewer, 1991; Zuckerman, 2015). Thus, there
are differences in the degree of distinctiveness among new ventures. This
heterogeneous group of new ventures also faces a heterogeneous group of
venture capitalists, of which some prefer more legitimized and some more

distinctive new ventures. We explore this further in section 3.3.



3.2. The creation of entrepreneurial identity 51

3.2 The creation of entrepreneurial identity

Entrepreneurial identity is important to create "legitimate distinctive-
ness" (Navis and Glynn, 2011, p.482) or in other words a coherent story on
an organization. The entrepreneurial identity is created by the cultural and

structural embeddedness!, which we will outline in the following.

3.2.1 Introduction to entrepreneurial identity

Entrepreneurial identity has received little attention in the current state
of research, with only a few exceptions (Navis and Glynn, 2011; Lounsbury
and Glynn, 2001; Martens, Jennings, and Jennings, 2007; Tripsas, 2009). It
is generally accepted that, in essence, an organization’s identity is claiming
certain attributes or categories, for instance, as a reference to its business
model (Glynn, 2000; Ashforth and Mael, 1989). For instance, Navis and
Glynn (2011, p. 480) describe entrepreneurial identity as "the constellation
of claims around the founders, organization, and market opportunity of
an entrepreneurial entity that gives meaning to questions of 'who we are'
and 'what we do'." From our perspective, entrepreneurial identity also in-
cludes structural embeddedness, that is, the new venture’s network, and
the legitimacy and distinctiveness it gains from that network. Hence, en-
trepreneurial identity is an integral part of a new venture and is shaped
by introducing distinctiveness and novelty on the one hand and conform-
ing to shared beliefs on the other. The identity of a new venture is espe-
cially important as these young companies often have little more than an
idea, business plan, or prototype, which increases the importance of the
entrepreneurial identity for potential investors, employees, or customers
(Elsbach and Kramer, 2003; Navis and Glynn, 2011).

Entrepreneurial identity follows from the combination of an organiza-
tion’s legitimating and boundary-spanning elements that formed the basis
for the categorization. For a new venture to be successful, it needs a "legit-
imate distinctiveness" (Navis and Glynn, 2011, p. 482): A firm cannot ran-
domly combine distinct elements to create a legitimate distinctive identity,
but it needs to have a coherent story, identity, or business model in order
to ensure its legitimate distinctiveness (Navis and Glynn, 2011). In a co-
herent story, all of the legitimizing and boundary-crossing elements on the
personal, organizational, and market levels need to fit together. This argu-
mentation is in line with other authors who indicate that any story around
new ventures’ business models need to be coherent in order for them to

achieve the desired signaling effect (e.g., Magretta, 2002; Perkmann and

'We follow the definition by Goldberg et al. (2016) of embeddedness as "one’s degree
of anchoring in a social context" (p. 1,216), which can exist in a cultural and a structural
dimension.
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Spicer, 2010) and that this makes it easier for new ventures to access fund-
ing, employees, and other resources (Lounsbury and Glynn, 2001; Martens,
Jennings, and Jennings, 2007; Zott and Huy, 2007). For example, Zott and
Huy (2007) show that new ventures that use symbolic management to cre-
ate a legitimate identity are more successful at securing required resources.

While entrepreneurial identity is also a type of categorization, it is more
than just an association of cultural categories. Other ways of creating en-
trepreneurial identity may be possible: the legitimacy that is gained from
being funded by a high-status venture capitalist may affect entrepreneurial
identity, for instance. Goldberg et al. (2016) argue and empirically demon-
strate that legitimacy and distinctiveness can stem from cultural and struc-
tural embeddedness. Entrepreneurial identity integrates the cultural and
structural embeddedness of an organization into a holistic concept. Cate-
gorization places organizations in categories without considering the whole
picture, while, on the other hand, entrepreneurial identity binds all ele-
ments together into an ideally coherent story.

3.2.2 Cultural and categorical embeddedness

As outlined above, boundary-spanning and gaining legitimacy can be
achieved through several means and layers. One major aspect is cultural
embeddedness, which is also at the heart of this work. Most importantly,
cultural embeddedness encompasses categorical embeddedness, that is,
what categories a new venture is associated with. This so-called 'social
categorization' is the process of dividing organizations into groups, by
which each organization either forms part of a group (in-group) or does
not (out-group), based on the organization’s attributes (Hogg and Terry,
2000). Organizations are compared to group prototypes in order to deter-
mine whether they are in-groups. These group prototypes incorporate all
of the attributes that are specific to a certain group. An organization’s po-
sition is also dependent on the current environment and may evolve over
time, which is why it is important to consider group membership at a cer-
tain point in time (Hogg and Terry, 2000).

Two parties can effectuate categorization: an organization itself (self-
categorization) or others (Jenkins, 2000). While the management of an or-
ganization can try to influence its categorization, it is the perception of an
audience that matters in the creation of legitimacy.

Categorization also has very practical, every-day applications as shown
in consumer-psychology research. Consumers use categorization to nav-
igate their consumption behavior (Pontikes, 2012; Loken, Barsalou, and
Joiner, 2008): When they see a product, they immediately categorize it into
one of their known categories and, if it is difficult to categorize, it is dis-
counted. This has practical implications on the marketing, for example, the
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positioning and advertising of products. In consumer-psychology research,
categorization has been analyzed in a number of fields, such as brand cat-
egories (e.g., Barone, 2005), product categories (e.g., Meyers-Levy and Ty-
bout, 1989), and cultural categories (Briley and Wyer, 2002).2

Placing organizations in categories helps audiences, as it serves as a
summary of a firm’s attributes, which is especially helpful in cases of uncer-
tainty or ambiguity (Ashforth and Humphrey, 1997). Boundary-spanning
concerns all types of boundaries, and a firm can easily have boundaries in
many dimensions. Categories summarize part of these dimensions and are
easier to treat for consumers, venture capitalists, or other audiences.

Many researchers such as Hannan, Goldberg, and Kovacs (2016) as well
as other sociologists (e.g., Peterson, 1992; Johnston and Baumann, 2007)
have analyzed cultural embeddedness only in cultural settings that are un-
derstood in a narrow sense, for instance, in arts such as film-making or
cuisine. In a broader sense, culture can be considered the shared beliefs
within a society or group of people, and legitimacy is gained by an organi-
zation’s or object’s cultural embeddedness. This includes the perception of
consumers, investors, and employees, all of whom form legitimacy.

Startups, for example, can distinguish themselves, that is, be distinctive,
by boundary-spanning through defiance of established categories and com-
bining distinct cultural attributes to create new ones (Hannan, Goldberg,
and Kovdcs, 2016). If a single startup identifies itself with the categories of
biotechnology, telecommunication and software, it is distinctive, as it combines
multiple bounded categories to create a new category. Distinctiveness thus
entails creating a new category, and, in our example, it may be a signal for
a new business model that typically creates more risk, as it has not been
proven. However, this higher risk is also rewarded by a potentially higher
return.

Cultural sociologist consider boundary-spanning to be a consumption
of multiple categories and view it as consumption behavior rather than as
an object attribute. For instance, Hannan, Goldberg, and Kovécs (2016) an-
alyze movie goers’ and restaurant visitors’ consumption preferences. They
introduce variety as a measure of the extent of consumption of different
cultural types. A movie or restaurant itself cannot have a measure of vari-
ety: only consumers, investors, and other types of audiences that consume

multiple objects can cross boundaries in this sense.

3.2.3 Structural embeddedness

Structural embeddedness is defined by the network to competitors, in-

vestors, or other partners, like research institutions or suppliers, that a new

*For a more in-depth review, please see Loken, Barsalou, and Joiner (2008)
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venture has connections to. From this network, social capital, that is, access
to resources within the network, is gained by the new venture (Nahapiet
and Ghoshal, 1998). The resources from this network can include access to
information, technology, and financial capital. The current network part-
ners also affect the future network partners, for instance, an organization is
more likely to form a direct tie to indirectly connected organizations than
to unconnected partners (Gulati, 1995), and thus impact the identity and
development of an organization. A recent meta analysis of 61 samples has
shown a significant positive effect of social capital on small firms” perfor-
mance (Stam, Arzlanian, and Elfring, 2014). One important discussion on
structural embeddedness revolves around the question of whether greater
access to broader information from less dense networks through the closure
of structural holes (Burt, 2004), that is, a focal actors connections to many
unconnected partners, is more beneficial to an organization than strong ties
in dense networks (Burt, 1997), that is, a focal actor’s connections to others
that share many ties (Ter Wal et al., 2016).

According to Burt, Kilduff, and Tasselli (2013) as well as other authors,
the term 'structural embeddedness' describes specifically the 'strong tie em-
beddedness', that is, an organization with a strong structural embedded-
ness has a highly dense network in which ties are well connected with
each other and few structural holes exist. In a recent review, the authors
show that, in the social-psychology context, structural embeddedness, that
is, constraints in dense networks, reduce the advantages of social networks,
especially regarding access to new information and innovativeness. How-
ever, they agree that structural embeddedness has a positive effect on rep-
utation and the trust among network members. In sum, whether strong or
weak ties are better for an organization depends on the setting and state,
which either requires more diversity and information or deep insight (com-
pare Burt, 1997; Ter Wal et al., 2016).

One important aspect in the discussion of structural embeddedness is
the legitimacy gained from it such that it becomes part of a new venture’s
entrepreneurial identity. When other types of quality assessment do not ex-
ist, structural connections serve as quality signals (Podolny, 1993; Ozmel,
Reuer, and Gulati, 2013). For instance, venture capitalists use the partner
network of a new venture as a quality signal (Stuart, Hoang, and Hybels,
1999). Similarly, high-status venture capitalists can themselves be a posi-
tive quality sign for a new venture. For new ventures, these legitimizing
signals are especially important (Rao, 1994). For instance, Higgins and Gu-
lati (2003) show that when other quality signals do not exist, the personal
ties of the new venture’s management to other reputable organizations af-
fect the IPO success.

For the creation of entrepreneurial identity, the legitimacy resulting
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from structural embeddedness is most relevant. Aldrich and Fiol (1994)
show that network partners can help overcome lack of legitimacy for new
ventures. Specifically, these network ties can help in understanding the
business and, secondly, convince other network partners to accept the com-
pany as an appropriate partner. Elfring and Hulsink (2003) develop a
framework based on three case studies that showed that, especially for
highly innovative new ventures, a combination of strong and weak ties can
enhance legitimacy. The networks of young companies develop over time
(Maurer and Ebers, 2006), depending on the development stage, such that
they have a greater need for strong ties (dense connections), which evolves
into a sparser network in later stages (Hite and Hesterly, 2001).

3.3 Venture capitalists and entrepreneurial identity

Based on the description of entrepreneurial identity and the factors in-
fluencing the legitimacy and distinctiveness of new ventures, we develop
a number of hypotheses with regard to which venture capitalists invest in
what type of startups. The mechanics at work in the venture capitalist -
startup relationship along with the empirical approaches used, as described
in chapter 2, provide the basis for our argumentation. We add some specific
theory about the venture capitalist’s preference for distinctiveness, portfo-
lio diversification, and the impact of status to support our argumentation.

3.3.1 Distinctiveness and novelty in venture capitalists” portfo-
lios

A new venture’s affiliation with certain institutionalized categories in
order to gain legitimacy varies according to the degree of distinctiveness.
Above, we defined the startup-related attribute of distinctiveness as a mea-
sure of the degree of boundary-spanning in new ventures. Moreover, ven-
ture capitalists have a choice regarding investment in a certain degree of
distinctiveness among their portfolio companies.

Categorical ambiguity — for example, when a new venture that is diffi-
cult to categorize, either because it falls into multiple categories or because
the distinction between several categories is unclear — also creates distinc-
tiveness. Pontikes (2012) argues that, depending on the audience, categor-
ical ambiguity can either be a desired or an unwanted feature. She distin-
guishes between consumers, who prefer category association, and venture
capitalists, who prefer categorical ambiguity due to their desire for distinc-
tiveness. Consumers and other audiences who prefer sharply defined cat-
egory association use categories to navigate and reach their goals, for in-

stance, by looking for a certain type of company that can fulfill their need
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for a specific service or product. As this type of audience cannot influence
the companies, in their search, they discount companies with ambiguous
business models versus companies without categorical ambiguity.

Other audiences, such as venture capitalists, prefer categorical ambigu-
ity, as it is a sign of flexibility: for instance, the ability of a firm to adapt
to changes in its environment such as customer demand (Pontikes, 2012).
Once they have invested, venture capitalists have a strong influence on the
company and can thus shape the company upon analysis. In addition, they
spend more time analyzing and doing research on a company so that, al-
though categorical ambiguity may exist at first sight, a closer look reveals
that the venture capitalist might be able to assign a clear category to the
firm. Once such venture capitalists have control or influence over a firm,
they can shape the company in order to reduce ambiguity for other audi-
ences as well. A recent empirical analysis of venture capital funding in the
nanotechnology sector has also found empirical evidence that venture cap-
italists are more likely to fund new ventures with a hybrid identity of sci-
ence and technology compared to firms with a pure science identity (Wry,
Lounsbury, and Jennings, 2014). The effects were especially strong for cer-
tain categorical combinations together with certain header categories.

This raises the question of why there are still new ventures with low
distinctiveness that are funded by venture capitalists if distinctiveness is
generally desirable. Because, with higher distinctiveness, the risk of failure
also increases, there are some venture capitalists that can afford to take such
a risk while others cannot. Being distinctive is a risk factor that Zuckerman
(2015) calls "valuation risk". If a new venture is highly distinctive, defy-
ing many established norms, there is a high risk that the company will not
be accepted, for instance, that it will not find enough customers, will not
reach its strategic or financial goals, or will even end up insolvent. Thus,
entrepreneurial identity’s perceptual effect, that is, how the new venture is
perceived by various audiences, also affects the development of the busi-
ness itself. Startups that cross boundaries or are generally difficult to clas-
sify may be devaluated by consumers. The business model of a startup with
a strong boundary-crossing identity is more likely to be of greater novelty
than that of more embedded startups. It can also be a sign of flexibility if
a startup is highly non-conforming (Pontikes, 2012). For a venture capital-
ist, the degree of distinctiveness thus signals the degree of novelty, flexi-
bility, and risk of a new venture. However, there might be a reward: The
valuation or business risk associated with being distinctive might lead to
increased performance (Zuckerman, 1999; Phillips, Turco, and Zuckerman,
2013; Sgourev and Althuizen, 2014).

We have defined a startup’s distinctiveness as the opposite of legitimacy
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in a continuous space. A startup is thus placed somewhere in the con-
tinuum between high legitimacy and high distinctiveness depending on a
startup’s cultural embeddedness. A highly distinctive startup is less em-
bedded and more boundary-spanning than one with low distinctiveness.
When venture capitalists face their investment decision, they follow a cer-
tain strategy with regard to their portfolio. This can be in order to invest
in more established categories and business models, or to take the risk of
investing in newer, more distinctive startups. Venture capitalists that have
gained experience in selecting, monitoring, and possibly coaching distinc-
tive startups are expected to continue to do so. Not only have venture cap-
italists typically communicated their investment strategy at the origination
of the current fund, but they also reduce the valuation risk when they con-
tinue to invest in similarly distinctive new ventures. Consequently, the first

hypothesis is as follows:

H1: Venture capitalists with experience in investing in distinctive
startups have a greater probability of investing in distinctive startups in
the future.

3.3.2 Diversification of venture capitalists’ portfolios

Variety describes the consumption of multiple cultural categories by
consuming several objects, although each object can exist within estab-
lished cultural boundaries (Hannan, Goldberg, and Kovacs, 2016). Trans-
ferring this to organizations, for instance, in the venture capital context, this
is a measure of portfolio diversification. The greater the difference between
the startup’s identities in a venture capitalist’s portfolio, the more diversi-
fied the portfolio is. A venture capitalist would thus have a high degree
of diversification if he or she invested in multiple startups that have highly
different attributes, such as investing in a biotechnology, a telecommunications
and a software startup.

In addition to investment-specific risk, venture capitalists also face port-
folio risk (Norton and Tenenbaum, 1993). One strategy by which to reduce
individual investment risk in the portfolio is diversification (Sharpe, 1964).
In an investment portfolio with many assets that are not fully correlated,
each asset reduces idiosyncratic or firm-specific risk. With an increasing
number of assets, the only relevant risk that remains is market risk, which
is the risk of the volatility of the whole market and can be caused by an
economic downturn, rather than by the failure of individual market par-
ticipants. The main assumption of the Capital Asset Pricing Model is that
investors are only rewarded with higher returns for systematic risk, as any
investor could diversify away unsystematic risk (Sharpe, 1964). In venture
capital, there is high idiosyncratic risk especially in the early investment
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phases (Ruhnka and Young, 1991). Venture capitalists could thus diversify
through investments in multiple assets within varying industries and re-
gions with low correlation. Another way of diversifying is by investing in
different stages, such as the seed stage, early stage, and late stage of ven-
ture capital (Norton and Tenenbaum, 1993). However, venture capitalists
are typically asset managers who allocate their limited partners” financial
resources into new ventures. These limited partners, for instance, pension
funds, can diversify their portfolios themselves. Specialized venture cap-
ital firms with a focus on industry and region allow limited partners to
give capital to the venture capitalists that best match their risk, return, and
portfolio-constraints profile. The limited partners typically have a number
of other asset classes, such as bonds, stocks, or later-stage private equity,
which need to be taken into account when allocating capital to venture cap-
ital and selecting venture capitalists. Venture capital firms have a desire to
diversify their portfolios in order to reduce the risk of bankruptcy: If the
cost of the risk of bankruptcy is too high, it negatively affects the perfor-
mance of the firm.3

Strategists argue that venture capital firms benefit from specialization
(Chan, 1983; Bygrave, 1987). As described above, venture capitalists spend
a lot of time with new ventures, advising and helping them to profession-
alize (Hellmann and Puri, 2002). In order to be as beneficial as possible to
new ventures, venture capitalist’s need domain-specific knowledge. Espe-
cially for young ventures in their early stages, the specific product, market,
or technology knowledge is crucial in making the new ventures successful.
A survey among venture capitalists with 98 responses shows that the need
to specialize is greater than the need to diversify (Norton and Tenenbaum,
1993) and Gompers, Kovner, and Lerner (2009) support findings that spe-
cialized firms outperform diverse firms. Diverse firms are more successful
if they are comprised of specialists rather than generalists. More recently,
Matusik and Fitza (2012) analyzed the performance of venture capital firms
over a period of 40 years, depending on their degree of diversification. They
found a U-shaped relationship between firm performance and the degree
of diversification moderated by co-investments and the investment stage.
Lower levels of co-investments and earlier investment stages increase the
U-shaped relationship. Based on these findings, the level of diversifica-
tion has been shown to be an important strategic choice for venture capital
firms: Either high specialization or high diversification are the most ben-
eficial to fund performance. Typically, small portfolios benefit from a low

3The argumentation is similar to the arguments about optimal capital structure: Increas-
ing financial leverage increases the risk of bankruptcy for an organization. As long as the
tax savings from higher leverage are greater than the cost of bankruptcy, it is advisable to
take more risk (Kraus and Litzenberger, 1973; Gruber and Warner, 1977).
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correlation between firms while large portfolios are typically more special-
ized (Fulghieri and Sevilir, 2009).

In another context it has been shown that movie goers and restaurant
visitors who have a clear preference for objects in established categories
display an increasing preference for consuming a great variety of categories
(Hannan, Goldberg, and Kovacs, 2016) and are considered open minded in
doing so (Ollivier, 2008). Similarly, we expect that venture capitalists prefer
highly diversified investment portfolios when investing in startups with
low distinctiveness. This naturally makes sense: As venture capitalists with
a preference for high diversification in their portfolios attempt to reduce
risk by diversifying into multiple categories, we assume that they are risk-
averse. If the legitimacy of an object reduces risk and distinctiveness refers
to novel and unproven new ventures, such risk-averse venture capitalists
will have a preference for a low degree of distinctiveness.

H2: Venture capitalists with diversified portfolios have a lower prob-
ability of investing in distinctive startups in the future.

3.3.3 The combined effect of average distinctiveness and diversi-
fication

We have now described and developed two venture capitalists’ at-
tributes based on their current portfolio. Firstly, the experience that is
gained by investing in distinctive new ventures measured by the aver-
age distinctiveness of the portfolio companies. Secondly, there is portfolio
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diversification, which is based on the differences in portfolio companies’
identities. These two dimensions describing the venture capitalist’s portfo-
lio can be orthogonal to each other, as is displayed in figure 3.2. Based on
its current portfolio, a venture capitalist can thus be anywhere in the ma-
trix having either great or little experience in investing in distinctive new
ventures, that is, high or low portfolio distinctiveness, and having either a
highly or lowly diversified portfolio.

A highly diversified venture capital portfolio, which encompasses new
ventures with very different identities, reduces overall portfolio risk, as de-
scribed above, and is a sign of risk-averse venture capitalists. Consequently,
investors with low portfolio diversification and high portfolio distinctive-
ness are most risk-tolerant, while portfolios with high diversification and
low distinctiveness indicate risk-averse venture capitalists.

Our framework results in a four-type categorization based on an in-
vestor’s portfolio. As diversification and distinctiveness do not simply add
up (Hannan, Goldberg, and Kovécs, 2016), and if hypothesis H1 and hy-
pothesis H2 hold true, we would expect investors with a preference for high
diversification and low distinctiveness to have the strongest preference for
low distinctiveness.

3.3.4 Status benefits from structural embeddedness

Structural embeddedness describes the position of an object in a (typi-
cally social) network — the structure — and its advantages and disadvantages
depending on the degree of embeddedness (e.g., Burt, 1997; Podolny and
Baron, 1997). In addition to clearly demonstrated benefits from the flow
of information from these networks and the closure of structural holes in
syndicated venture capital investments (among others Podolny, 2001; Ter
Wal et al., 2016), the structural position of a venture capitalist in the co-
syndication network is also a signal of status and thus of the quality of a
venture capitalist.

Generally, an organization’s identity, including its status, depends on
the network around it with respect to status and power differences (Hogg
and Terry, 2000). Podolny (2001) proposes that, within a setting of "alter-
centric uncertainty" (p. 37), a situation in which the quality of an actor is
unclear, and specifically in the venture capitalist - startup relationship, net-
works can be considered prisms that convey information about the status
of a venture capitalist. Furthermore, status has been shown to be a sign of
relative quality compared to other producers, such as venture capitalists, in
the market (Podolny, 1993; Podolny, Stuart, and Hannan, 1996).

Venture capitalists have to justify their investments to their limited part-
ners, which can be achieved if the new venture’s identity displays a high
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degree of legitimacy. If the venture fails, the venture capitalist can still ar-
gue that it was, at least in parts, a proven or accepted concept and thus not
a misallocation caused by insufficient due diligence. On the other hand,
venture capitalists seek novel businesses for it to be possible to achieve ab-
normal returns on their investments.

The literature on the effect of status on preferences for either legit-
imizing conformity or boundary-spanning has argued for and empirically
found opposing effects. Many researchers have found an inverted U-shape
legitimacy preference, which entails middle-status actors” preference for
legitimacy while high- and low-status actors do not share this preference
(among others Hollander, 1958; Blau, 1960; Hollander, 1960). This argu-
mentation is based on the assumption that an actor identifies with a role
and a certain security that can be gained from it (Phillips and Zuckerman,
2001). High-status actors thus feel sufficiently secure in their role of having
a boundary-spanning preference (Hollander, 1958; Hollander, 1960). Their
risk is limited by the status and identity that they have already gained. For
low-status actors, there is a nothing to lose' situation. As low-status actors
are neglected no matter what their actions are, they do not need to con-
form to any expectations (Phillips and Zuckerman, 2001). In other words, a
low-status actor can take the risk of choosing a boundary-spanning startup,
because even if they fail, they do not lose any status. In sum, both high- and
low-status actors have nothing to lose. In contrast, middle-status actors do
not have the security of their established status identity, but are also not
entirely unconsidered. Phillips and Zuckerman (2001) found that middle-
status actors in the market for professional services and investment advice
have the highest pressure to conform to expected standards, resulting in an
inverted U-shape curve between status and legitimacy. In the venture cap-
ital domain, however, there is a matching or sorting component (Sorensen,
2007). In the relationship between venture capitalists and startups, not only
do venture capitalists have a choice in which startups to invest; startups
also select their investors to best match their needs, in addition to the re-
quired financial capital. This distinguishes the venture capitalist - startup
relationship from most settings within the cultural domain, such as the re-
lationship that a movie producer has with his consumers, in which the pro-
ducer generally does not select the consumer but is happy for every pay-
ing customer. The best startups choose their investors and naturally select
those with the best network and highest status as the high-status investors
can increase the new ventures’ legitimacy creating a positive quality signal
(Podolny, 1993; Rao, 1994). This is especially relevant for those with low
legitimacy and high distinctiveness making it hard for low-status venture
capitalists to invest in this type of startups. Jensen and Roy (2008) show that
organizations reduce the set of potential auditing firms based on the relative
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status ranking of these firms and only then consider the actual experience.
Analogously, we postulate that new ventures choose their venture capitalist
based on the venture capitalist’s status. Low-status investors are therefore
not able to invest in highly distinctive startups for two reasons. Firstly, the
most promising startups are often the ones with a high degree of distinc-
tiveness due to a greater chance of radical innovation. Secondly, startups
with the highest distinctiveness need legitimacy from high-status venture
capitalists. Both factors make highly distinctive startups choose high- and
not low-status venture capitalists. The inverted U-shape curve will thus not
hold in the venture capital domain; rather, a linear relationship is expected.

We can summarize that, in some settings, the relationship between sta-
tus and legitimacy follows an inverted U-shape (Phillips and Zuckerman,
2001). However, in the venture capital domain, we expect low-status in-
vestors to not be able to demonstrate their preferences. As startups also
chose their investors, they will always pick the venture capitalist with the
highest status, with the expectation that they will benefit from the net-
work, knowledge, and legitimacy of a high-status venture capitalist. Low-
status venture capitalists thus typically do not get the chance to invest
in boundary-spanning, innovative startups. High-status investors can af-
ford to make investments in high-risk startups with high distinctiveness,
whereas middle-status investors are afraid to lose their status in case of
failure. From this, the following hypothesis follows:

H3: The higher the status of a venture capitalist is, the greater the

probability of investing in distinctive startups in the future.

3.4 Categorical distance and venture capitalists’ at-

tributes

In the previous section we developed hypotheses on the likelihood of
the investments of venture capitalists based on the distinctiveness created
by the entrepreneurial identity. Another broadly accepted argument con-
cerning the formation of investment ties is that investments are more likely
the shorter the distance between a new venture and a venture capitalist is
(Sorenson and Stuart, 2001). As the second part of our analysis, we now de-
velop hypotheses regarding the effect of categorical distance on the match-
ing of startups and venture capitalists and, even more importantly, how the
venture capitalist’s experience of investing in distinctive new ventures, de-
gree of portfolio diversification, and status affect sensitivity to categorical
distance. The important link to our previous reasoning of a new venture’s
distinctiveness is how we measure categorical distance and distinctiveness:
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We test our hypotheses by considering market categories, taking into ac-
count the distances between these categories. The methodological details
are described in chapter 4, but it is important to understand how the con-
cepts of categorical distance and distinctiveness are connected. From a con-
ceptual perspective, one can see another similarity between the two mea-
sures: A startup’s distinctiveness is a measure of the general novelty of the
startup compared to all other startups, while categorical distance is a mea-
sure of the startup’s novelty compared to the venture capitalist’s portfolio
companies.

We start this section by reiterating the main line of argumentation made
by Sorenson and Stuart (2001) about why greater distance reduces the likeli-
hood of investments. This is followed by the development of our hypothe-
ses regarding the effect of a venture capitalist’s attributes on sensitivities
to categorical distance. We keep the description of the venture capitalist’s
attributes relatively short, as they have been discussed extensively in the

previous section.

3.4.1 General effect of distance

Proximity is beneficial in the pre- and post-investment phases. In the
pre-investment phase, venture capitalists first need to identify potential
investment targets. This includes the identification of new ventures that
match the desired attributes, for instance, with regard to distinctiveness.
Secondly, these new ventures need to be seeking additional capital from
venture capitalists at that moment to be considered a potential investment
target. The more information the venture capitalist and the startup have,
the better the chances of an investment. However, the flow of information
is greater between closer actors than between more distant ones, which
leads to a greater number of and more information about new ventures
seeking capital in proximity than about distant new ventures. In addition,
as the venture capital context is characterized by high uncertainty because
the new ventures do not have proven business models and information is
often sparse (Gompers and Lerner, 2001), venture capitalists tend to have
more trust in closer partners. Secondly, after target identification, the pre-
investment phase includes the evaluation of new ventures that are potential
investment candidates. Due to informational asymmetries that lead to ad-
verse selection and moral hazard problems (Amit, Brander, and Zott, 1998),
venture capitalists need partners and information from partners that they
can trust. They are more likely to find these in proximity rather than at a
distance. Furthermore, the new ventures can also choose their venture cap-
italist. In line with the satisficing principle, which assumes that actors do
not optimize until they find the optimal solution, but instead search until
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they find a sufficient solution (Simon, 1955), a startup searches for a ven-
ture capitalist that fulfills the needs the organization currently has. They do
not necessarily search among all potential venture capitalists. Rather, doing
a cost-benefit analysis, they start with the venture capitalists in proximity
to reduce the information and travel costs of searching for more geographi-
cally distant or otherwise distant venture capitalists. Consequently, venture
capitalists gain easier informational access and receive information about
new ventures seeking capital in proximity; new ventures would similarly
start by searching for venture capitalists in their own neighborhood.

Knowledge spillovers happen, at least for certain industries, in geo-
graphically local cluster (Zucker, Darby, and Armstrong, 1994). These clus-
ters are particularly important for knowledge spillovers to increase innova-
tion (Audretsch and Feldman, 2004) and are most relevant to institutional
ties (Bell and Zaheer, 2007). Singh (2005) also finds positive effects on the
flow of information when geographical distances are short; however, when
prior ties between actors exist, geographical distance becomes less impor-
tant. In collaboration networks, social ties can even be more relevant to
the decision of whether or not to collaborate than geographical distance
(Autant-Bernard et al., 2007). The need for geographical proximity is also
reduced when organizations share a similar background, as is shown for
research institutions (Ponds, van Oort, and Frenken, 2007). In other words,
there is higher "institutional proximity" (Autant-Bernard et al., 2007, p. 496)
or smaller industry and cultural distance between these organizations.

In the post-investment phase, venture capitalists use close monitoring to
overcome informational asymmetries (Kaplan and Strémberg, 2001). More
than 80 hours per year on average are spent with each portfolio company
(Gorman and Sahlman, 1989), in which discussions with the management
regarding the achievement of milestones, the strategic direction of the com-
pany, and other topics take place. These monitoring and advising activities
are the reasons for the effects venture capital has on startups, like greater
innovation, stronger internationalization, and overall better performance
(e.g., Sapienza, Manigart, and Vermeir, 1996; Lerner, 1995; Sapienza, 1992;
Gorman and Sahlman, 1989). Greater distance reduces these benefits. For
instance, if it takes more time to travel or if personal relationships are weak,
because in-person meetings are replaced by video or telephone conferences,
less time can be spent on value-adding activities, and meetings are less ef-
fective. The same is true for more industry-distant new ventures. If the ven-
ture capitalist does not have experience in the same industry, he or she is
less familiar with it and cannot give the same quality advice, has a weaker
network in that industry, for example, regarding collaborators, or at least

needs more time to build up the required knowledge and understanding.
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In sum, venture capitalists at a shorter distance gain access to more in-
vestment opportunities, are better at evaluating them, and can give better
advice and spend more time with the new venture.

So far, we have used the general notion of distance, which we now de-
fine. While this is not intended to be a discussion about methodologies,
we need to present a number of distance measures in order to clarify the
different meanings between them. Distance can describe the geographi-
cal distance between the startup’s headquarters and the venture capitalist’s
main or satellite office (Sorenson and Stuart, 2001). Generally, geograph-
ical proximity reduces the cost of monitoring and facilitates knowledge-
sharing. Knowledge spillovers, in turn, have a strong impact on an or-
ganization’s innovativeness, as long as the organization has the "absorp-
tive capacity” (Cohen and Levinthal, 1990, p. 128) to do so. Industry
distance is another distance measure and can be considered a familiarity
measure, that is, how familiar the venture capitalist is with that industry
segment as measured by the number of prior investments in that indus-
try segment (Sorenson and Stuart, 2001). Furthermore, distance can rep-
resent cultural distance, which is a measure of how similar or dissimilar
two cultures are (typically a comparison between two country’s cultures)
and has been broadly used in research as a factor explaining various rela-
tionships (Shenkar, 2001). Widely spread is the use of the four-dimensional
model developed by Hofstede (1980) and an index based on these dimen-
sion created by Kogut and Singh (1988). Hofstede (1980) conducted a sur-
vey of IBM employees and found four independent factors that explained
much of the response variation: ‘power distance', 'uncertainty avoidance’,
'individualism' versus 'collectivism', and 'masculanity’ versus 'femininity’'.
The index is typically used in studies about foreign-country-entry behavior
(Drogendijk and Slangen, 2006). An alternative cultural distance measure
was introduced by Schwartz (1994), who criticized Hofstede’s approach
and dimensions. Schwartz also used a survey, but not from one individual
company, and derived seven cultural dimensions. Drogendijk and Slangen
(2006) have shown that both measures perform well in explaining interna-
tional entry modes.

Cultural distance is also relevant because it impacts the way managers
work together (Lincoln, Hanada, and Olson, 1981) and reduces the for-
mation of ties between managers with great cultural distance (Manev and
Stevenson, 2001). This can affect the collaboration behavior between the
portfolio companies of a single venture capitalist or between a venture cap-
italist and a new venture. On the other hand, in cross-boarder acquisitions,
cultural diversity can even enhance performance through learning from a
new set of conventions for doing things (Ghoshal, 1987; Morosini, Shane,
and Singh, 1998).
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A concept related to cultural distance is institutional distance, which
is also often used in international business research. It is developed as
a broader advancement of the cultural distance concept, which is based
on cultural dimensions developed by Hofstede (1980), and measures two
countries” differences in terms of their institutional environments (Gaur
and Lu, 2007). The institutional distance developed out of institutional
theory, which assumes that organizations seek legitimacy by conforming
to existing beliefs and cultural norms (Meyer and Rowan, 1977; DiMag-
gio and Powell, 1983) in their home countries. The distance measure has
thus emerged as a measure of institutional difference based on these regu-
latory, normative, and cognitive elements and was introduced by Kostova
and Zaheer (1999) (see also Xu and Shenkar, 2002). The way it emerged was
complementary to cultural distance (van Tulder, 2010), but it has now be-
come a broader concept. In a review of current research, Bae and Salomon
(2010) have found five dimensions that institutional distances encompass,
but most researchers have only analyzed a selection of these five: the cul-
tural, the regulatory, the political, the economic, and the cognitive dimen-
sion. International firms try to assimilate to local peculiarities in a foreign
country to create legitimacy and reduce the negative effects of being for-
eign (Salomon and Wu, 2012). The research of Salomon and Wu (2012) is
particularly interesting, as they used four institutional distance dimensions
in their analysis. The authors measure cultural distance with the index de-
veloped by Kogut and Singh (1988), economic distance by a ratio based on
market capitalization, national gross domestic product and bank credits,
regulatory distance by a survey-based database on banking regulation, and
political distance by a standard index based on political volatility, devel-
oped by the World Bank.

This macro-level view, that is, considering cultural or institutional coun-
try differences, is not very useful in the venture capital domain as long as
we are only analyzing a single country and is especially not useful for ex-
plaining which venture capitalists invest in which startups. However, the
underlying notion of comparing cultural and some institutional elements
is relevant, but we are interested in a micro-level consideration of the dis-
tance based on the cultural embeddedness. We introduce a measure of cat-
egorical distance that lies between institutional and industry distance. It
measures how boundary-spanning an investment in a startup is compared
to the existing portfolio companies of a focal venture capitalist. It is thus a
measure of boundary-spanning between organizations (Hannan, Goldberg,
and Kovacs, 2016). Categorical distance has two distinct features: Firstly, as
a measure of how boundary-spanning a startup is compared to the port-
folio companies, it is also a measure of how much experience a venture
capitalist already has with this type of startup. It is thus similar to industry
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distance (e.g., Sorenson and Stuart, 2001), but more evolved in the way we
calculate it (see chapter 4 for details). Secondly, through the use of market
categories, it considers cultural embeddedness. A highly embedded startup
associated with widely spread categories typically has a lower categorical
distance than less embedded new ventures. This way, it is similar to institu-
tional distance, but on an organizational instead of country level. Thereby,
our measure based on market categories is different from industry classifi-
cations and distances used in other studies (e.g., Sorenson and Stuart, 2001;
Sorenson and Stuart, 2008; Ter Wal et al., 2016).

Nevertheless, we expect that the general effect of categorical distance
is similar to that of other distance measures. In line with prior findings
that venture capitalists are more likely to invest in new ventures with low
geographical and industry distance (Sorenson and Stuart, 2001), we expect
that the same holds true for categorical distance.

H4: Categorical distance between startup and venture capitalist has a
negative effect on the probability of an investment.

3.4.2 The effect of portfolio distinctiveness on distant invest-
ments

Venture capitalists, contrary to other audiences, have, to a certain de-
gree, a preference for distinctive, boundary-spanning startups (Pontikes,
2012; Wry, Lounsbury, and Jennings, 2014). The more distinctive a new
ventures is, the greater the risk and the higher the uncertainty of an invest-
ment become. We argue that venture capitalists make a choice regarding the
desired degree of distinctiveness in a portfolio. The average portfolio dis-
tinctiveness is a measure of experience with managing the uncertainty of in-
vesting in distinctive new ventures. If a venture capitalist chooses to invest
in these distinctive, boundary-spanning new ventures, which are harder
to understand and potentially more disruptive, this demonstrates a will-
ingness and possible ability to take more risk. More categorically distant
new ventures represent high-risk investments because the venture capital-
ist lacks the required knowledge and knowledge access. It follows that a
venture capitalist who is seeking more distinctive and disruptive new ven-
tures and is willing to take the associated risk will also be willing to accept

more distant new ventures.

Hb5: Venture capitalists with experience in investing in distinctive
startups have a greater probability of investing in more categorically dis-
tant startups.
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3.4.3 Portfolio diversification through distant new ventures

A venture capitalist’s portfolio diversification is a way to reduce id-
iosyncratic risk in a portfolio. Diversification can take place in several di-
mensions, for instance, the industry, the geography, or the development
stage of a new venture. Our definition of diversification is based on new
ventures’ entrepreneurial identity measured by market categories. Many
authors have found evidence that the venture capitalist’s specialization is
more beneficial than diversification to the new venture’s and the venture
capitalist’s performance (Chan, 1983; Bygrave, 1987; Gompers, Kovner, and
Lerner, 2009). However, the degree of specialization versus diversification
varies across venture capitalists. The risk-reducing effect of diversification
might be a strategy pursued by risk-averse venture capitalists, or by ven-
ture capitalists who do not have a specific knowledge background that they
could use and apply to a specialization strategy. For instance, a venture
capitalist’s investment strategy might be to (co-)invest in deals from their
network, namely, a network-based investment strategy, which might be to
invest across industries and thus to diversify. In order to diversify the in-
vestment portfolio, venture capitalists need to, by definition, invest in new
ventures that are distant from the existing portfolio. A possible alternative
argumentation is that, as we have put forth above, diversifying venture
capitalists are risk-averse, and that these risk-averse investors would prefer
less distant investments. However, we believe that the effect of the desire
for diversification, that is, investment in categorically distant new ventures,
is stronger than the risk aversion. Diversification can be achieved through
spatially distant new ventures to diversify geographically or industry dis-
tant startups to diversify into various industry categories. Equivalently,
categorically distant new ventures are more appealing to venture capital-

ists who generally try to diversify their portfolios.

H6: Venture capitalists with diversified portfolios have a higher prob-
ability of investing in more categorically distant startups.

3.4.4 Effect of status on distant investments

Venture capitalists gain status from their position in the syndication net-
works: The more central a venture capitalist is, the higher his or her sta-
tus (Podolny, 1993). A central position in this network means that a ven-
ture capitalists has a large number of ties to other venture capitalists who
also have several ties to other venture capitalists, which represents indirect
ties to the focal venture capitalists. In this network, information is shared
though these ties, for instance, regarding market trends, investment op-
portunities, or relevant experts. High-status venture capitalists thus have
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access to a greater quantity of information, which reduces the need for prox-
imity in other areas. Consequently, the need for geographical proximity is
reduced (Sorenson and Stuart, 2001). Correspondingly, the same holds true
for categorical distance: A venture capitalist with high status can use his or
her indirect network, that is, the ties to the direct ties of the focal venture
capitalist, to fill in knowledge gaps that he or she might have with a more
distant new venture or to obtain information about a potential investment
candidate. The need for proximity is thus reduced. Fully in line with the ar-
gumentation by Sorenson and Stuart (2001) regarding the effect of a venture
capitalists centrality on geographical distance we expect that:

H7: The higher the status of a venture capitalist is, the greater the
probability of investing in more categorically distant startups.

3.5 Summary and conceptual model

We have developed seven hypotheses to answer the overarching re-
search questions of what type of investors invest in which startups and
under what conditions. We use two venture capitalist’s portfolio attributes
and the status of the investor to predict probability changes in investing in
distinctive and categorically more distant startups. The tradeoff between
distinctiveness and legitimacy is summarized under the entrepreneurial
identity created by a startup’s cultural and structural embeddedness. The
first line of reasoning anticipates a positive effect of more experience with
distinctive new ventures and of a venture capitalist’s higher status, and a
negative effect of portfolio diversification on the probability of investments
in distinctive new ventures. The second line of reasoning anticipates a gen-
erally negative effect of categorical distance between a venture capitalist
and a startup on the investment probability, which is positively moderated
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by all three attributes of a venture capitalist, namely, portfolio distinctive-
ness, portfolio diversification, and status.

Both parts of our argumentation are connected by the use of market cat-
egories to measure a startup’s distinctiveness and categorical distance, as
well as the average distinctiveness and diversification of a venture capi-
talist’s portfolio as described in chapter 4. Distinctiveness and categorical
distance also share a similar interpretation; both being measures of nov-
elty, the former measures a startup’s novelty compared to all other startups,
whereas the latter measures novelty compared to the portfolio companies
of a focal venture capitalist. The conceptual model in figure 3.3 provides a

graphic display of the proposed relationships.
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Chapter 4

Methodology: data selection
and variable definition

4.1 Introduction to methodology: data selection and

variable definition

In the following section, we outline how the data were collected and
filtered in order to derive the base dataset. We subsequently describe in
detail how the dependent, independent, and control variables were calcu-
lated. While the general definitions of our variables are mostly proven defi-
nitions that have been applied previously in similar or otherwise applicable
research (e.g., Sorenson and Stuart, 2001; Ter Wal et al., 2016), we attempt to
be more specific in our definitions by including a consideration of treating
the exception. We start with a description of the data collection process and
which filters were applied to derive the base dataset. We then briefly de-
scribe the dependent variable, followed by the five independent variables,
of which three function as moderators to test our hypotheses. The controls
defined in the last part of the chapter include variables on three levels: the
startup/funding-round level, the venture capitalist/syndicate level and the
venture capitalist - startup dyad level.

4.2 Data collection

Our main dataset is based on funding rounds that are included in the
Crunchbase database!. Crunchbase was founded in 2007 as a crowd-based
platform through which to collect information on the funding rounds of
startups, which are featured on the TechCrunch technology blog. The data
have been used in prior research and are considered to offer a complete
overview of funding activity in the US technology sector (Ter Wal et al.,
2016; Alexy et al.,, 2012). The platform is continually further developed
by adding more information and structure. While it is still crowd-based,

lwww.crunchbase.com
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Crunchbase is one of the major informational sources for investors, star-
tups, and founders, many of whom are contributors.

While we began our research in the beginning in 2015, we continuously
updated our dataset with the latest available data until we introduced a
version-freeze for our research, with version 3.0 of the spread-sheet for-
mat’s downloadable version from February 12, 2016. However, in June
2016, a new startup categorization system was introduced on the platform.
Not only were individual startups categorized, but they were also grouped
into a higher-level categorization system. For our research, we used ver-
sion 3.0 as the main dataset and, after applying the filters described below,
added to the remaining startups the individual details and group catego-
rization information from the database version 3.22 from June 22, 2016.

We used the downloadable spreadsheet format, which includes in-
formation from five perspectives: startup-related information, investor-
related information, funding rounds, acquisitions, and initial public offer-
ings (IPOs). We used the startup, investor, and funding-round information
from the database for our research and applied a number of filters to the
raw data download, firstly on the startup level, secondly on the funding-
round level, and eventually on the venture capitalist - startup dyad level.

The total dataset is comprised of 121,257 funding rounds that were re-
ceived by 93,793 startups. We removed all of the startups with missing
founding dates or a funding date before the founding date leading to a neg-
ative company age? (29,236 startups), missing country information (4,808
startups), non-US startups (21,343 startups), no funding rounds (6,206 star-
tups), no category information (590 startups),® and a founding date before
2005 (7,069 startups). After the application of these company-level filters, a
subset of 24,541 startups with 48,328 funding rounds remained. Naturally,
Crunchbase’s data quality and completeness has risen in recent years and
is higher for US American startups due to the origination of the platform in
2007 and its founding location in San Francisco, CA, USA. A more detailed
inspection showed that data were particularly sparse before 2005. That is
the reasons why we excluded non-US startups and new ventures founded
before 2005 from our main dataset.

On the funding-round level, we were only interested in funding rounds
that were classified as venture capital and thus excluded all other types

*We excluded all startups without a founding date (29,148 startups), but excluded only
the individual funding rounds that had a recorded funding date before the founding date
(243 funding rounds, removing 88 startups). We included subsequent funding rounds if
these were recorded after the founding date.

*This splits into 547 startups without category information in the dataset from February
2016, 41 startups that were no longer included in the June dataset (v. 3.22), from which we
took the updated company categories, and two startups included in the June dataset but
without category information.
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4.2. Data collection
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FIGURE 4.1: Filters to derive base dataset from the original
Crunchbase file
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(for example, debt financing, mezzanine, seed financing, and IPOs). We ex-
cluded funding rounds in which no funding amount was indicated (7,570
rounds), that were classified as non-venture capital (20,295 rounds), that
took place after December 31, 2015 (341 rounds), funding rounds that took
place before 2005 (62 rounds), and with omitted investor names (7,764
rounds). The remaining dataset included 12,296 funding rounds that were
received by 6,833 startups.

The dataset after application of the company and funding-round-level
filters resulted in 31,803 realized venture capitalist - startup combinations,
as many funding rounds were syndicated. Due to the nature of our inde-
pendent variables, we had to apply three additional filters to the venture
capitalist - startup level. Firstly, to calculate the average distinctiveness
of the startups in a venture capitalist’s portfolio, he or she needs to have
made at least one investment prior to the focal round. We thus excluded all
venture capitalist - startup observations in which the focal venture capital-
ists had not made prior investments (8,086 observations, fully excluding an
additional 783 startups and 1,351 funding rounds)*. Secondly, in order to
calculate a venture capitalist’s portfolio diversification, he or she needs to
have made at least two prior investments in different startups. We therefore
excluded an additional 2,638 venture capitalist - startup observations (222
startups and 366 funding rounds in total were dropped from the dataset).
Thirdly, we excluded all venture capitalist - startup observations in which
the focal venture capitalist was not connected to the core syndication net-
work, to avoid distorting the status measure (115 observations, fully ex-
cluding two additional startups and three funding rounds; see section 4.4.4
for methodological details).

The final base dataset includes 29,000 realized venture capitalist -
startup observations in 10,576 funding rounds by 5,826 startups. Figure
4.1 gives a graphic depiction of the funnel that was applied to derive this
dataset.”

For the calculation of network-based measures such as distinctiveness,
categorical distance, average portfolio distinctiveness, portfolio diversifi-
cation, and status, we did not apply the date filters (that is, founding and

*1t is important to note that, for instance, the 1,351 funding rounds dropped do not in-
clude all of the 8,086 observations dropped from the sample. If, in a syndicated funding
round, only one investor had not made a prior investment, the remaining observations
stayed in the sample, and the funding round was not included. The funding round was
only completely dropped in the case that all the investors had not made prior investments
or the focal investor was the sole venture capitalist.

>The exact order in the R script of the applied filters can differ slightly from the displayed
and described order due to simplifications in the coding. However, the figures presented
match the effect of the applied filters exactly, and the resulting sample is unaffected by the
order. For instance, we excluded observation of venture capitalists who are not connected
to the core network as the last step after adding the unrealized ties. This was necessary to
check the robustness of the analysis to including these observations.
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funding dates after 2005) in order to be able to calculate these retrospective
measures for the startups in our dataset. The creation of different data sets
for the calculation of measures and for the final analysis to test the hypothe-
ses has been found useful by other researchers (e.g., Ter Wal et al., 2016).

4.3 Dependent variable

The dependent variable is the probability of an investment by the fo-
cal venture capitalist in a specific startup. To make this measurable, we
also added to the base dataset of realized venture capitalist - startup invest-
ments unrealized investments, as described in section 5.1. It follows that
the dependent variable in our regression model is a binary variable called
dummy actual data. The variable equals 1 if an investment is realized and
equals 0 if it is an unrealized investment tie. By definition, 50% of our ob-
servations are realized ties with the dependent variable being equal to 1, as

each realized investment is matched with one unrealized investment tie.

4.4 Independent and moderating variables

We use five independent variables in our research to test our hypothesis.
The startup’s distinctiveness and the categorical distance between venture
capitalist and startup are the primary independent variables. Three ven-
ture capitalist attributes, the average portfolio distinctiveness, the portfolio
diversification and the status function as moderators of the primary inde-
pendent variables. A detailed specification follows, including examples of
these variables.

4.4.1 Startup’s distinctiveness

We follow the lines of Kennedy (2008) and Navis and Glynn (2011)
by measuring legitimacy from cultural embeddedness through the anal-
ysis of associated categories. As we are interested in the startup’s dis-
tinctiveness, which is the antagonist of legitimacy, we are concerned with
a startup’s level of boundary-spanning. Our approach to measuring the
distinctiveness or novelty mainly follows that of Hannan, Goldberg, and
Kovacs (2016), who measure the distinctiveness of films and restaurants by
a measure called "atypicality” (p. 216). Startups are objects that are con-
sumed by venture capitalists after rigorous due diligence. A key element of
new ventures that interests venture capitalists is how the focal startup com-
pares to other startups, specifically concerning the degree of novelty. In
order to measure this novelty, we have developed a measure of distinctive-
ness that measures how much a startup resembles or creates new aspects
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2,944

B Number of new ventures

FIGURE 4.2: Frequency distribution of categories per new
venture in the sample

and thus deviates from existing beliefs. We use the Crunchbase categories
with which each startup is associated in order to measure this distinctive-
ness. For instance, M.Geni is an online fashion store that sells Italian leather
shoes. It falls into four Crunchbase categories: e-commerce, fashion, online
shopping, and retail. Based on this categorization, we need a measure that
considers three aspects: Firstly, from an investor perspective, it makes a
difference if investors invest in two startups that are both categorized as e-
commerce, fashion, online shopping, and retail, or if they invest in one startup
that is categorized as e-commerce and online shopping and one startup that
falls under fashion and retail. It is fair to assume that the first two startups
with the same categories are more similar than the second two. Only count-
ing the individual categories that the investors have invested in would thus
not be sufficient. Secondly, we need to measure how similar two categories
are: E-commerce and online shopping, for example, are relatively similar cat-
egories, as one depends on the other. We measure the similarity of two
categories based on their prior co-occurrence. Thirdly, as we aim to de-
velop a measure of distinctiveness or novelty, we need to consider whether
the categories themselves and whether the combination in which they oc-
cur are new. The distinctiveness measure that was developed by Hannan,
Goldberg, and Kovdécs (2016) fulfills these criteria. The authors use it to ex-
plain the consumption behavior of restaurant visitors and movie-goers who
consume and rate restaurants and movies that are categorized. Similarly to
our goal, the researchers are interested in explaining how consumers vary
in their preferences for boundary-spanning objects depending on their pref-
erences for distinctiveness.

Distance — In our Crunchbase dataset, each startup has been assigned
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to at least one and up to 17 categories by contributors such as startup
founders, employees, or venture capitalists. The full distribution, with a
mean of 3.2 categories per company for the 5,826 companies in our sample,
is displayed in figure 4.2. We denote the set of categories as . In order to
measure the similarity between two categories, we use the Jaccard (1901)
similarity measure: a simple count of the number of startups that are as-
sociated with both categories, divided by the number of startups that are
associated with either one or both of the categories. Formally, if k and / are
two categories of the set of categories «y of startup 7, |k ()| is the number of
startups that are associated with both categories and |k | | is the number of
startups that are associated with either or both categories; then the Jaccard
similarity | between the two categories k and [ is as follows:

J(k,1) = :S;; (4.1)

This similarity measure has a maximum value of 1 in case of full co-
occurrence, meaning that both categories always occur together, and 0 if
they have never occurred together before. While this similarity measure
based on co-occurrence is useful in comparing two categories with each
other, we are interested in the distance between the categories and in the
magnitude of said distance. Shepard (1987) set out to find a general law
with which to make distances interpretable within a metric space. By ana-
lyzing a great number of other researchers” work on stimuli that were ap-
plied to humans, to animals, and in other domains, he found an upward
concave relationship between the psychological distance and the measure
of generalization. Generalization here is meant as the transferability of the
response to a certain stimulus, which means that there is an exponential-
decay relationship between the distance and the generalizability. For in-
stance, if there is one observation with an attribute on an arbitrary scale
with a certain outcome, the law helps to predict the likelihood that the same
outcome will occur, depending on the distance between the attributes. The
mathematical considerations confirm that, ideally (for example, when there
isno delay in stimuli), the similarity has a negative exponential relationship
with the psychological distance. It has also been shown that, theoretically,
the so-called 'Shepard’s Universal Law' will also hold true in more general
settings (Tenenbaum and Griffiths, 2001; Chater and Vitanyi, 2003). Mathe-

matically, the similarity is thus defined as follows:

sim(k,l) = ekl A> 0. 4.2)

We thus transfer these findings as other researchers have (e.g., Hannan,
Goldberg, and Kovécs, 2016) to our setting by combining the categorical
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Jaccard similarity measure (equation 4.1) with the relationship from Shep-
ard’s Universal Law in equation 4.2 so that the distance between two cate-
gories is defined as follows:

kN
J(k,1) = W = MED N>, (4.3)

Solving for the distance between two categories, we attain the following

equation:

In(J(k,1))
)

This distance measure is the basis for the startup attribute distinctive-

d(k,1) = — (4.4)

ness, the categorical distance, the average portfolio distinctiveness, and the
portfolio diversification. The sizing coefficient A is set to 0.5. We calculate
the distances of each category pair for each month based on the assigned
categories in the previous five years, excluding the focal month.® For in-
stance, in order to attain the category pair distances for startups that re-
ceived funding in January 2009, we use the categories of all startups that
were funded in the five years up to and including December 2008. We use
the dataset for the calculation of network measures, which includes the star-
tups that received funding before the year 2005 recorded in the Crunchbase
database. While five years is an arbitrary number, we feel confident that
any category combinations that have occurred more than five years prior
to the focal month will have little meaning for the current analysis. Mul-
tiple researchers have also used five years in their calculation of network-
based measures in venture capital settings (e.g., Sorenson and Stuart, 2001;
Sorenson and Stuart, 2008; Zhelyazkov and Gulati, 2016). Furthermore and
as previously described, we aim to be very explicit about our approach: If
a category pair has never appeared before, the Jaccard similarity is equal
to 0. As the In(0) is not defined, we added 0.000000001 to the Jaccard sim-
ilarity score. The maximum distance value for a set of categories is thus
—In(0.000000001) = 20.72. The minimum value is naturally limited by the
maximum value of the Jaccard similarity, which is 1, of which the natural
logarithm is 0. The minimum distance thus also equals 0.

Distinctiveness — As previously outlined, we define the measure of dis-
tinctiveness of a startup as the degree of novelty or deviation from existing
cultural beliefs that can be attributed to a startup. We consider the cat-
egories to be anchored in a conceptual space, which we analyze with a

® An organization’s position is also dependent on the current environment and thus may
evolve over time (Hogg and Terry, 2000). Therefore, we always measure a startup’s distinc-
tiveness at the time of a funding round. This way, we account for the fact that the environ-
ment, and, with it, the perceived categorization, changes over time. For instance, if certain
category combinations have occurred before, they are less distinctive than when they occur
for the first time.
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geometric model so that each startup category is a subset in this domain
(compare Hannan, Goldberg, and Kovécs, 2016). In contrast to research in
which each object is associated with only one category, the underlying as-
sumption here is that, if an object is placed in multiple categories, it cannot
be fully associated with any one of those categories. Rather, in a geometric
space, the startup lies somewhere between all of the categories with which
it is associated. This 'betweenness' makes the startup distinctive, which,
in the context of the startup domain, can be considered to be a measure of
newness.

Thus, the more categories with which a startup is associated, the more
distinctive it is. In addition, the more diverse the set of categories as mea-
sured by the distance between them, the greater the distinctiveness. The
latter is especially important because, if categories are very similar, for ex-
ample, e-commerce and online shopping, they are more indicators of lower
distinctiveness than others.

We base our measure of distinctiveness on the approach developed by
Kovécs and Hannan (2015). While we follow their definition closely, we
make an adaptation to improve the distribution of the distinctiveness mea-
sure. For binary settings like ours, that is, a category is either assigned
to an object or organization or not, the authors propose using the average
pairwise distance between the startup’s categories as input for the measure
of distinctiveness. Using their approach with the distances obtained from
our network of categories,” the distinctiveness measure is highly skewed to
1 and has a relatively small standard deviation if we exclude the observa-
tions with only one category assigned, in which cases distinctiveness equals
0. Our adapted approach, which we outline below, has the same general
properties, but leads to a more even distribution, capturing more variance
in a startup’s distinctiveness. The first property is that, with increasing
distance from an increasing number of associated categories, the distinc-
tiveness increases. The second property captures the effect of increasing
distinctiveness when the distance between the categories increases.

Our approach is as follows. We sum up the distances between two cat-
egories for each startup multiplied by the weight of each category. We de-
note the set of categories of startup z as C, and the weight of category &
as w(k,x). In our dataset, every startup is only associated with each cate-
gory no more than once, so that the weight of each category is 1/ |C,| with
|C,| being the number of categories with which the startup is associated. In
other applications, when several category associations would be possible,
this weight could be different for each category. For each startup, it holds
true that ;. w(k,x) = 1. Let k and [ be two categories and d(k,[) the

"Each research setting results in different distance levels, depending on the number of
different categories used, the distribution of the number of categories assigned per object,
and the degree of overlap.
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distance between the two categories, then the sum of the distances for a
startup D(x) is defined as follows:

_ ZkGCI ZZECI w(k? x)w(lv x)d(ka l)
2

One might be surprised that we divide the sum of the weighted dis-

D(x) (4.5)

tances by 2, but this is necessary as we want each distance to only enter
the total distance calculation once. The numerator in equation 4.5 results
in a double summation of each weighted distance, making the correction
necessary.

For all cases in which a startup is associated with more than one cate-

gory, distinctiveness for startup x is defined as follows:

1
L+ e

For cases in which a startup is only associated with one category, dis-
tinctiveness is 0, as, in the geometric space, the startup is not in between
categories but clearly assigned one category. The minimum distinctiveness
value thus equals 0, while the maximum value approaches 1 as the average
of the sum of the distances becomes larger. The larger the distances, the
larger the denominator in the distinctiveness formula in equation 4.6 will
be.

In what follows, we aim to briefly demonstrate our calculations by using
the previous example of the startup M.Geni, which falls into four categories:
e-commerce, fashion, online shopping, and retail. We create all unique pairs
from these categories (six in the case of four categories). For each pair, such
as fashion and e-commerce, we calculate the distance. Let us assume that 10
startups are categorized with fashion and 12 with e-commerce, and that 6 of
these fall into both categories. We only consider startups that have been
founded in the past five years. We then calculate the Jaccard similarity as
J(fashion,e — commerce) = 6/(10 + 12 — 6) = 0.375, which leads to a
distance of d( fashion, e — commerce) = —In(0.375)/0.5) ~ 1.96. In fact, the
distance was ~ 4.03. The other seven distances were calculated similarly,
with values ranging from ~ 4.04 to ~ 7.68. We multiply the weights of each
category in a pair with the distance so that the values per category pair
range from ~ 0.25 to ~ 0.48. We then add the weighted distances in order
to attain the total distance score of the startup, which, in our case, equals
~ 2.02. M.Geni is associated with four categories, so that |Cs.geni| = 4, and
the distinctiveness is calculated as follows:
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1 1
AM.Geni) =1— | ———— | =1— <> ~ 0.40.
D(z) 2.02

1+ \oil 1+

4.4.2 Average portfolio distinctiveness

The group of venture capitalists is heterogeneous, and they adopt differ-
ent strategies for their portfolios. Regarding distinctiveness, some venture
capitalists have a preference for investments in more distinctive startups
while others invest in those less distinctive. We analyze historical invest-
ments that were made in the five years prior to the focal investment round.
We denote the companies in the investment portfolio from the past five
years from the venture capitalist y as P, and take the average of the distinc-
tiveness of the startups in their portfolio:

PA(y) = L A(z). 4.7

W) =5 ; () (47)

For the interpretation of the measure, we assume that an investment

in a company has been voluntary. We thus assume that prior investment

behavior also demonstrates a preference for the chosen investments: If an

investor has invested in highly distinctive startups, we assume that he or
she has a preference for distinctive startups.

4.4.3 Portfolio diversification

In addition to the distinctiveness of the startups in venture capitalists’
portfolios, we are also interested in understanding whether they focus their
investments on similar companies or instead diversify their investments.
We measure the portfolio diversification by a measure similar to a measure
Hannan, Goldberg, and Kovécs (2016) call "variety" (p. 216) in their anal-
ysis of consumption behavior. For instance, an investor who invests in a
fashion startup and an e-commerce startup is more diversified than one who
invests in two startups that are both categorized as fashion and e-commerce.
Again, we create a measure that takes into account not only whether an
investor invests in different categories or category combinations, but also
how different these investments are. We use the previously defined pair-
wise distances of categories to measure this difference. One aspect compli-
cating this process is the fact that we are comparing sets of categories rather
than only a pair, which requires an appropriate measure.

In the categorization literature, differences between category sets are
typically measured by the Hausdorff distance, which was developed by
Felix Hausdorff (Burago, Burago, and Ivanov, 2001). The general idea is to
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Startup A - M.Geni
Online-shopping O

Fashion

O

E-commerce

Startup B — Mall Media

Retail O O O Sales and marketing

Retail
technology

O Advertising

FIGURE 4.3: Comparing category sets of two startups in a
geometric space.

compare two subsets of a metric space and to calculate their distance based
on the longest distance of the pairwise distances from one set to the closest
point of the second set. It is thus a good measure of resemblance (Hutten-
locher, Klanderman, and Rucklidge, 1993) and has specifically been shown
to be a good measure in cases of linguistic variables (Hung and Yang, 2004),
which makes it applicable to our research.

As an example, we compare the categories of our previous example
startup, M.Geni, to another new venture in our sample called Mall Media8:
a provider of mall-marketing solutions such as coupons, which has been
placed into the three categories of retail technology, sales and marketing, and
advertising. As is visualized in figure 4.3,° some categories, such as retail
technology and retail, lie relatively closely to each other, whereas e-commerce
and advertising lie further apart. The Hausdorff distance is then calculated
as the maximum of the distances between each category of startup A and
the closest category of startup B, and each category of startup B and the clos-
est category of startup A. In the hypothetical example from figure 4.3, we
would calculate the pairwise distance between all categories from M.Geni
and retail technology, as the latter is the category closest to that of Mall Me-
dia. In addition, we would calculate the distances between all of the cat-
egories from Mall Media with the category retail from M.Geni. The maxi-
mum value of the calculated distances equals the Hausdorff distance. For-

mally, we denote a category of startup A as c4 and the set of categories of

Shttp:/ /mallmediainc.com/

°The distances in the visualization are arbitrarily chosen. The figure is intended to help
the reader in understanding the concept presented. It is not an exact representation of the
actual distances.
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startup A as C4 = {ca,1,€A42,...,¢An}. The distance between a category ca
and a set of categories Cp is defined as d(ca,Cg) = minczeccy ||ca — cB|-
The longest distance between all categories of set C'4 and the closest cate-
gory of set Cp is defined as follows:

d(CA> CB) = ma$CA€C’Ad(CA7 CA) (48)

The Hausdorff distance based on the distance measure above is given
by the following equation:

HD(A, B) = maz(d(Ca,Cg),d(Cp,Ca)). (4.9)

The Hausdorff distance only takes into consideration the maximum of
the calculated distance so that, for instance, the fashion category of M.Geni
does not impact the calculation of the Hausdorff distance even though the
existence of the category places M.Geni closer to Mall Media. We therefore
use an extension of the Hausdorff distance not only to consider the fur-
thest distance between the category pairs, but also to consider the whole
set. This modification was introduced by Dubuisson and Jain (1994) and
has been applied to socio-cultural domains (e.g., Hannan, Goldberg, and
Kovacs, 2016). The modification involves calculating the average of the
pair-wise distances of the categories for one set between the closest cate-
gory of the second set and vice versa. The maximum value of these two
averages is the so-called 'modified Hausdorff distance'. Formally, the aver-
age of the distances between each category in a set and the closest category
in the second set is given by the following equation:

1 )
dI(Ca,Cp) = — > min(d(ca, Ca)). (4.10)
cpa€Cy
The modified Hausdorff distance is then the maximum of the two sets
and given by the following equation:

HD/(CA,CB) :max(d/(CA,CB),d/(CB,CA)). (411)

In order to calculate portfolio diversification for each venture capitalist,
we take the average of the pairwise modified Hausdorff distances between
each of the portfolio companies. For example, if an investor has made in-
vestments in five startups in the past five years, up to the month before the
focal month, then we calculate the modified Hausdorff distance for each of

the ,C, = T!(é‘ir)! = 2!(5512)! = 10 unique startup category set pairs. We

then take the average of these pairwise distances so that the portfolio di-

versification PV is given by the following equation:
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PV(y) = ;y > Y HDIC,, C). (4.12)

rEPy, z€Py,

4.4.4 The venture capitalist’s status

Our third independent variable is the status of the venture capitalist. As
previously explained, we are interested in the status that is assigned to ven-
ture capitalists based on the syndication networks of which they have been
part. In order to measure status, we use the widely accepted eigenvector
centrality that was first introduced by Bonacich (1987). The appeal of this
measure is that it not only consider the direct network of a venture capital-
ist, but the status also depends on the centrality of its ties, whose centrality
depends on their ties, and so forth. The status measure is widely accepted
and has been used by many researchers as a status measure for venture cap-
italists (among others: Podolny, 2001; Sorenson and Stuart, 2001; Shipilov
and Li, 2008; Bothner, Kim, and Lee, 2015).

In order to calculate the status of a venture capitalist at the point of an
investment (the assigned status may change over time, depending on the
new syndicate networks that are created), we consider the co-investment
network from all investments in our dataset (including those before 2005)
in the past five years prior to the focal month.!'® For each month m, we
create an adjacency matrix R,, based on the co-investments of the venture
capitalists so that the rows and columns are investors and the matrix value
is the number of times that investors have co-invested. Each cell R;;,, is the
number of startup funding rounds in which the two investors ¢ and j have
jointly invested. CI is all of the co-investors in a focal funding round. We
then use the eigenvector centrality score developed by Bonacich (1987) to

measure status S for investor ¢ at time m defined as follows:

Sim(c, 8) = Y (@ + BSjm) Rijm.- (4.13)
jeCT

As described previously, the status of investor ¢ depends on the status of
the other co-investors, such as Sj,,,, whose status also depends on the status
of his or her co-investors and so forth. The  parameter sets the effect of the
centrality scores of an investor’s co-investors. If 3 is positive, the investor
gains status if his or her co-investors have high centrality scores, whereas
a negative 8 would result in a positive effect on status if co-investors have
low centrality scores. In the case § = 0, the status would be independent of
the centrality of the investor’s co-investors and would only depend on the
number of prior investments, which we consider in the experience variable

""We have limited our analysis to five years, as it is unlikely that, in the case of non-
investment in the past five years, relationships have remained intact (Sorenson and Stuart,
2001). We hereby take into account that relationships erode over time.
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below (Sorenson and Stuart, 2001). As we also consider the information
flow and experience that is gained from the co-investors’ central network
positions as positive, we assign 3 a positive value. We follow other re-
searchers (e.g., Podolny, 1993; Podolny, 2005; Bothner, Kim, and Lee, 2015)
and set /3 to three-quarters of the reciprocal of the largest eigenvalue.

« is a scaling parameter that we use in order to make the status scores
comparable over time (that is, independent of the network size) so that, for
each period m, the mean centrality score equals 1 (Bonacich, 1987).

For the calculation of the status measure, we only included the venture
capitalists who are connected to the core network at time m. A small share
of investors is either not connected to a network at all or builds its own
network. In order to avoid measuring high centrality scores in the non-core
networks, we exclude any non-core parts in the calculation of the status
score. 115 realized venture capitalist - startup observations and 24 venture
capitalists were fully excluded due to this adjustment, leaving a total of
2,323 venture capitalists in the sample. All the venture capitalists who did

not have any prior syndicated investments are assigned a status score of 0.

4.4.5 Categorical distance

In the theoretical framework derived in chapter 3, we developed a no-
tion of categorical distance between two organizations: the venture capital-
ist and the startup. Our measure of categorical distance lies between the
classical cultural distance based on the cultural dimensions developed by
Hofstede (1980), the institutional distance (Kostova and Zaheer, 1999), and
the industry distance, that is, how dissimilar the industries are that two
organizations are active in (Sorenson and Stuart, 2001). We use the same
market categories that we use to measure a new venture’s distinctiveness,
namely, the cultural embeddedness, and take into account how similar or
dissimilar these categories are. That is why our measure of categorical dis-
tance is different from the industry distance measure developed by Soren-
son and Stuart (2001), who only count a venture capitalist’s number of prior
investments in the same industry segment as the focal startup.

Specifically, as we do to model portfolio distinctiveness, we calculate
the modified Hausdorff distance between the focal startup and each of the
existing portfolio companies of the venture capitalist. The calculation in-
volves taking the average of the distances between each set of one startup
to the closest category of the second startup and vice versa. The maximum
of the two averages is the modified Hausdorff distance between two star-
tups, as we can see from equation 4.11, which we repeat here for reference

purposes:

HD/(CA,CB) :max(d/(CA,CB),d/(CB,CA)). (4.14)
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To calculate the categorical distance, we take the average of pairwise
modified Hausdorff distances between the focal startup and the portfolio
companies of the focal venture capitalist. Please note that, contrary to the
calculation of portfolio diversification, we do not calculate the modified
Hausdorff distances between each of the portfolio companies. The categor-
ical distance between the portfolio companies P, from the last five years of
venture capitalist y and the focal startup B is thus given by the following
equation:

PV(y) = % > HDI(Cy, Ch). (4.15)
Yy TEP,

4.5 Control variables

We control for a number of aspects based on previous research in order
to isolate the effects of our independent and moderating variables. The
control variables exist on three levels: the startup/funding-round level,
the syndicate/venture capitalist level, and the venture capitalist - startup
dyad level. This structure reflects the first dimension of the literature re-
view framework from chapter 2 and figure 2.2. Table 4.1 gives an overview
of the control variables used by level. In cases where we use logarithmic
transformations, they are specified as log(1 4 variable) (Hsu, 2006).

4.5.1 Startup and funding-round level controls

In this section we describe the startup and funding level controls, which
are independent of the venture capitalist.!! The funding-round level con-
trols include variables that may change from one funding round to another
for an individual startup.

Startup location — On the startup level, independent of the funding
round, we only control for the region in which the startup is located. We
use three US state dummies for California, Massachusetts, and New York,

"1One may notice that we do not directly control for the quality where some other re-
searchers control for it, for example, by counting the number of patent applications a startup
has made (e.g., Ter Wal et al., 2016). We do not do so, as we have a broad industry per-
spective and the number of patents varies from industry to industry and even within one
industry. For instance, Mann and Sager (2007) show that even within the software industry,
the number of patents varies strongly depending on the sector, and only about a quarter of
all firms in their sample have issued patents at all. We thus decided to not control for the
number of patents, as we do not expect this to be a good indicator for quality in our cross-
industry analysis. Furthermore, we also only consider startups for the unrealized ties that
received funding from a venture capitalist in that focal quarter. Consequently, they must at
least be above a quality level threshold to qualify as a potential investment. Therefore, we
strongly believe that further controlling for the quality of a new venture would not improve
our results.
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Startup/funding Venture capitalist/  Venture capitalist-startup
round level syndicate level dyad level

Startup location (3 dummies) VC age Geographical distance

Startup age General experience  Industry distance

Investor count (26 dummies) Industry experience Prior investment (dummy)
Raised amount Mean affiliation Affiliate geographical distance
Round number (9 dummies) Affiliate industry distance

Year (10 dummies)

TABLE 4.1: Overview control variables by unit of analysis

in which we find a high concentration of star’cups12 (Ter Wal et al., 2016).
The dummy variables equal 1 if the headquarters of the focal startup are
located in the respective state.

Startup age — We calculate the startup age at the time of the funding
round in months and exclude cases in which the variable is negative due to
inconsistency in the data (typically, funding does not occur in the venture
capital stage if the startup has not already been funded). If the investment
was made in the same month as the foundation, we set the age at funding
to one month.

Investor count — We control for the number of investors in the focal fund-
ing round. The syndicate size is important because larger syndicates can
distribute their risk (Wilson, 1968) and because more financial and intellec-
tual resources are available in larger syndicates (Ter Wal et al., 2016; Lerner,
1994). Furthermore, larger syndicates might be able to invest in better new
venture, as they can overcome competition (Bygrave, 1987; Casamatta and
Haritchabalet, 2007). We use dummy variables to control for each level of
the number of investors leading to 26 dummy variables.

Raised amount — We control for the amount raised in the focal funding
round, as this may attract or exclude certain investors who are restricted in
their funding amounts. We use the natural log of the USD value (Ter Wal
et al., 2016).13

Round number — We count the number of venture-capital-labelled fund-
ing rounds in our dataset for each startup, which serves as an indicator
for the startup’s lifecycle. The monitoring requirements and thus the need
for geographical or industry proximity is highest in the early stages of a

2We also found a high concentration of venture capitalists in these areas. However, we
do not need to directly control for the location of the venture capitalist, because we control
for the region of the startup, and we have multiple controls for the distance between the
venture capitalist and the startup, as well as for the geographical distance of the syndicate.
Controlling for the venture capitalist’s location would thus not add any explanatory value.

BWe do not control for the funding amount per investor, because, by controlling for the
number of investors and the amount raised, we have already captured the direct effect.
Nevertheless, it is important to note that the dollar amount each investor has to contribute
might affect the decision to make an investment, as the financial risk increases with greater
amounts.
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startup (Sorenson and Stuart, 2001). In addition, differences in startup suc-
cess expectation caused by the lifecycle phase in which a startup finds itself
(Podolny, 2001). We try to capture this effect with nine dummy variables
because, in our dataset, up to 10 venture-capital funding rounds were re-
ceived.

Year dummies — Our dataset includes data from January 1, 2005 to De-
cember 31, 2015 so that we include 11 full years of funding information. We
include a control variable for ten of the 11 years, 2005 to 2016, in order to
account for cyclical effects.

4.5.2 Venture capitalist and syndicate level controls

In what follows, we describe the control variables that are attributes of
the focal venture capitalist or its portfolio and that are independent of other
investors and the focal startup. Furthermore, we include one syndicate-
level control that analyzes the syndicate members’ affiliation with each
other. Syndicate distance measures for the focal startup are included un-
der the venture capitalist - startup dyad controls.

VC age — Similar to the control for the startup age, we control for the
venture capital age. A venture capitalist’s investment patterns may change
depending on their maturity. Our dataset does not include the founding
dates of the venture capital firms. Sorenson and Stuart (2001) found in their
dataset that on average the first investment after inception was made 366
days after the official foundation date. We thus first calculate a possible
founding date 12 months prior to the first investment in our dataset. We
then count the number of months between the calculated founding date
and the focal founding round.

General experience — The experience of a venture capitalist may also af-
fect the investment pattern. We count the number of prior investments that
were made by the focal investor. Formally, the general experience of in-
vestor r is defined as follows, where x equals 1 when an investment was
made:

ge, = Z Trp (4.16)

peP
Industry experience — We create a similar measure, counting only the
prior investments in startups that have the same group category as the fo-
cal startup. We denote the group category by g and define the industry

experience as follows:

ierg = Z Trpg (4.17)

peP
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Mean affiliation — The mean affiliation measures how frequently venture
capitalists in the syndicate of the focal funding round have previously co-
invested with each other. Investors may be willing to take more risk or
accept more distant investments when they have already invested with the
focal co-investors. We calculate the average number of startups in which
the investor has co-invested with other syndicate members. We first cal-
culate the number of co-investments ci of investor r with investor s in all

previous funding rounds.

Cirs = 3 Trsp (4.18)

peEP

P is the vector of all funding rounds in the past five years, and x equals 1
if both investors have invested in p. The mean affiliation ma of investor r in
funding round i is the average prior number of co-investments of investor

r with its syndicate partners:

ZveVi ZpGP Lrsp

4.19
Vi (*19)

may; =

|Vi| denotes the number of investors in the syndicate except for investor
r. If no prior investments exist or if a funding round was given by only one
investor, the mean affiliation is set to 0.

4.5.3 Venture capitalist - startup dyad level controls

In what follows, we describe the controls that depend on both the in-
dividual investor or group of investors and the individual startup. The
geographical and industry distance have been found to significantly affect
the decision to invest or not to invest in a given startup (Sorenson and Stu-
art, 2001). Syndicate distance measures are additionally included, as they
might mitigate the effect of distance. We follow Sorenson and Stuart (2001)
in their definition of affiliation measures.

Geographical distance — Greater geographical distance between a venture
capitalist and a startup decreases the likelihood of an investment (Soren-
son and Stuart, 2001). We measure distance as the kilometers between the
center of towns of the startup’s headquarters” and the venture capitalist’s
headquarters. Due to data limitations, we have no information about the
venture capitalist’s satellite offices, which may be closer to the startup than
the venture capitalist’s headquarters. However, we do not expect this to
affect our analysis, as we do not see a systematic bias (Bernstein, Giroud,
and Townsend, 2016). We take the natural log of that distance measure
becauase, with greater distance, other methods of transportation are used:
Cars and trains are replaced by airplanes, for instance. Thus, neither the

time nor the required financial resources increase linearly (Sorenson and
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Stuart, 2001). In addition, digital communication solutions, such as video
conferences, have become less expensive, and their quality has improved.
New collaboration tools and a widespread use of cloud-based solutions
have also decreased the need for geographical proximity.

Technically, we downloaded the latitude and longitude position data
from Google Maps!# for the town, state, and country combination in our
dataset. We used spherical trigonometry!® to calculate the geographical
distance. For about 3.2% of our observations, we were not able to calcu-
late the geographical distance, mainly because we did not have the location
data for the venture capitalist. We used mean imputation, that is, inserting
the mean of the observed distances, to deal with the missing data. We cre-
ated the dummy variable No geographical distance dummy, which equals 1 for
observations where we inserted the mean and 0 otherwise. An overview of
methods for imputation and reasons why we chose mean imputation can
be found in section 5.2.3.

Industry distance — Similarly to geographical distance, the industry dis-
tance affects venture capitalists” decision to make an investment. If they
are familiar with the industry and have done research or made investments
within it, the likelihood of an investment increases. We measure industry
distance by calculating the share of a venture capitalist’s investments in a
category different than that of the focal startup (Sorenson and Stuart, 2001).
We are interested in a more general categorization than that which we used
for the calculation of distinctiveness, and we thus use the group categories
in our dataset that represent an aggregation of the detailed categories. We
denote the group categories of all the investments in the past five years of
investor r by G, and the number of investments in the categories of focal
startup 7 by G,;. The industry distance id is then defined as follows:

Gri
G,

The measure ranges from 0 if all prior investments were made in the

idp =1— (4.20)

same group category to 1 if none of the prior investments were made in
any of the startup’s group categories.

Prior investment dummy — We created a dummy variable that equals 1
if the focal venture capitalist has already invested in the focal startup in
a previous funding round. Venture capitalists are more likely to finance
a startup when they are already invested in it in order to demonstrate to
other investors that they continue to believe in the new venture.

“We used the API that is implemented in the ggmap (Kahle and Wickham, 2013) R pack-
age in order to download the data.

>We apply the implementation in the geosphere (Robert J. Hijmans, 2016) R package and
use the most exact method, assuming that the earth is an ellipsoid. We calculate the distance
in meters with the default values of the World Geodetic System 1984 (WGS84) with a radius
of 6,378,137 meters and an ellipsoid-flattening parameter of 1/298.257223563.
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Affiliate geographical distance — We previously described how we control
for the geographical distance between a venture capitalist and a new ven-
ture. However, when some of the investors in a syndicate are closer to the
startup than the focal investor, the latter may trust his or her co-investors
to overtake the monitoring and controlling functions (Sorenson and Stuart,
2001). We thus create a measure of the shortest geographical distance of all
syndicate members to the startup and invert the measure, because, in cases
where there are no other syndicate members, we would need to assign an
arbitrary distance. We thus define the affiliate geographical distance agd as
follows:

1

min(gd,;) (4.21)

ag dri =

The measure approaches 0 as the distance becomes larger and if no
syndicate partners exist. We add 0.01 to the minimum distance to avoid
difficulties in cases in which we have to divide by a minimum distance
min(gdr;) equal to 0 when the venture capitalist and startup are head-
quartered in the same city.

Affiliate industry distance — We created a similar measure for the industry
distance in order to attain the minimum industry distance in the syndicate.
As the industry distance has a range from 0 to 1, there is no need to take the
inverse. When there are no syndicate partners, we set the measure to 1 and
thus define the affiliate industry distance aid as follows:

aidy; = min(idy;) (4.22)
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Chapter 5

Methodology: empirical
approach and analytical
method

In this section, we outline our empirical strategy towards creating the
dataset from our base dataset, which is described in section 4.2. This is fol-
lowed by a more general presentation of the statistics that were applied in
our models. In section 5.3, we describe the specific statistical models used
to test our hypotheses. In terms of software, we use the open-source pro-
gramming language R (R Core Team, 2016), including additional packages
that add specific functions to the base functionality of the software environ-
ment. The detailed packages are listed in appendix B.

5.1 Empirical approach: the addition of unrealized

ties

Our base dataset includes 29,000 observed, realized investment ties be-
tween a venture capitalist and a startup in a total of 10,576 funding rounds.!
In our analysis, we aim to test the determinants of this tie formation, that is,
how the probability of funding by a certain investor changes based on the
startup’s, the venture capitalist’s and the ties” attributes. In tie-formation
terms, we thus have a combination of node characteristics, such as the
startup’s distinctiveness, and dyadic characteristics, such as the distance
between the venture capitalist and the startup (Stuart, 1998). Some re-
searchers use the dyad as the unit of analysis (e.g., Podolny, 1994; Gulati,
1995), while others focus on the node as a unit of analysis (e.g., Powell,
Koput, and Smith-Doerr, 1996), and some claim to analyze neither but in-
stead the type of relationship (Powell et al., 2005).

In order to test our hypotheses, we use the venture capitalist - startup
dyad as a unit of analysis, and we compare the realized ties from our base

'Multiple ties between a venture capitalist and the same startup may exist if the investor
invested in multiple funding rounds.
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FIGURE 5.1: Realized and unrealized ties in an investment
network.

dataset to a set of unrealized ties. This dyad-level approach has two impor-
tant characteristics. Firstly, there is a mutual interest in tie formation, in our
case, the exchange of social and financial capital for an equity stake in the
new venture (Sorenson and Stuart, 2008). Secondly, based on certain char-
acteristics, we predict in which type of startup a venture capitalist invests
(Gulati, 1995).

As previously outlined, venture capitalists who have sufficient finan-
cial resources have a great number of startups in which they could invest.
A large share of their daily work consists of scanning new ventures and
pitching books. From this selection, and after rigorous due diligence, they
enter into a financing round with selected startups who also consider the
focal venture capitalist to be a useful investor. Naturally, we thus have
a great number of non-materialized ties (not yet included in our dataset)
and a far smaller number of realized ties. Some studies have analyzed all
unrealized and realized dyads, such as that of Podolny (1994), who ana-
lyzed investment-grade and non-investment-grade investment banks and
how lead banks choose their co-managers. As only 170 banks in the invest-
ment grade and 171 in the non-investment grade sample exist, it is likely
that a lead bank would consider all or at least a great share of all possible
banks as potential co-managers. The same is true for other researchers, such
as Gulati (1995), who analyzed tie formation in certain industries, with up
to 62 companies in his sample, or Stuart (1998), who analyzed up to 144
tirms per observation period. The assumption underlying these studies is
that there is a non-zero probability that ties between these firms are real-
ized. However, it is very unlikely that a typical venture capitalist reviews
all possible investments in a given quarter. In our sample, we have 10,576

funding rounds (a multiple of that number if we were also to include the
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first-time and second-time investment of all venture capitalists, as well as
the funding rounds and companies that we excluded due to missing data)
in 44 quarters, rendering about 240 potential investment opportunities to
consider per quarter. It would thus be false to assume a non-zero probabil-
ity of all possible dyads in our sample.

In addition, considering all possible dyads creates a methodological
problem of non-independence so that standard errors are underestimated
(Sorenson and Stuart, 2001). Attributes (such as venture-capitalist-level at-
tributes) that do not change with the unrealized ties may report lower stan-
dard errors. While, for a large dataset such as ours, it would also be highly
computationally intensive to consider all possible dyads (Sorenson and Stu-
art, 2001), with the use of cloud-based server power, it is possible to do so
nowadays. Computational intensity thus has not influenced our choice for
the empirical approach, which is described in the following paragraph.

In order to make our approach clear, we created a schematic represen-
tation of three funding rounds in figure 5.1, including the syndication net-
works. Each circle represents one funding round of the startups A, B, and
C. The triangles represent the venture capitalists and the continuous lines
each represent a realized tie or a dyad between a venture capitalist and a
startup. Only these realized ties are included in our base dataset. We have
then created one unrealized tie for every realized tie, so that each investor
is matched to a startup that has received funding in the same quarter, but in
which the investor did not invest. We have randomly sampled the startup
for the unrealized tie from the list of startups that received funding in that
quarter, excluding the startups that the focal investor invested in during
the quarter, for example, if he or she had made multiple investments. We
used the sampling function in base R, which draws upon the random num-
ber generator for setting the seed. Taking a startup that received funding in
that quarter ensures, at least theoretically, that the dyad could have been re-
alized. By doing so, we also indirectly control for the quality of the startup,
as it indicates that it is worth a venture capital investment. In figure 5.1, the
dotted line between venture capitalist 1 and startup C represents an exem-
plary unrealized tie. Our resulting dataset for the regression now includes
the dependent variable dummy actual data, which equals 1 in the case of a
realized tie and 0 otherwise. Naturally, half of our observations are coded
as 1.

This approach is superior to sampling a number of unrealized invest-
ment ties randomly, because most of the information for the model esti-
mation is included in the realized investments (Imbens, 1992; Imbens and
Lancaster, 1996; King and Zeng, 2001). The advantages of choosing only
one unrealized tie over all other possible ties have been outlined above.

For each unrealized tie, some of the variables remain the same as in



96  Chapter 5. Methodology: empirical approach and analytical method

Variable Status in non-realized ties

Independent variables

Startup’s distinctiveness Updated
Portfolio distinctiveness Unchanged
Portfolio diversification Unchanged
Venture capitalist’s status Unchanged
Categorical distance Updated
Startupl/funding-round level controls

Startup location (3 dummies) Updated
Age at funding Updated
Investor count (26 dummies) Updated
Raised amount Updated
Round number Updated
Year (10 dummies) Unchanged
Venture capitalist/syndicate level controls

VC age Unchanged
General experience Unchanged
Industry experience Updated
Mean affiliation Unchanged
Venture capitalist - startup dyad level controls
Geographical distance Updated
Industry distance Updated
Prior investment (dummy) Updated
Affiliate geographical distance Updated
Affiliate industry distance Updated

TABLE 5.1: Overview of the creation of variables in unreal-
ized ties

the corresponding realized tie, whereas others are changed. For example,
investor-level variables such as status remain the same, whereas the dis-
tinctiveness of the startup changes. Table 5.1 shows a complete overview
of the variables and whether they are updated or remain the same as in the
corresponding realized tie.

5.2 Analytical method: logistic regression and rare-

events application

In this section, we broadly describe our statistical approach, including
the main characteristics of logistic-regression models and the peculiarities
in rare-events situations. For the basic statistical concepts, we have used the
overview of regression modeling by Harrell (2015), which has been found to
be an extensive standard work with a high quality reference section (Helm-
reich, 2016).
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5.2.1 Logistic regression

The choice of a statistical model depends on the nature of the dependent
variable. As described in section 4.3, our dependent variable is binary and
takes the value of 1 if an investors has invested in the focal startup and 0
in all other cases. Our base statistical model is thus a logistic-regression
model, which is suitable for binary dependent variables (Harrell, 2015).2

We denote the binary dependent variable by Y and build a model that
predicts the value of Y based on a number of predictor variables X}, in vec-
tor X = {Xj, Xy, ..., Xj;}. Furthermore, we denote the vector of regression
coefficients by 8 = {31, 52, ..., Br }. As the logistic regression is a special case
in the ordinary linear model, we begin with the following linear model:

E{Y|X}=XB with X3 = o+ 1 X1+ BeXo+ ...+ B Xy (5.1)

Equation 5.1 can take values that fall outside of the range of our binary
variable. We thus adapt the equation in order to predict the probability
that Y takes the value of 1 given the values of the independent variables
X. Based on the work of Cox (1958) and Walker and Duncan (1967), the
probability is given by as follows:

E{Y|X} = Prob{Y = 1|X} = [1 + exp(—XB)] " (5.2)

The following equation thus shows the so-called logistic regression
function:

P =[1+exp(—z)]* (5.3)

The function in equation 5.3 now has a range from 0 to 1 and can take
any value from our set of predictors X, as illustrated graphically in figure
5.2, which shows equation 5.3 with z ranging from —5 to +5.

Model assumptions — An important difference between the logistic-
regression and ordinary multiple-regression models is that the former lacks
a normality requirement for the dependent variable. This is true as long as
the observations are independent of each other and simple random sam-
pling is used (Harrell, 2015). In addition, the general assumption that all
relevant co-variables are included needs to be true.

2 Another widespread model by which to describe a binary dependent variable is the
probit model (e.g., see application in Stuart, 1998). It defines the probability of Y being
equal to 1 by the cumulative normal distribution and discriminant analysis (Harrell, 2015).
While the shape of the resulting function is similar to that of the logistic regression, it has
a number of disadvantages. According to Harrell (2015), the probit model is computation-
ally more complicated, the regression coefficients have no natural interpretation, and more
assumptions are made. We have thus chosen to use logistic regression.
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FIGURE 5.2: Plot of logistic function

Model coefficient interpretation — Solving equation 5.3 for x allows us
to better understand the regression and to interpret the coefficients. After
rearranging the equation, x can be considered to be the natural logarithm
of the odds that Y = 1:

(5.4)

It is important to note that /(1 — P) are the odds and not the probabili-
ties that Y = 1. The equation can thus take any value and is not bounded, as
is the case with probabilities. Having solved for x in equation 5.4 allows us
to build a linear model based on the log odds that Y = 1. In the case of no
interaction effects, the so-called 'logit' of the logistics regression is defined
as follows, with X}, being the factors in the model:

P
logit(Y = 1|X) = log [1_]3]

= Xg
=pfo+ 01 X1+ ...+ Bij + .+ B X

(5.5)
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In order to interpret the coefficient 3;, we assume that all factors except
for X; in equation 5.5 are held constant. j3; is then the linear change of the
log odds when X changes by one unit. We can rewrite this to attain the
non-log change in the odds that Y = 1 by the following equation:

Aodds(Y = 1|X) = exp(5;X;) 5.6)

Generally, the odds can be defined as follows, where C'is defined as all
factors except for j, givenby C' = By + 51 X1 + ... + Bj—1 X1 + Bj+1Xj41 +
e + B X

odds(Y =1|X) = exp(X )

(5.7)
= exp(B;X;) exp(C)

The use of logistic regression thus allows us to interpret the coefficients
of the regression by transforming them into odds changes. In many cases,
it is easier to interpret probabilities than odds. Returning to the specific
case from equation 5.6, we can obtain the change of the outcome probability
when X; changes by one unit through rearrangement according to equation
5.4:

Aodds(Y = 1|X) = exp(3; X;)

P
Aip = exp(,Bij)

1 —

A _ exp(ﬁij) (58)
F exp(f8;X;) + 1

AP !

- 1+ exp(—ﬁij)

Interaction effects — Interaction effects describe situations in which the
effect of one predictor is affected by the magnitude of a second predictor.
For instance, the body height of a person is positively related to a person’s
weight. The effect of body height, however, is different for males and fe-
males, which the interaction effect would show. In our analysis, for exam-
ple, we expect the effect of categorical distance to be mitigated by a venture
capitalist’s status. The latter is the second predictor, which affects the effect
size of the categorical distance on the investment probability. The effects of
each of the predictors depend on each other. In a simple model, we then
denote the interaction term of two independent variables X; and X3 by
X3 = X1 X5 s0 that

C(Y|X) = o+ f1.X1 + X2 + S3X1 X (5.9)
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The interpretation of the effect of a change in X is more complicated
than in cases of purely separate effects. Assuming that X, remains constant,
a change of one unit in X is the first derivation of equation 5.9 and has an
effect that is described as follows:

CY[X1+1,X2) — C(Y|X1, X2) = B1 + B3X2 (5.10)

It is important to note that adding an additional predictor to the model
as an interaction term not only makes the additional predictor dependent
on the original predictor, but also vice versa.

Parameter estimation — In logistic regression, parameters /3 are esti-
mated based on the maximum-likelihood method. Only in special cases
can one explicitly solve for the parameter 5. Instead of this, a maximiza-
tion method is used to iteratively find the best solution for 3 in order to
maximize the log likelihood. One of the most widespread methods is the
Newton-Raphson method (Harrell, 2015): a stepwise approximation until
the change in 3 does not change by more than a small, previously defined
amount. This amount is the threshold by which the statistical significance is
not further affected on the y? scale. A more detailed review of the method’s
development can be found in Ypma (1995), and more practically interested
readers can refer to Harrell (2015).

Test statistics — In logistic regression, the Wald statistic is typically used
to obtain the statistical significance that coefficients are different from zero,
that is, there is an effect of the predictor on the dependent variable on a cer-
tain probability level. In order to test whether the predictors increase the
power of the model, a test statistic may be used. Either the likelihood-ratio
method or the Wald statistic is used, but the latter does not perform well
for cases in which the sample is small and the parameter’s true value is
significantly different from the null value (Harrell, 2015). In the likelihood-
ratio method, the likelihoods of two models’ test statistics are compared
and whether the improvement® of the likelihood is statistically significant
is then tested. Another test statistic is the Lagrange multiplier, which is the
slope of the log likelihood normalized by the curvature of the log likeli-
hood.

5.2.2 Peculiarities in rare-events settings

Examples of rare events are wars, earthquakes, or atomic-core melt-
downs that only occur rarely when analyzing historical data. For instance,
analyzing international relations between country pairs since 1945 only has
a 0.34% defined occurrence of a country pair being at war (King and Zeng,

3Typically, as a predictor is added to the model, the likelihood is improved but that does
not necessary mean that it is a better fit.
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2001). Similarly, considering all the potential investments of a venture cap-
italist, such as the number of new ventures that approach a venture capital-
ist or try to make a pitch appointment, the actual investment in the part of
an investor is a rare event. However, as previously indicated, most of the
information can be found in the event data and not in the non-event data.

Working with these rare events has two peculiarities. Data collection
can be very intensive with a limited amount of insight gained, and, if the
dependent variable is binary, as in logistics regression, the event probabil-
ities may be downwardly biased (King and Zeng, 2001). Regarding the
data collection, the suggestion is to collect as much data as possible on the
realized events and then sample randomly a number of zeros, that is, un-
realized events or ties. This strategy effectively focuses the researchers’ re-
sources on the most informative data. Using this strategy for the dataset,
it is necessary to correct the event probabilities, which we do by applying
the approach developed by King and Zeng (2001). This correction has been
widely used in tie-formation research in venture capital settings (Sorenson
and Stuart, 2001; Trapido, 2007; Rider, 2012; Zhelyazkov and Gulati, 2016)
and other research areas (e.g., Jensen, 2003).

From equation 5.2, we know that the logistic regression renders the
probability of Y = 1 given X by the following equation:

E{Y|X} = Prob{Y = 1|X} = [1 + exp(—XB)] " (5.11)

In order to correct for the effects described above, King and Zeng (2001)
show that 3 is biased by oversampling rare events in the following equa-
tion, with ¢ = 0.5Q;;[(1 + w1)Prob{Y = 1|X} — wy] in which Q;; are
the diagonal elements of @ = X(X'WX)X' and W = diag{Prob{Y =
11X }(1 — Prob{Y = 1|X})w;. w; is the share of realized ties in the sam-
ple relative to the share in the population and represents the weights.
: X'W¢
bias(f) = XWX

The estimation of 3 is then done by using weighted least-square regres-

(5.12)

sion with X as the predictor and ¢ as the response variable. The unbiased
3 is then given as follows:

Bunbiased = B — blas(ﬁ) (5.13)

In our analysis, we used the corrected /5 to remove any bias, and we
used the implementation in the R package Zelig (Choirat et al., 2016) to run
our models with the correct 5 estimates.
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5.2.3 Imputation for missing data

Imputation means dealing with missing data, because, in many cases,
data is incomplete, for instance, when survey participants skip questions or
databases are not well-maintained. The following brief overview of differ-
ent methods for dealing with missing data is based on the comprehensive
review by Schafer and Graham (2002). One of the simplest methods is the
'case deletion' method, from which all observations with missing data are
excluded, but it can lead to biases when data is not missing totally ran-
domly, that is, independent of the remaining data, or when the number of
observations is too low after deletion of observations. The result would be
a dataset that does not represent the complete population. One way to mit-
igate this problem is a weighting of the variables in the remaining dataset
to be more representative of the complete population. Another method of
dealing with missing data is replacing it with possible data, the so-called
'single imputation’, to keep all observations, which increases the sample
size and keeps the information from other variables in the observations.
Different approaches for this replacement of missing values exist. For in-
stance, replacement values can be randomly drawn from the observed val-
ues to keep the distribution similar. Another alternative is to use the mean
of the observed values to keep the overall mean constant, but this approach
changes the distribution by reducing the standard error. Both methods can
accommodate cases in which the focal variable is conditional on another
variable. However, single imputation generally reduces the precision of
the models and may give significantly biased results. Schafer and Graham
(2002) show that, in cases of low shares of missing data, for example, 3%,
single imputation can be reasonable and is preferred over deleting all the
observations with missing values.

More statistically robust results produce two alternative methods. 'Mul-
tiple imputation', developed by Rubin (1987), is similar to single imputa-
tion, but, instead of creating a single dataset with missing values inserted
from a certain distribution, it creates multiple complete datasets. These
multiple datasets are then individually analyzed and the results are consol-
idated, which increases the workload, but the computation is intellectually
easy (Rubin, 1996). The second alternative method is using a maximum
likelihood estimation, which assumes a normal distribution and requires
large sample sizes (Schafer and Graham, 2002). Based on the observed val-
ues, a maximum likelihood estimate for the unobserved values is made,
that is, finding the greatest probability that these were the observed values
(Newman, 2003). Today, most statistical software provides functionality to
apply both methods.

For most of the missing data in our Crunchase dataset, we use the case-
deletion method for two reasons. Firstly, we expect the missing values to
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be missing randomly due to the insufficient maintenance of a database to
which anyone can contribute. Furthermore, imputation is, by definition,
imperfect and will never lead to a perfect result if the missing data is not
missing randomly. We do not believe that, in our case, the imputation
would have improved our results compared to deletion. In addition, we
do not have missing data for our independent variables, as we have ex-
cluded the companies without a category entry. Imputation of categorical
values with a high number of categorical values is particularly difficult, es-
pecially when the number of categories is unknow, for instance, startups
are categorized in up to 17 categories per startup in our dataset. The other
variables, for example, the founding date or funding amount, are only con-
trol variables and are thus of lower relevance. The size of our dataset also
remains large enough to have great predictive power. Only for geograph-
ical distance we have used single imputation. The reason why we have
missing data in the geographical distance is an issue concerning matching
data from two different Excel sheets in the Crunchbase dataset. To avoid
dropping the observations, we have used mean imputation for geographi-
cal distance and included a dummy variable equal to 1 when we inserted
the mean geographical distance and 0 otherwise. In our dataset, only about
3.2% of the geographical distance values are missing, which is reasonably
small to not overly introduce a bias for that variable.

5.3 Specification of statistical models

We use logistic regression with rare-events corrected coefficients, as de-
scribed above, in order to test our hypotheses. Our baseline model 0 only
includes the control variables. In model 1, we add the four independent
variables of the first part of the analysis, that is, the startup’s distinctive-
ness, portfolio distinctiveness, portfolio diversification, and status.

In the following three models, we use the interaction effects between
our three venture-capital-based moderators and the startup’s distinctive-
ness, which allows us to test our expected effects. In order to incorporate
the effects of the variables on the intercept, we also need to include the main
effects (e.g., see application in Sorenson and Stuart, 2001). Models 3, 4, and
5 thus each include the main effects and the interaction effect between the
startup’s distinctiveness and portfolio distinctiveness, portfolio diversifica-
tion, and the venture capitalist’s status. Model 5 is the full model for part
one, including all main effects and the interaction effects of the independent
variable with all three moderators.

The second set of models adds the categorical distances. Model 6 is
the same as model 1, complemented by the categorical distance to test the
hypothesis on the main effect of categorical distance. Models 7, 8, and 9
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include each one of the venture capitalist’s attribute variables and the in-
teraction effects with categorical distance to test our hypothesis. The last
model is the full model for the second part of the analysis, including all
three interaction effects between categorical distance and portfolio distinc-

tiveness, portfolio diversification, and status.
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Chapter 6

Results

This chapter has three parts. Firstly, we describe our variables highlight-
ing their peculiarities to develop a better understanding for the dataset, for
example, the distributions or types of startups and venture capitalists. Sec-
ondly, we present the results of the regression models and what they mean
for the test of our hypothesis. We discuss the results in detail in chapter 7.
Thirdly, we use multi-way clustering by the startup and the venture capi-
talist to test the robustness of our results.

6.1 Descriptive statistics

We split the discussion of descriptive statistics into a presentation of the
behavior of the five independent variables and a more detailed description
of the dataset based on the control variables and additional information.
Table 6.1 displays the main descriptive statistics, and table 6.2 presents the
bivariate correlations for the sample. We have excluded the year dummies,
the funding round dummies, and the investor count dummies from these
tables to avoid overloading them. Instead, we have included the investor
count and round number variables as discrete variables for informational
purposes. A breakdown of our observations by year is displayed in figure
6.5. For all analyses, we have used 58,000 venture capitalist - startup dyad
observations.

6.1.1 Overview of independent variables

The startup’s distinctiveness ranges from 0 to 0.912 with a mean of 0.480
and due to the way we calculate this measure, it is not normally distributed.
We assign a value of 0 to a startup’s distinctiveness if the startup is associ-
ated with only one category as it is not boundary-spanning in that case.
This results in the non-normal distribution. Figure 6.1 displays the his-
tograms and density plots with the corresponding normal curves for each
of the five independent variables, and graphical examination shows that

neither of the variables is normally distributed.
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Statistic N Mean St. Dev.  Min Max
Dependent variable
Dummy actual data 58,000 0.500 0.500 0 1
Independent variables
Startup’s distinctiveness 58,000 0.480 0.178 0.000 0.912
Portfolio distinctiveness 58,000 0.479 0.081 0.000 0.912
Portfolio diversification 58,000 19.321 5.135 3.349  41.447
Venture capitalist’s status 58,000 2.934 2.819 0.018  13.561
Categorical distance 58,000  20.563 6.868 3.609  41.447
Startup/funding round level controls
State dummy CA 58,000 0.518 0.500 0 1
State dummy MA 58,000 0.098 0.298 0 1
State dummy NY 58,000 0.135 0.342 0 1
Startup age 58,000  41.174  25.737 0 129
Investor count 58,000 4.307 3.091 1 32
Raised amount (log) 58,000 15.954 1.248 8.517  20.906
Round number 58,000 1.987 1.239 1 10
Venture capitalist/syndicate level controls
VC age 58,000 9.118 4.940 1.083  29.917
General experience 58,000  69.860  94.302 2 624
Industry experience 58,000 1.333 5.383 0 91
Mean affiliation 58,000 4.785  10.216 0.000 179.000
Venture capitalist-startup dyad level controls
Geographical distance (log) 58,000 6.029 2.898 0.000 9.821
No geographical distance dummy 58, 000 0.032 0.176 0 1
Industry distance 58,000 0.776 0.198  0.000 1.000
Prior investment dummy 58, 000 0.175 0.380 0 1
Affiliate geographical distance 58,000  13.384  34.049 0.000 100.000
Affiliate industry distance 58,000 0.839 0.234 0.000 1.000

TABLE 6.1: Descriptive statistics
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1. Startup’s distinctiveness 1

2. Portfolio distinctiveness 0.058 1

3. Portfolio diversification 0.022 0.123 1

4. Venture capitalist’s status 0.023 0.132 0.141 1

5. Categorical distance 0.026 0.033 0.347 0.034 1

6. Startup age 0.211 0.025 -0.037 -0.029 0.002 1

7. Investor count 0.085 0.004 -0.047 -0.001 -0.093 0.010 1

8. Raised amount (log) 0.240 0.086 -0.026 0.081 -0.033 0.268 0.270 1

9. Round number 0.211 0.061 -0.008 0.025 -0.048 0.530 0.104 0.402 1

10. Geographical distance (log) -0.003 -0.006 -0.029 -0.137 0.061 0.062 -0.059 -0.007 0.006 1

11. No geographical distance dummy 0.002 -0.005 -0.082 -0.123 -0.017 0.037 0.006 0.022 0.024 0.118 1

12. Industry distance -0.075 0.035 0.241 0.113 0.513 -0.085 -0.070 -0.124 -0.117 0.046 -0.059 1

13. Prior investment dummy 0.094 0.038 0.004 0.076 -0.106 0.197 0.084 0.189 0.374 -0.144 -0.012 -0.262 1

14. Mean affiliation 0.050 0.043 -0.011 0.371 -0.105 0.024 0.148 0.165 0.127 -0.177 -0.047 -0.084 0.313 1

15. Affiliate geographical distance 0.027 -0.008 -0.030 0.088 -0.103 -0.027 0.321 0.076 0.027 -0.145 -0.018 -0.071 0.151 0.259 1

16. Affiliate industry distance -0.072 -0.008 0.086 -0.110 0.251 -0.120 -0.328 -0.250 -0.209 0.134 0.004 0.465 -0.425 -0.359 -0.333 1

17. VC age 0.038 0.150 0.132 0.517 0.031 0.108 -0.048 0.100 0.102 -0.067 -0.057 0.054 0.116 0.189 0.008 -0.086 1

18. General experience 0.030 0.139 0.153 0.862 0.033 0.043 -0.021 0.096 0.062 -0.105 -0.101 0.087 0.102 0.335 0.053 -0.106 0.665 1
19. Industry experience -0.048 -0.031 -0.099 0.122 -0.140 0.096 0.017 0.129 0.081 -0.038 0.006 -0.336 0.200 0.129 0.039 -0.339 0.148 0.166 1

108

TABLE 6.2: Pairwise correlation matrix for main variables
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FIGURE 6.2: Comparison of portfolio diversification and
categorical distance based on density plots and normal
curves

The distribution and range of portfolio diversification and categorical
distance are similar because we use the same calculation method for the
two measures. We also acknowledge that there is a correlation between the
two measures that is higher than any other correlation in our dataset (refer
to table 6.2 for details). This, naturally, makes sense because, if a portfolio
is highly diversified, that is, the categorical distance between the portfolio
companies is large, then it is probable that the distance between the focal
startup and the portfolio companies is also large. Only if the focal startup
is more category-spanning than the portfolio companies can the categor-
ical distance be lower than the diversification value. The comparison of
the density charts in figure 6.2 shows that despite the similarity, the dis-
tribution of categorical distance is more widespread than that of portfolio
diversification.

Furthermore, we are interested in understanding the relationship be-
tween the three attributes of the venture capitalist, that is, portfolio dis-
tinctiveness, portfolio diversification, and status. While we have not hy-
pothesized about the relationships, it might still be helpful in the discus-
sion of the results of the hypothesis tests to present these here. We have
thus created a three-dimensional scatter plot in figure 6.3. The graphical
inspection shows that, with increasing status, the deviations from the mean
of portfolio distinctiveness and diversification are reduced. We have cre-
ated four status-based quartiles, by splitting the status-ordered observa-

tions into four equally sized subsets, to analyze the distribution of portfolio
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FIGURE 6.3: Three dimensional scatter plot of the three at-
tributes of the venture capitalist

distinctiveness and diversification by status quartile in figure 6.4. The fig-
ure clearly shows that, in our sample, status reduces deviations from the
mean for portfolio distinctiveness and portfolio diversification.

Status quartile 1 Status quartile 2 Status quartile 3 Status quartile 4
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FIGURE 6.4: Analysis by status quartiles
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6.1.2 The dataset

After the application of filters as described in section 4.2, the base
dataset includes 10,576 funding rounds of 5,826 startups from 2,323 ven-
ture capitalists, that led to 29,000 venture capitalist - startup observations.
Through the addition of unrealized ties, we doubled the sample size to
58,000 venture capitalist - startup observations. The startups were asso-
ciated with one or more of 538 different detailed categories and 44 unique
group categories. Table 6.3 summarizes this. The dataset is skewed to more
recent years, as the Crunchbase platform and the related technology blog
TechCrunch have increased their reach and attracted more contributors to
the database during this time. We take this into account by controlling
for the year of the funding round. Figure 6.5 splits the venture capitalist
- startup dyads and the funding rounds by year.

Information Number
Startups 5,826
Funding rounds 10,576
Investors 2,323
Unique categories 538

Unique group categories 44

TABLE 6.3: Overview core information final dataset

M Venture capitalist-startup dyads 11,988
M Funding rounds

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

FIGURE 6.5: Frequency distribution by year

More than half (54%) of the new ventures in our sample enter it with
only one funding round, and another quarter has two funding rounds in
our sample. The startup might have previous funding rounds that are not
labeled venture capital, for example, seed financing, but we excluded these
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rounds from our sample. The pie chart in figure 6.6 displays the distribution

of funding rounds per new venture.

5 or more rounds
4 rounds

3 rounds

3,140
(54%) 1 round

1,483
(25%)

2 rounds

FIGURE 6.6: Frequency distribution of funding rounds per
new venture

The geographical distribution of startups in figure 6.7 shows a con-
centration in the three states of California, New York, and Massachusetts,
which is why we control for these states with three dummy variables. The
figure excludes 14 startups for which we lacked information on their head-
quarters’ location and two startups that have indicated headquarters on the
islands of Hawaii. For graphical reasons the plot shows the point size rela-

tive to the log of the number of startups in the respective city.

6.2 Model results

In line with our hypotheses developed in chapter 2, we split our anal-
ysis into two parts. The first set of regressions helps to find evidence for
the hypothesis regarding the startup’s distinctiveness and the venture cap-
italist’s varying preference for it. The second set of regressions displays the
empirical results for the hypothesis tests regarding categorical distance. Ta-
bles 6.4 and 6.5 display the results of the rare-events logistic regressions.
Three significance levels are indicated in the tables and used throughout
this paper: weakly significant (p<0.05), significant (p<0.01), and strongly
significant (p<0.001). For an easier interpretation of the results, figure 6.8
includes the effect plots of the interaction terms. The figure plots the effects
on a startup’s distinctiveness and categorical distance for each of the ven-
ture capitalist’s three attributes, which are set to two standard deviations
above the mean and two standard deviations below the mean, as well as
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the mean value. The bands around the plotted lines show the 95% con-
fidence interval. We use logistic regression results without correction for
rare events for the graphical display. A more detailed version of the re-
gression outputs, including the coefficients for the dummy variables and a
full model that includes all the variables and interaction effects of the two
analyses can be found in appendix A.

6.2.1 Analysis part I: startup’s distinctiveness

Model 0 only reports the estimated log odds for the control variables
and serves as a baseline. The results for the major control variables are
as expected. The greater the industry distance between a startup and an
investor, the lower the probability of an investment is. The coefficient for
geographical distance is also as expected, negative and strongly significant,
reducing the probability of an investment. The same is true for our two
measures of affiliate distance: The greater the industry and geographical
distance of the closest syndicate partner, the lower the investment proba-
bility. It is important to note that the affiliate geographical distance is de-
fined as the inverse of geographical distance, so that a positive value in the
regression model indicates lower probability with larger distance. Inter-
estingly, the effect on log odds is significantly larger for affiliate industry
distance than for the direct industry distance, indicating that the syndicate

distance is even more important than the direct distance. Furthermore, an
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investor who has previously invested in the startup increases the probabil-
ity of an investment with strong significance. We observe the largest coef-
ficient for this control variable. Control variables that are only dependent
on either the venture capitalist, for example, age or industry experience, or
only dependent on the startup, for example, amount raised or geograph-
ical location, cannot be directly interpreted in our research design. As all
of the startups in our sample received funding in that quarter, it would be
wrong to interpret the coefficients as the log odds of receiving funding. We
can only derive conclusions for variables that affect the venture capitalist
- startup dyad. In other words, only the main effects of variables that si-
multaneously depend on the venture capitalist and the startup, such as any
distance measure, can be meaningfully interpreted. That is also the reason
why we have not included a hypothesis on the main effect of the startup’s
distinctiveness on the probability of receiving funding.

In model 1 we added the four independent variables from the first part
of our analysis: the startup’s distinctiveness, the portfolio distinctiveness,
the portfolio diversification, and the venture capitalist’s status. As outlined
above, we cannot interpret the coefficients, as they are affected by the dis-
tribution of our sample but do not describe a dyad characteristic. With the
following models, we test which investors prefer a startup’s distinctiveness.

Model 2 incorporates the venture capitalist’s historical average portfolio
distinctiveness and the interaction effect with the startup’s distinctiveness.
As expected, we found strongly significant evidence for our hypothesis that
venture capitalists who have previously invested in distinctive startups and
gained experience in managing the associated risks have a higher probabil-
ity of investing in a distinctive startup. Figure 6.8a clearly supports this
hypothesis. In the plot, the solid line depicts the relationship of a startup’s
distinctiveness with the probability of investment in the case of portfolio
distinctiveness two standard deviations below the mean portfolio distinc-
tiveness. The line’s negative slope is to interpreted as a decreasing proba-
bility of investment when the a startup’s distinctiveness increases for ven-
ture capitalists with low portfolio distinctiveness. The dotted line for two
standard deviations above the mean of portfolio distinctiveness is upward
sloping, which means that, for venture capitalists with high portfolio dis-
tinctiveness, the probability of investment increases with an increase in a
startup’s distinctiveness.

Model 3 adds to model 1 the portfolio diversification of the focal ven-
ture capitalist and its interaction effect with the startup’s distinctiveness.
We have expected a negative effect on the probability of investing in a dis-
tinctive startup, but we cannot confirm this expectation. Rather, we observe
a weakly significant and positive coefficient of the interaction effect indicat-
ing that investors who try to diversify their portfolios in order to reduce risk
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prefer distinctive new ventures. The graph in figure 6.8b supports this find-
ing with an upward-sloping dotted line for highly diversified investors and
a downward-sloping solid line for venture capitalists with lowly diversified
portfolios.

In model 4, we have added the status measure based on venture cap-
italists” historical syndicate networks and the respective interaction effect.
We find weakly significant support for the hypothesis that with the increas-
ing centrality of a venture capitalist, the appetite for distinctive startups
increases. Again, the slopes in figure 6.8c show graphical support.

In model 5 we introduce all the interaction effects for our analysis of
startup’s distinctiveness, the portfolio characteristics, and the venture cap-
italist’s status. The direction of the interaction effects” coefficients remains
the same but the previously weakly significant results for the interaction
with portfolio diversification and status are no longer significant at the 5%

level.



Model 0 Model 1 Model 2 Model 3 Model 4 Model 5
(Intercept) 4.99*** 4.91%** 5.68*** 4.53*** 5.59** 5.62***
(0.35) (0.36) (0.38) (0.37) (0.35) (0.40)
State dummy CA —0.26*** —0.25"** —0.26*** —0.26* —0.25%** —0.25%**
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
State dummy MA —0.23*** —0.22%** —0.23*** —0.22%** —0.23*** —0.22%*
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
State dummy NY —0.15*** —0.13*** —0.15%** —0.14** —0.14** —-0.13**
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
Startup age 0.00 0.00 0.00 0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Raised amoung (log) 0.06*** 0.07*** 0.07*** 0.07*** 0.07*** 0.07***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Geographical distance (log) —0.17%** —0.17%** —0.17*** —0.17*** =017 —0.17"**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Geographical distance no data dummy 0.36*** 0.35*** 0.36*** 0.40*** 0.31*** 0.35***
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
Industry distance —1.52%** —1.61*** —1.53*** —1.68*** —1.46*** —1.60***
(0.07) (0.07) (0.07) (0.07) (0.07) (0.07)
Prior investment dummy 5.84%** 5.80*** 5.83*** 5.83** 5.81** 5.79***
(0.17) (0.17) (0.17) (0.17) (0.17) (0.17)
Mean affiliation 0.04*** 0.05*** 0.04*** 0.04*** 0.05*** 0.05***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Affiliate geographical distance 0.01*** 0.01*** 0.01*** 0.01*** 0.01** 0.01**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Affiliate industry distance =373 =378 3737 370" —-3.81%"  —3.78"
(0.08) (0.09) (0.08) (0.08) (0.09) (0.09)
VC age 0.00 —0.00 0.00 0.00 —0.00 —0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
General experience —0.00*** —0.00*** —0.00*** —0.00*** —0.00"* —0.00***
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Model 0 Model 1 Model 2 Model 3 Model 4 Model 5

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Industry experience 0.01%** 0.02*** 0.01%** 0.01™** 0.01%* 0.02%*
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Startup’s distinctiveness —0.16* —1.51"** —0.64"" —0.28"*  —1.78"**
(0.06) (0.32) (0.23) (0.09) (0.38)

Portfolio distinctiveness —0.14 —1.45%** —1.26™**
(0.13) (0.33) (0.34)
Portfolio diversification 0.03*** 0.02** 0.02**
(0.00) (0.01) (0.01)

VC status —0.14*** —0.17** —0.16"**
(0.01) (0.01) (0.01)

Startup’s distinctiveness x Portfolio distinctiveness 2.87%% 2,42+
(0.66) (0.67)

Startup’s distinctiveness x Portfolio diversification 0.02* 0.02
(0.01) (0.01)
Startup’s distinctiveness x VC status 0.06* 0.05

(0.02) (0.02)
AIC 49,559 49,149 49,540 49,401 49,284 49,131
BIC 50,106 49,731 50,113 49,975 49,858 49,741
Log Likelihood -24,719 -24,509 -24,706 -24,637 -24,578 -24,498
Deviance 49,437 49,019 49,412 49,273 49,156 48,9956
Num. obs. 58,000 58,000 58,000 58,000 58,000 58,000

***p < 0.001, **p < 0.01, *p < 0.05

* The table shows the results of the logistic regression models with correction of coefficients for rare events. Standard errors are shown in parentheses.
Year dummies, round number dummies, and investor count dummies are included in all models. The unit of analysis is the venture capitalist - startup
funding round dyad and the sample includes 58,000 observations from the period 2005 - 2015. The observations are half realized investments

and half unrealized investments. The dependent variable dummy actual data is binary and equals 1 when the observation is a realized investment.

TABLE 6.4: Logistics regression output models part I: startup’s distinctiveness*
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6.2.2 Analysis part II: categorical distance

The regression output for the second part of the analysis of categorical
distance is displayed in table 6.5. We have included model 0 again in the
table as a reference for the new models. Similarly to model 1, we have in-
cluded all main effects of our independent variables in model 7. We confirm
with a strongly significant negative coefficient that categorical distance has
a negative effect on the probability of receiving funding from the focal ven-
ture capitalist. This effect remains strongly significant in all models and has
the highest coefficient in the full model 11.

Model 8 adds the interaction effect of portfolio distinctiveness on cat-
egorical distance and its main effect to model 7. As expected, we find a
positive coefficient, that is, an increase in the log odds of receiving an in-
vestment when the venture capitalist has higher portfolio distinctiveness.
However, the effect is not significant at the 5% level. The interaction ef-
fect plot in figure 6.8d also shows highly overlapping confidence intervals,
even between values for portfolio distinctiveness, which are four standard
deviations apart from each other.

Model 9 includes the main and interaction effects of portfolio diversifi-
cation and shows strongly significant support for the hypothesis that ven-
ture capitalists with higher portfolio diversification have a greater prob-
ability of investing in settings with large categorical distance. While the
coefficient of the interaction term of portfolio diversification with categor-
ical distance is small (<0.00), the inclusion of the interaction effect and the
main effect of portfolio diversification further decreases the negative coef-
ficient (that is, a stronger effect) of the categorical distance’s main effect.
The plot in figure 6.8e shows the strong differences between the highly di-
versified venture capitalists with an upward-sloping dotted line and the
strongly downward-sloping dotted line for venture capitalists with lowly
diversified portfolios.

We can also confirm our hypothesis that high-status investors are more
likely to invest in startups with larger categorical distance. Model 10 con-
tains the main and interaction effects of venture capitalist’s status and dis-
plays a strongly significant coefficient for the interaction term. Again, figure
6.8f shows that high-status venture capitalists have an increasing preference
for categorically distant startups, that is, an upward-sloping dotted line,
while low-status venture capitalists have a strongly decreasing probability
of investing in categorically distant startups, that is, a downward-sloping
solid line.

Model 11 contains all main and interaction effect regarding categorical
distance allowing us to test the robustness of our results. We find that the
results are unchanged with the coefficients showing the same degree of sig-

nificance and sign.
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6.3 Robustness test

Cluster sampling describes the issue of having groups in a sample in
which members share common unobserved characteristics, causing corre-
lation among standard errors (Wooldridge, 2002). These biased standard
errors can lead to an over- or understatement of the significance levels, that
is, validity of results, for the regression coefficients (Petersen, 2009). For
instance, if, in an empirical analysis, respondents come from a number of
companies, the respondents who work for the same company might share
some unobserved characteristics, leading to cross-sectional correlation. Ac-
cording to Wooldridge (2002), this is not a problem as long as the number of
clusters is large compared to the observations per cluster and a correction is
being made. It is assumed that the clusters themselves are independent of
each other. A number of approaches, such as including dummy variables
for each cluster, adjusting the standard errors only, and adjusting the stan-
dard errors and the coefficients, to correct for this type of non-independence
exist and have been applied in other studies (Petersen, 2009).



Model 0 Model 6 Model 7 Model 8 Model 9 Model 10
(Intercept) 4.99%* 4.96%** 5.47* 5.32%** 6.02%* 5.93**
(0.35) (0.36) (0.39) (0.37) (0.36) (0.40)
State dummy CA —0.26%** —0.26*** —0.27** —0.27** —0.26™** —0.26"**
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
State dummy MA —0.23*** —0.20"** —0.21"** —0.21"** —0.22"** —0.21%**
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
State dummy NY —0.15"** —0.15"** —0.16"** —0.15"** —0.16™"* —0.14***
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
Startup age 0.00 0.00 0.00 0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Raised amoung (log) 0.06*** 0.08*** 0.07*** 0.07*** 0.07** 0.07**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Geographical distance (log) —0.17** —0.17** —0.17** —0.17** —0.17* —0.17***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Geographical distance no data dummy 0.36** 0.37** 0.37** 0.41%** 0.32%* 0.36**
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
Industry distance —1.52%** —1.09*** —1.13*** —1.02%** —1.01%** —0.92***
(0.07) (0.08) (0.08) (0.08) (0.08) (0.08)
Prior investment dummy 5.84*** 5.82%** 5.86™** 5.84*** 5.83*** 5.81***
(0.17) (0.17) (0.17) (0.17) (0.17) (0.17)
Mean affiliation 0.04*** 0.05*** 0.04*** 0.04*** 0.05*** 0.05***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Affiliate geographical distance 0.01%** 0.017** 0.017** 0.01*** 0.01%** 0.01%**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Affiliate industry distance —3.73"* —3.73"* —3.717 —3.69""* —3.86™"" —3.83"*
(0.08) (0.09) (0.08) (0.08) (0.09) (0.09)
VC age 0.00 —0.00 0.01 0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
General experience —0.00"* —0.00"* —0.00*** —0.00*** —0.00** —0.00"*
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
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Model 0 Model 6 Model 7 Model 8 Model 9 Model 10

Industry experience 0.01*** 0.02*** 0.01*** 0.01*** 0.02*** 0.01***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Categorical distance —0.03*** —0.03*** —0.09*** —0.04*** —0.09***
(0.00) (0.01) (0.01) (0.00) (0.01)
Startup’s distinctiveness —-0.11 —-0.11 —0.09 —0.10 —0.08
(0.06) (0.06) (0.06) (0.06) (0.06)
Portfolio distinctiveness -0.17 —0.67 0.09
(0.13) (0.39) (0.39)
Portfolio diversification 0.03*** —0.03*** —0.02**
(0.00) (0.01) (0.01)
VC status —0.14*** —0.31%** —0.31%**
(0.01) (0.02) (0.02)
Categorical distance x Portfolio distinctiveness 0.02 —0.01
(0.02) (0.02)
Categorical distance x Portfolio diversification 0.00™** 0.00**
(0.00) (0.00)
Categorical distance x VC status 0.01**~ 0.01***
(0.00) (0.00)
AIC 49,559 48,951 49,450 49,094 49,047 48,711
BIC 50,106 49,543 50,033 49,677 49,630 49,330
Log Likelihood -24,719 -24,409 -24,660 -24,482 -24,458 -24,287
Deviance 49,437 48,819 49,320 48,964 48,917 48,573
Num. obs. 58,000 58,000 58,000 58,000 58,000 58,000

***p < 0.001, **p < 0.01, *p < 0.05

* The table shows the results of the logistic regression models with correction of coefficients for rare events. Standard errors are shown in parentheses.
Year dummies, round number dummies, and investor count dummies are included in all models. The unit of analysis is the venture capitalist - startup
funding round dyad and the sample includes 58,000 observations from the period 2005 - 2015. The observations are half realized investments

and half unrealized investments. The dependent variable dummy actual data is binary and equals 1 when the observation is a realized investment.

TABLE 6.5: Logistics regression output models part II: categorical distance*
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In our dataset, each observation is a part of multiple clusters, which
might lead to an unobserved correlation and thus non-independence of ob-
servations (Ozmel, Reuer, and Gulati, 2013). Firstly, a venture capitalist-
startup observation is part of the startup cluster containing all the other ob-
servations of the focal funding round and other funding rounds of the focal
startup. Secondly, the observation belongs to the venture capitalist cluster,
including all observations in which the focal venture capitalist has invested.
Thirdly, the funding round cluster includes all observations, that is, venture
capitalist - startup combinations, in the focal funding round. Theoretically,
within each of these clusters, unobserved characteristics might lead to cor-
relation. We have thus conducted a robustness test by including multi-way
clustering of standard errors for startups and for venture capitalists. We
did not cluster the funding rounds, as they are clustered in a higher or-
der through startup clustering. We used the approach for the multi-way
clustering of residuals to estimate the robust standard errors developed by
Cameron, Gelbach, and Miller (2012) because it allows multi-way cluster-
ing and is applicable to logistic regressions. We applied the implementa-
tion in the R package multiwaycov (Graham, Arai, and Hagstroemer, 2016).
Cameron, Gelbach, and Miller (2012) adjust the standard errors to correct
for potential in-cluster correlation.

The results of the regressions, including the adjusted standard errors,
can be found in table 6.6 and table 6.7. We have excluded the rare-events
correction of coefficients described in section 5.2.2, which is why coeffi-
cients may differ from those in tables 6.4 and 6.5. The robustness check
shows that, even with the correction of standard errors, the results remain
the same qualitatively, that is, in the direction of coefficients, and quantita-
tively, that is, in the significance levels.
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Model 0.1 Model1.1  Model2.1  Model3.1 Model41  Model 5.1
(Intercept) 5.00%** 4.927** 5.69** 4.53*** 5.59*** 5.62***
(0.47) (0.47) (0.48) (0.46) (0.46) (0.48)
State dummy CA —0.26*** —0.25"* —0.26*** —0.26*** —0.25"* —0.25"*
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
State dummy MA —0.23"** —0.22%* —0.23** —0.22%** —0.23"* —0.22%*
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
State dummy NY —0.15** —0.13* —0.15** —0.14" —0.14" —0.13*
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
Startup age 0.00 0.00 0.00 0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Raised amoung (log) 0.06* 0.07** 0.07** 0.07* 0.07* 0.07**
(0.03) (0.03) (0.03) (0.02) (0.03) (0.03)
Geographical distance (log) —0.17* —0.17** —0.17** —0.17** —0.17* —0.17**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Geographical distance no data dummy 0.36*** 0.35%** 0.36*** 0.40*** 0.31%** 0.35%**
(0.06) (0.05) (0.06) (0.06) (0.06) (0.06)
Industry distance —1.52%** —1.61"* —1.53*** —1.68*** —1.46*** —1.60"**
(0.10) (0.11) (0.10) (0.11) (0.11) (0.11)
Prior investment dummy 5.86*** 5.83*** 5.86* 5.86"** 5.83*** 5.82%**
(0.19) (0.19) (0.19) (0.19) (0.19) (0.19)
Mean affiliation 0.04*** 0.05*** 0.04*** 0.04*** 0.05%** 0.05***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Affiliate geographical distance 0.01*** 0.01** 0.01** 0.01*** 0.01*** 0.01**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Affiliate industry distance —3.74* —3.79"* —3.74"** —3.717* —3.827** —3.78"**
(0.16) (0.16) (0.16) (0.16) (0.16) (0.16)
VC age 0.00 —0.00 0.00 0.00 —0.00 —0.00
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
General experience —0.00"** —0.00 —0.00*** —0.00*** —0.00 —0.00
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Model 0.1 Model1.1  Model2.1  Model3.1 Model41  Model 5.1
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Industry experience 0.01** 0.02** 0.01* 0.01** 0.01** 0.02**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Startup’s distinctiveness —0.16* —1.51%** —0.64** —0.28** —1.78***
(0.07) (0.33) (0.24) (0.09) (0.39)
Portfolio distinctiveness —0.14 —1.45%** —1.26***
(0.11) (0.34) (0.32)
Portfolio diversification 0.03*** 0.02* 0.02**
(0.00) (0.01) (0.01)
VC status —0.14** —0.17** —0.16**
(0.02) (0.02) (0.02)
Startup’s distinctiveness x Portfolio distinctiveness 2.87** 2.42%*
(0.69) (0.67)
Startup’s distinctiveness x Portfolio diversification 0.02* 0.02
(0.01) (0.01)
Startup’s distinctiveness x VC status 0.06* 0.05
(0.03) (0.03)

***p < 0.001, **p < 0.01, *p < 0.05

* The table shows the results of the logistic regression models. Standard errors are shown in parentheses and clustered by startup and venture capitalist.
Year dummies, round number dummies, and investor count dummies are included in all models. The unit of analysis is the venture capitalist - startup

funding round dyad and the sample includes 58,000 observations from the period 2005 - 2015. The observations are half realized investments

and half unrealized investments. The dependent variable dummy actual data is binary and equals 1 when the observation is a realized investment.

TABLE 6.6: Regression output models with two-way clustering of standard errors by startup and venture capitalist part I: startup’s
distinctiveness*
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Model 0.1 Model 6.1 Model 7.1 Model 8.1 Model 9.1 Model 10.1
(Intercept) 5.00"** 4.96*** 5.48*** 5.33** 6.02*** 5.93***
(0.47) (0.48) (0.47) (0.46) (0.46) (0.47)
State dummy CA —0.26*** —0.26"** —0.27" —0.27*** —0.26** —0.26"**
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
State dummy MA —0.23"** —0.20** —0.21%* —0.21%** —0.22%** —0.22%*
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
State dummy NY —0.15** —0.15** —-0.16** —0.15** —0.16** —0.14*
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
Startup age 0.00 0.00 0.00 0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Raised amoung (log) 0.06* 0.08** 0.07** 0.07** 0.07** 0.07**
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Geographical distance (log) —0.17*** —0.17*** —0.17** —0.17*** —0.17*** —0.17***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Geographical distance no data dummy 0.36*** 0.37*** 0.37*** 0.41*** 0.32%** 0.36***
(0.06) (0.05) (0.06) (0.05) (0.06) (0.05)
Industry distance —1.52%** —1.09*** —1.13** —1.02*** —1.01%** —0.92%*
(0.10) (0.11) (0.11) (0.11) (0.11) (0.11)
Prior investment dummy 5.86"** 5.85%** 5.89*** 5.87** 5.85** 5.83***
(0.19) (0.19) (0.19) (0.19) (0.19) (0.19)
Mean affiliation 0.04*** 0.05*** 0.04*** 0.04*** 0.05*** 0.05***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Affiliate geographical distance 0.01*** 0.01*** 0.01** 0.01** 0.01*** 0.01***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Affiliate industry distance —3.747** —3.747* —3.717* —3.69""* —3.87"* —3.84"**
(0.16) (0.16) (0.16) (0.16) (0.16) (0.16)
VC age 0.00 —0.00 0.01 0.00 0.00 0.00
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
General experience —0.00"** —0.00 —0.00"* —0.00"** —0.00 —0.00
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Model 0.1 Model 6.1 Model 7.1 Model 8.1 Model 9.1 Model 10.1

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Industry experience 0.01** 0.02** 0.01** 0.01* 0.02** 0.01*
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Categorical distance —0.03*** —0.03*** —0.09*** —0.04*** —0.09***
(0.00) (0.01) (0.01) (0.00) (0.01)
Startup’s distinctiveness —0.11 —0.11 —0.09 —0.10 —0.08
(0.07) (0.06) (0.07) (0.06) (0.07)
Portfolio distinctiveness -0.17 —0.67 0.09
(0.11) (0.42) (0.39)
Portfolio diversification 0.04** —0.03*** —0.02**
(0.00) (0.01) (0.01)
VC status —0.14*** —0.31%** —0.31%**
(0.02) (0.03) (0.03)
Categorical distance x Portfolio distinctiveness 0.03 —0.01
(0.02) (0.02)
Categorical distance x Portfolio diversification 0.00** 0.00%**
(0.00) (0.00)
Categorical distance x VC status 0.01*** 0.01***
(0.00) (0.00)

***p < 0.001, **p < 0.01, *p < 0.05

* The table shows the results of the logistic regression models. Standard errors are shown in parentheses and clustered by startup and venture capitalist.
Year dummies, round number dummies, and investor count dummies are included in all models. The unit of analysis is the venture capitalist - startup
funding round dyad and the sample includes 58,000 observations from the period 2005 - 2015. The observations are half realized investments

and half unrealized investments. The dependent variable dummy actual data is binary and equals 1 when the observation is a realized investment.

TABLE 6.7: Regression output models with two-way clustering of standard errors by startup and venture capitalist part 2: categorical
distance*
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Chapter 7

Discussion

The overall aim of this dissertation is to further investigate the matching
process of venture capitalists and startups in order to explain which venture
capitalist - startup combinations are most likely. We use market categories
for our analysis and apply the latest sociological research findings from the
categorization literature on the venture capital domain. Specifically, using
market categories and taking the distance between the categories into ac-
count, as well as the number of categories, is a new approach to analysis
of the venture capital industry. In a sample of US startups that received
funding during the period from 2005 to 2015, we find evidence that which
venture capitalists invest in what startups depends on venture capitalists’
experience regarding investments in distinctive new ventures, their portfo-
lio diversification, and their status.

The chapter debates the results of the empirical tests regarding research
question 1 on startup’s distinctiveness, which is followed by the discus-
sion regarding research question 2 on categorical distance, and the chapter
closes with a brief consideration of how these results change for different
types of venture capitalists, namely, independent and corporate venture

capitalists.

7.1 The effects on the preference for new venture’s

distinctiveness

Organizations need to be legitimate in order to be accepted by vari-
ous audiences, like customers, employees, or investors. Simultaneously,
organizations also need to demonstrate novelty or distinctiveness (Aldrich
and Fiol, 1994), and the optimal degree of distinctiveness versus legitimacy
depends on the audience (Pontikes, 2012). We have defined a measure
of distinctiveness based on the market categories that new ventures are
associated with and the categories” prior co-occurrences. We discuss our
hypotheses regarding the effects of a venture capitalists” average portfolio
distinctiveness and portfolio diversification as well as status on the prefer-
ence for distinctive new ventures and the resulting effect on the probability
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of investing in them. Subsequently, we discuss the overarching contribu-
tions by our measure of a new venture’s distinctiveness and the heterogene-
ity among venture capitalists. Most notably, while classical categorization
theorists argue that boundary-spanning organizations are hard to under-
stand and are discounted (Zuckerman, 1999; Zuckerman et al., 2003; Hsu,
2006), we are able to show that certain venture capitalists prefer distinctive,
boundary-spanning new ventures.

7.1.1 Portfolio distinctiveness

We have postulated above that venture capitalists make portfolio
choices with regard to the degree of distinctiveness and thus novelty in
their portfolios. They also accumulate experience from investing in star-
tups with a certain degree of distinctiveness. The greater the experience in
investing in distinctive startups, the more likely the venture capitalists are
to invest in distinctive startups in the future. We have found strong support
for this hypothesis. This finding is not surprising for three reasons. Firstly,
venture capitalists typically have an investment strategy or focus that they
continue to pursue, so historical investments should predict future invest-
ment decisions. Secondly, venture capitalists have communicated their in-
vestment strategies to their limited partners, who themselves choose the
venture capitalists to manage their capital based on a defined investment
strategy. Thus, the focal venture capitalist cannot deliberately change the
investment focus of their fund regarding the degree of startup’s distinc-
tiveness. Thirdly, we expect venture capitalists to improve when they gain
more experience. Investing in a similar degree of distinctiveness allows the
venture capitalists to gain experience managing these types of new ven-
tures and the associated risks.

It follows that the current degree of distinctiveness of a venture cap-
italist’s portfolio is an indicator for the future investment decision of the
venture capitalist. Limited partners, employees, or startups can use this
information when assessing a venture capitalist and then choose one that
suits their needs or preferences. For instance, startups should approach in-
vestors who have previously invested in startups with a degree of novelty
and distinctiveness similar to their own to increase the chances of being
funded with the required capital.

7.1.2 Portfolio diversification

The results of our analysis with regards to the effect of portfolio diver-
sification on the preference for distinctiveness are most surprising. Venture

capitalists face individual investment risk, that is, the company-specific risk
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of investing in an individual startup, and portfolio risk (Norton and Tenen-
baum, 1993). The investment-specific risk can be diversified away (Sharpe,
1964), either by the venture capitalist him or herself to reduce the risk of
low performance, or by the limited partner who can invest in multiple ven-
ture capitalists with high or low degrees of diversification. While diversi-
fication or specialization is possible in multiple dimensions, such as geo-
graphical, industry, or development-stage diversification, we measure di-
versification based on market categories. From a performance perspective,
specialization has been found to improve venture capitalists” performance
(Gompers, Kovner, and Lerner, 2009), while, more recently, a U-shaped
relationship between diversification and performance has been found (Ma-
tusik and Fitza, 2012). It is generally accepted that diversification is a risk-
reduction strategy (Sharpe, 1964), and we thus argue above that diversify-
ing investors are risk-averse. More distinctive startups provide higher risk
and, on average, rewards from their greater novelty. We thus hypothesize
that risk-averse investors, as indicated by the degree of diversification, have
a lower probability of investing in distinctive new ventures. Our empirical
analysis, however, has not found support for this hypothesis. We observe
quite the opposite: Instead of a negative effect of portfolio diversification
on the probability of investment in distinctive startups, we have found a
weakly significant positive effect. This means that venture capitalists with
higher degrees of diversification in their portfolios are more likely to in-
vest in distinctive startups than less diversified venture capitalists. Mul-
tiple explanations for this finding exist. One possible line of reasoning is
that venture capitalists who diversify their portfolios, and thus reduce the
risk associated with said portfolios, have more risk capacity to invest in
more distinctive and riskier new ventures. For instance, venture capitalists
with low levels of diversification and a high degree of distinctiveness have
a higher risk of under-performance than venture capitalists with highly di-
versified portfolios and the same level of distinctiveness.

Another explanation could be that there is no relationship: The venture
capitalist’s decision about the degree of portfolio diversification is indepen-
dent of the decision regarding the level of a new venture’s distinctiveness
in their portfolio. The investors might also choose to spread their invest-
ments in terms of the levels of distinctiveness, that is, they invest in new
ventures with high and low degrees of distinctiveness. As in model 3, the
relevant effect is only weakly significant, and, in the full model 5, the effect
is no longer significant because, for example, parts of the effect are captured
by the other predictors due to correlation. Thus, we consider it possible
that there is no causal relationship between diversification and the prefer-
ence for distinctiveness. The third explanation for the unexpected results

is that our assumption about measuring a venture capitalist’s risk aversion
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by the degree of market-category-based portfolio diversification does not
hold. It is possible that venture capitalists choose their level of diversi-
fication consciously or unconsciously based on their perception of an ideal
diversification level, which varies even in empirical studies (compare Gom-
pers, Kovner, and Lerner, 2009; Matusik and Fitza, 2012), independently of
their level of risk aversion. Our argument about the relationship between
risk aversion and the preference for distinctiveness would still be true, but
the measure of risk aversion would be incorrect.

Our surprising finding shows that the venture capital context is differ-
ent from other contexts. For instance, Hannan, Goldberg, and Kovacs (2016)
analyze the consumption behavior of consumers in the context of movie-
goers and restaurant visitors. They use film genres and restaurant cuisine
types as their categories and use ratings to measure the consumers’ prefer-
ences. Their empirical analysis shows that there is a positive relationship
between consumers’ preferences for established, less boundary-spanning
categories, that is, low levels of distinctiveness, and variety, that is, diver-
sification in their consumption behavior. In line with other authors who
demonstrate that venture capitalists” behavior and preferences are different
from those of other audiences (e.g., Wry, Lounsbury, and Jennings, 2014;
Pontikes, 2012), our results show that venture capitalists behave differently
than consumers. Based on our empirical results, there is a positive rela-
tionship between portfolio diversification and the preference for distinctive

new ventures.

7.1.3 A venture capitalist’s status

A venture capitalist’s status, as commonly agreed upon in literature, is
based on the structural network contacts a focal venture capitalist has. It is
quantified based on the centrality in the co-syndication network and depen-
dent on the syndication networks of the syndication partners. Often, status
is also considered a quality signal, as it is a relative ordering of actors in a
network (Podolny, 1993; Podolny, Stuart, and Hannan, 1996). We find sup-
port for our hypothesis that high-status venture capitalists are more likely
to invest in distinctive startups than venture capitalists with lower status
levels. Two elements in our argumentation lead us to this conclusion.

Firstly, scholars have previously found a U-shaped relationship be-
tween status and the preference for boundary-spanning distinctive objects
(Blau, 1960; Hollander, 1958; Hollander, 1960), that is, low- and high-status
actors prefer boundary-spanning objects, whereas middle-status actors pre-
fer legitimacy. In the venture capital context, venture capitalists have to jus-
tify their investments to their limited partners, who provide capital to the
venture capitalists and expect a certain return on this investment. Similarly,
to the previously found U-shaped relationship, we expect middle-status
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venture capitalists to avoid distinctive new ventures, as they are afraid of
losing their non-manifested status in the case of failure. Their limited part-
ners might discard these venture capitalists if they invest in less legitimized
new ventures with higher potential to fail.! On the contrary, high-status in-
vestors have enough status so as not to lose their status level in the case of
failure. They can thus afford to invest in distinctive, riskier, and less legit-
imized new ventures. Based on the findings that these new ventures are
more innovative and potentially more disruptive (Rosenkopf and Nerkar,
2001), we expect high-status venture capitalists to prefer distinctive new
ventures. On the other end of the status spectrum are the low-status in-
vestors, who can also potentially invest in distinctive new ventures, be-
cause they are in a nothing-to-lose situation. They do not have a significant
status level to lose, but they can gain by successfully investing in distinc-
tive new ventures. However, we expect that these venture capitalists are
not able to invest in these distinctive new ventures as outlined in the fol-
lowing.

Secondly, not only do venture capitalists choose their new venture in-
vestments, but these new ventures also choose their venture capitalists to
best fulfill their required need for capital, knowledge, network contacts, or
signals. This is one of the reasons why the venture capitalist - startup re-
lationship is different from other typical consumer settings, such as movie-
goers or restaurant visitors, in which typically only one side chooses from
a great variety of product or service offerings. Consequently, we argue
that highly distinctive new ventures choose the investors with the best
networks, which provide them with the highest quality signal (compare
Ozmel, Reuer, and Gulati, 2013), and help them to become more innova-
tive (Pahnke, Katila, and Eisenhardt, 2015). As high-status venture capital-
ists provide this (Podolny, 1993; Rao, 1994; Pahnke, Katila, and Eisenhardt,
2015), distinctive new ventures favor high-status and disregard low-status
venture capitalists. In support of this, new ventures choose highly rep-
utable venture capitalists even if it leads to a discount in their own valua-
tion (Hsu, 2004). It follows that the U-shaped relationship does not hold in
the venture capital context, but a linear relationship exists.

As our empirical results support this argumentation, the implications
are manifold and new. Low-status venture capitalists, for example, new
venture capitalists who have raised their first fund, need to find other ways
of making themselves attractive to startups as investors. For instance, this
can be an experienced venture capital team with a great network in the
investor and startup community, links to corporations, or the provision

of specialized expertise. Furthermore, venture capitalists should seek to

'Even if the startups have the same probability of failure, it is harder to justify invest-
ments in less legitimized startups than in highly legitimate new ventures.
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quickly build up high levels of status to get access to more distinctive new
ventures. They can achieve this through syndication with other high-status
investors, even though it may be hard to attract high-status venture cap-
italists for syndication because low-status venture capitalists lack the re-
quired quality signal to do so (Dimov and Milanov, 2010). The line of rea-
soning that venture capitalists need to build up status quickly is based on
the assumption that startups choose their investors based on status. We ac-
knowledge that the outlined strategy for venture capitalists may just be one
of many strategies a venture capitalist can pursue. For instance, we argue
that distinctive, boundary-spanning startups can potentially lead to more
disruptive innovations, as they combine new elements together, and the
startups belong to the first companies to do so. While less distinctive star-
tups may instead develop incremental innovations or simply be better at
executing established business models with a lower degree of innovation,
these new ventures can also be very successful. Some venture capitalists
might thus pursue a strategy to focus on these type of startups and it might
not be a necessary or desirable strategy for these venture capitalists to build
up status quickly.

Another way of thinking about this is that more distinctive startups are
able to attract higher status investors, who, in turn, not only have a denser
network than their low-status peers, but also provide a positive quality sig-
nal for new ventures. Similarly to the Matthew effect (Merton, 1968), which
states that even small advantages in the beginning can lead to large advan-
tages or even self-fulfilling prophecies at a later point in time, one could
argue that distinctive new ventures that are able to attract high-status ven-
ture capitalists in the beginning of their development, that is, in early fund-
ing rounds, are able to attract even more high-status investors and thus
resources at later stages. This, in turn, can lead to faster growth and bet-
ter performance. The effect might even lead to a manifestation of small
quality differences between startups, as these differences are magnified by
the high-status venture capitalist’s attention and signals (Gould, 2002). It
would thus be another avenue for further research to analyze the effect of
early-stage distinctiveness on a new venture’s future performance, as we

discuss in section 8.3.

7.1.4 Overarching discussion of new venture’s distinctiveness

It follows that the desire for distinctiveness varies not only between
audience groups like employees, consumers, or investors, but also within
these groups. Our analysis does not show whether more distinctive star-
tups are more likely to get funding. However, it does show that differences
in the levels of distinctiveness between the individual startups exist and
that certain venture capitalists are more likely to invest in a certain degree
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of distinctiveness. This is a major contribution to the categorization liter-
ature and extends the argumentation of Pontikes (2012) and Wry, Louns-
bury, and Jennings (2014), who also propose that venture capitalists eval-
uate boundary-spanning organizations differently than other audiences.
Other categorization researchers have demonstrated theoretically and em-
pirically that the objects and organizations with a lack of legitimacy from
being boundary-spanning, that is, spanning multiple categories, are less
successful. For instance, Zuckerman (1999) shows that analysts discount
companies that span categories and Dobrev, Kim, and Hannan (2001) find
lower survival rates for companies that are boundary-spanning. Generally,
organizations thus have pressure to conform to existing beliefs and cate-
gories to create legitimacy (DiMaggio and Powell, 1983; Meyer and Rowan,
1977). Hsu, Hannan, and Kogak (2009) identify two lines of argumentation
as to why boundary-spanning organizations are discounted: Firstly, orga-
nizational membership in multiple categories signals — as, in most cases,
the true attributes and characteristics cannot be observed — that this organi-
zation cannot have the same "ability" and "experience" (Hsu, Hannan, and
Kogak, 2009, p. 151) in both or multiple categories as a single category
member. The products are thus perceived to be of lower quality. Secondly,
the authors identify the reasoning that category-spanning reduces the abil-
ity to be attractive to multiple audiences. In that argumentation, the organi-
zation cannot fulfill the expectations of all the different audiences for mul-
tiple categories at the same time. The organization is thus only attractive
to one audience or more likely to be less attractive to any audience than a
single category member. In sum, being associated with multiple categories
has been found to negatively affect evaluations.

We build our analysis on the extension of this concept by Kovacs and
Hannan (2015), who consider the conceptual space in which categories are
grounded, and add the distance between categories in their analysis. Ap-
plying their object-oriented approach to organizations in the venture capital
domain is new and allows for a more differentiated consideration than that
performed by Pontikes (2012) and Wry, Lounsbury, and Jennings (2014).
Wry, Lounsbury, and Jennings (2014) only consider the categories of science
and technology, but do not further distinguish between a more fine-grained
categorization. Moreover, the authors have only tested their hypotheses in
a sample from the nanotechnology industry, while we have been able to
derive more general conclusions, as our sample is not limited to any single
industry. Pontikes (2012) uses measures of category-spanning and category
ambiguity, with the latter being a measure of how defining a category is; for
example, a category that is more broadly used in combination with many

other categories has less defining power than a category that is less broadly
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used. She analyzes the co-occurrence network of categories from press re-
leases to define her measure. However, she does not incorporate the cat-
egorical distance into her analysis. Our distance-based empirical analysis
increases the robustness of the findings and has a number of highly rele-
vant implications with regard to a new venture’s distinctiveness: Firstly,
distinctiveness, as measured by boundary-spanning categories, is not gen-
erally bad for new ventures, but might help them to receive venture capital
funding. Secondly, it confirms prior findings that venture capitalists are
different from other audiences in their evaluation of organizations. Thirdly,
it extends prior research in the way that we demonstrate that there is great
heterogeneity among venture capitalists. Pontikes (2012) argues that ven-
ture capitalists are different from other audiences, but her analysis is lim-
ited, as she does not differentiate enough between different types of venture
capitalists.? Not all venture capitalists prefer distinctive new ventures in the
same way, but the preference depends on the experience with these types of
investments, the portfolio strategy regarding diversification, and the status
derived from the venture capitalist’s structural embeddedness. The valua-
tion risk associated with investing in distinctive new ventures (Zuckerman,
2015) is thus not accepted to the same degree by all venture capitalists.

Having understood that venture capitalists behave differently than
other audiences who have been found to discount category-spanning or-
ganizations (e.g., Zuckerman, 1999; Pontikes, 2012), we now discuss why
this is the case. Firstly, in the pre-investment due diligence, venture cap-
italists conduct ample research on the new ventures that they are consid-
ering for investment. For instance, they get to know the management or
founding team, try to understand the business model, and analyze the as-
sociated risks. Thus, they do not fully rely on categorization as a navigation
tool, they spend more time on company analysis than a typical consumer,
and they thus find it less difficult to interpret boundary-spanning orga-
nizations. Secondly, once invested, as equity or convertible debt-owners,
venture capitalists can influence the strategy and direction of the new ven-
ture through board membership and informal contact with the manage-
ment team. This is contrary to, for instance, the consumers, who cannot
influence or control the organization (Pontikes, 2012). Thirdly, distinctive
or boundary-spanning new ventures can be attractive, as the boundary-
spanning attribute is a measure of novelty. Novel business models have the
greatest potential for abnormal returns, for example, from breakthrough in-
novations (Rosenkopf and Nerkar, 2001); therefore, venture capitalists are
interested in distinctive new ventures, which they try to understand and
evaluate in their due diligence.

“She only argues that corporate venture capitalists are more similar to consumers than
to independent venture capitalists, which we discuss in section 7.3.
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Furthermore, we make a contribution to the literature on en-
trepreneurial identity. Navis and Glynn (2011) develop a conceptual frame-
work to explain how the entrepreneurial identity from claiming certain la-
bels can bridge the trade-off between legitimacy and distinctiveness. Our
analysis supports their line of reasoning for two arguments: Firstly, we
show that there is heterogeneity among new ventures despite the need for
legitimacy, which has been found to lead to isomorphism among organi-
zations. Secondly, we demonstrate that there is a tradeoff between being
legitimate and being distinctive. If different audiences have different pref-
erences, new ventures find themselves in an inherent trade-off to satisfy
different expectations. Navis and Glynn (2011) argue that entrepreneurial
identities need to tell coherent stories (see also Magretta, 2002) to create
legitimate distinctiveness. Our measure of distinctiveness is the first step
towards further exploring how legitimately distinctive a startup is. How-
ever, we acknowledge that our approach does not allow us to further distin-
guish between positively and negatively distinctive startups. When future
researchers develop a method to measure the legitimacy of distinctiveness,
we might even find stronger support for our proposed relationships. The
non-existence of such a measure also supports our choice of not making
any predictions as to whether distinctive new ventures are more success-
ful, because we would need to be able to distinguish between legitimately
distinctive and non-legitimately distinctive startups. Furthermore, Navis
and Glynn (2011) differentiate between new and established markets. In
established markets, startups are compared to prototypes of the existing
market, whereas, in new markets, the startups become the prototype that
others are compared to. Our measure of market-category-based distinc-
tiveness integrates that concept: We compare a focal startup’s categories
to the previously used categories and measure the distance in case they
have been used before. In the case that a category has not been used be-
fore, for instance, a new market category, we assign the greatest distance
to that category. The next time a startup is associated with that category,
it is compared to the startup that has previously been associated with that
category and the other categories the startup has been associated with. The
first startup with a particular category, thus, becomes the prototype for said
category. Our distinctiveness measure thus also reproduces these elements
of the authors’ framework.

The trade-off between legitimacy and distinctiveness remains com-
plicated for new ventures. Based on our findings and prior contribu-
tions (Wry, Lounsbury, and Jennings, 2014; Navis and Glynn, 2011; Pon-
tikes, 2012), we recommend not generally perceiving category-spanning
entrepreneurial identities in a negative way, but rather approaching them
neutrally. If done right, distinctiveness can be beneficial, and it seems more
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important to find the right match, that is, the best fitting venture capitalist,
than to focus on acquiring a certain degree of legitimacy or distinctiveness.

7.2 The effect of categorical distance

The second part of our analysis concerns the effect of categorical dis-
tance on the probability of a match between a venture capitalist and a
startup and how the sensitivity to categorical distance changes with three
attributes of the venture capitalist. We use a measure of categorical distance
based on the same associated market categories that we used to measure the
distinctiveness of the new venture, which links the categorical distance to
the distinctiveness attribute.

7.2.1 Overarching discussion of categorical distance

It is widely accepted that distance reduces the likelihood of tie forma-
tion. For instance, Sorenson and Stuart (2001) show that geographically
and industry distant venture capitalists have a lower probability of realiz-
ing an investment than their closer peers. We find strong support for our
hypothesis that the categorical distance also reduces the probability of an
investment. There are three reasons for this effect. Firstly, access to informa-
tion about investment opportunities is greater in categorically closer new
ventures. Venture capitalists” expertise, experience, and cognitive behav-
ior restrict access to new information about these more distant new ven-
tures. Thus, venture capitalists do not know about potential investment
targets. Secondly, the evaluation of potential investment candidates takes
more time, as less prior knowledge exists, and data access is more difficult.
Due to a lack of knowledge, the assessment is also harder for the venture
capitalist, which can lead to a valuation discount and thus reduce the prob-
ability of investment. Thirdly, greater categorical distance also reduces the
ability of venture capitalists to add value, as more time is required to be-
come acquainted with the new venture, if at all possible. This also leads to
valuation discounts and reduces the likelihood that new ventures choose
more distant venture capitalists.

Our findings also make a methodological contribution regarding dis-
tance measures. Our measure of categorical distance is at the intersection
of cultural, institutional, and industry distance. The use of market cate-
gories is similar to the use of industry categories by, for instance, Sorenson
and Stuart (2001), but we do not use a simple count of previous investments
in the same industry segment as they do. The market categories we use are
also the basis for the degree of a new venture’s distinctiveness. Startups
can be distinctive, that is, boundary-spanning, when multiple categories
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are assigned to a new venture and when the distance between each of these
categories is large. Equivalently, we consider the distance between the focal
startup’s categories to the categories of each of the portfolio companies of
the venture capitalist. If the focal new venture is highly culturally embed-
ded, so that the categories are less boundary-spanning, and if the portfolio
companies of the focal venture capitalist are also highly culturally embed-
ded, then the categorical distance between these two is relatively small. We
have thus developed a new distance measure that lies somewhere between
the classical cultural distance of countries (e.g., Hofstede, 1980; Kogut and
Singh, 1988), the institutional distance of countries (e.g., Kostova and Za-
heer, 1999; Xu and Shenkar, 2002), and the organizational measure of in-
dustry distance (e.g., Sorenson and Stuart, 2001). The difference to the cul-
tural and institutional distances is that we do not compare countries with
each other, but instead we compare the categorical embeddedness of orga-
nizations. Going forward, our measure of categorical distance can be used
to explain other relationships. For instance, the effect of and the sensitiv-
ities to categorical distance in the formation of syndicates among venture
capitalists could be explored. Most likely, the categorical distance also de-
creases the chances of syndication, but status, prior investments, or indirect
ties, for example, could reduce this effect. Another potential application is
the creation of collaboration networks between organizations or the effect
of the structural embeddedness of new ventures in their partner networks
on sensitivities to categorical distance.

Another element to consider when discussing categorical distance is the
use as a novelty measure. Categorical distance measures a startup’s novelty
compared to the existing portfolio companies of the venture capitalist. This
way, the measure is similar to our measure of distinctiveness, which focuses
on the novelty of an organization compared to all other organizations. In
combination, the two measures can be used to investigate organizational
novelty in these two dimensions in other contexts outside of the venture

capital domain.

7.2.2 Portfolio distinctiveness

The average portfolio distinctiveness is a measure of how much expe-
rience a venture capitalist has with managing the uncertainty of investing
in a distinctive new venture. The effect of the moderator portfolio distinc-
tiveness on categorical distance is positive but not significant. We thus can-
not support the hypothesis that venture capitalists with greater experience
regarding investments in distinctive startups invest in more distant new
ventures. An explanation might be that the decision to invest in distinctive
new ventures is independent of the decision on categorically distant new
ventures. The greater risk appetite as displayed by historical investment in
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distinctive new ventures is satisfied by the investment in distinctive new
ventures, but it does not increase the chances of investing in more cate-
gorically distant new ventures. It is possible that venture capitalists” prefer-
ences for categorically distant new ventures do not change with the average
degree of portfolio distinctiveness. Instead, these may be two independent
decisions, that is, venture capitalists prefer categorically closer startups no
matter what their portfolio strategy is regarding distinctiveness.

7.2.3 Portfolio diversification

The empirical analysis supports our hypothesis that venture capitalists
with diversified portfolios have a greater risk capacity to invest in more
categorically distant new ventures. The risk of investing in individual star-
tups, the idiosyncratic risk, is diversified away by diversification (Sharpe,
1964), which leaves the venture capitalist with only portfolio risk. If he or
she then invests in categorically distant new ventures, it is another dimen-
sion of further diversifying the portfolio. The support for this hypothesis is
also in line with the unexpected finding that well diversified venture cap-
italists are more likely to invest in more distinctive new ventures, as they
have greater risk capacity compared to less diversified peers (see discussion
of hypothesis 2 in section 7.1.2). In that light, our line of reasoning for using
portfolio diversification as a measure of risk-taking behavior seems off; we
cannot confirm that one leads to the other.

Consequently, for new ventures, it might be worth trying to approach
more distant venture capitalists if these investors have a well-diversified
portfolio. For instance, if a startup is interested in a venture capitalist with
specific attributes, for example, specific network contacts, large categorical
distance is less of an issue, when the existing portfolio is diversified.

7.2.4 A venture capitalist’s status

A venture capitalist’s status measures the centrality of the venture cap-
italist in his or her co-investment network. The data provides convincing
evidence for our claim that a venture capitalist’s status mitigates the neg-
ative effect of categorical distance. Venture capitalists can use the direct
and indirect ties of their co-investment network to get more information,
resources, or contacts that help the focal venture capitalist to overcome the
difficulties of investing in and coaching more categorically distant new ven-
tures. Our results extend prior findings that the need for geographical and
industry distance is reduced with the increasing status of venture capitalists
(Sorenson and Stuart, 2001) by the categorical distance dimension.

Having high-status investors can serve as a quality signal for new ven-
tures (Podolny, 1993; Podolny, Stuart, and Hannan, 1996), which makes



7.3. The effect of corporate venture capital 141

it attractive for new ventures to have high-status venture capitalists. Our
findings provide evidence that categorical distance is less of a problem for
finding high-status investors than for low-status venture capitalists. Thus,
if a startup has a strong need to gain legitimacy from being funded by high-
status venture capitalists, it should not be set off by categorical distance.

7.3 The effect of corporate venture capital

Our empirical analysis aims to differentiate between different types of
venture capitalists in terms of their portfolio strategies regarding distinc-
tiveness and diversification, as well as their status. We have explicitly not
explored differences in the types of venture capitalists regarding their back-
grounds, that is, whether a venture capitalist belongs to a corporate orga-
nization or is independent (Shrader and Simon, 1997), because we wanted
to use attributes that could change over time to explain the matching be-
tween startups and venture capitalists. Nevertheless, in this section, we
discuss differences between corporate and independent venture capitalists
that we have found in our sample, because the effects and preferences of
corporate venture capitalists may differ from those of other types of venture
capitalists. For instance, startups funded by corporate venture capitalists
are more innovative than their competitors funded by independent ven-
ture capitalists (Park and Steensma, 2013; Alvarez—Garrido and Dushnit-
sky, 2016), compensation schemes differ in corporate venture capital firms,
which affects the investment behavior and performance (Dushnitsky and
Shapira, 2010), and corporate investors have different investment strategies
than independent investors (Shrader and Simon, 1997).

In our dataset, 3,382 venture capitalist - startup observations (5.8% of all
observations) made by 82 unique investors are classified as corporate venture
capital. This is in line with other researchers” datasets that include 6% cor-
porate venture capital investments (Gompers and Lerner, 2000). 41,610 ob-
servations are classified as venture capital, and the remaining observations
were either categorized differently, for instance, as an individual or family
investment office, or not matched, that is, we did not have information re-
garding the type of investor. The quality of the type of investor entry in
the Crunchbase database is relatively weak, because the venture capital type
includes not only independent venture capitalists, but also other investor
types. The following additional analysis, the results of which can be found
in appendix C, is thus only indicative and used to back our discussion of
the effect of corporate venture capital.

Corporate venture capitalists often focus their investments in certain
industries related to their core business (Dushnitsky, 2012; Shrader and Si-
mon, 1997); they are often strategic investors who try to benefit from the



142 Chapter 7. Discussion

innovations in their startup investments (Dushnitsky and Lenox, 2005; Ben-
son and Ziedonis, 2009) and use their industry resources (Sykes, 1990), for
example, knowledge, networks, and factories, to assist the startups in their
development. We thus expect corporate venture capitalists to have, on av-
erage, lower portfolio diversification. We have confirmed this expectation
with a t-test comparing the means of the observations classified as corporate
venture capital and those classified as venture capital. Due to variance differ-
ences between the two samples, we conducted a Welch two sample t-test
with the following results: ¢(4070.31) = 26.18, p — value = 2.2e — 16 < .001.
With a portfolio diversification mean for the corporate venture capitalists of
17.4 versus a mean of 19.5 for the non-corporate venture capitalist sample,
we see higher specialization levels for the corporate investors.

Due to an informational advantage, corporate venture capitalists are
better at evaluating startups than independent venture capitalists when
the focal startup is related to the core business of the corporate investor
(Gompers and Lerner, 2000). Corporate venture capitalists are thus typi-
cally more specialized, which allows them to invest in more distinctive new
ventures as long as the startups are complementary to the investor’s core
business, because the corporate investor has better access to information
and more expertise. To test this, we have used the same empirical approach
that we used before for our main analysis and have added two interaction
effects between a dummy variable, which equals 1 in the case of a corpo-
rate venture capitalist and 0 otherwise, and the independent variables mea-
suring the startup’s distinctiveness and the categorical distance. We have
included only the observations in which the investor is either classified as
corporate venture capital or venture capital. The model results in table C.1 in
appendix C support our expectation with a positive and statistically sig-
nificant coefficient for the interaction with a startup’s distinctiveness and a
negative and strongly statistically significant coefficient for the interaction
with categorical distance. In this sub-sample, corporate venture capitalists
are thus more likely to invest in distinctive startups, but they are less likely
to invest in categorically distant ones. The latter is in line with prior find-
ings that corporate venture capitalists typically specialize their investments
such that those investments are related to their core business (Gompers and
Lerner, 2000; Dushnitsky, 2012) and invest in less distant startups. How-
ever, the results are contrary to the research by Pontikes (2012), who found
that corporate venture capitalists prefer less ambiguous startups. Her rea-
soning for the empirical finding is that corporate venture capitalists try to
preserve their existing business, which is, by definition, clearly categorized
and not category-spanning. She interpreted prior findings by Tushman and
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Anderson (1986) and Sorensen and Stuart (2000), who show that large cor-
porations are more likely to develop incremental instead of disruptive in-
novations, as an argument for corporate venture capitalists to invest in less
distinctive startups. However, she neglected the fact that large corpora-
tions” existing businesses are often threatened by startups today: For in-
stance, Uber is a threat to the taxi industry, Amazon to brick-and-mortar
book stores, AirBnB to hotels, and Tesla to established premium car man-
ufacturers. A great number of other less-well-known niche startups exist
that may threaten the existing business of large corporations. In our opin-
ion, the opposing findings of our empirical analysis and that of Pontikes
may be a result of a change in strategy with regard to dealing with these
types of startups. Many large corporations, particularly those with a ven-
ture capital unit, may invest in disruptive startups in order to learn from
and collaborate with them rather than to neglect them; without these in-
vestments, they would not be able to make these types of disruptive innova-
tions. However, corporate venture capitalists only prefer startups that are
categorically closer to their existing portfolio companies. We acknowledge
that our empirical analysis differs in the way we measured distinctiveness
and the types of categories used for the calculation of the variables. Our
analysis of corporate venture capitalists” behavior can thus be a piece of
evidence that makes it necessary for future researchers to analyze the pro-
posed change in the strategies of corporate venture capitalists over time in
more detail.

Our findings also have implications for distinctive new ventures: If cor-
porate venture capitalists with a core business related to the startup’s busi-
ness model exist, these investors are more likely to provide funding than
independent venture capitalists. Therefore, a startup’s choice for or against
a corporate venture capitalists instead of an independent venture capital-
ist should take into account the different preferences of these two types of

investors.
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Chapter 8

Conclusion

Venture capital has been one of the most important funding sources
for technology and non-technology new ventures in their growth phases
for the last decades. The venture capital domain has also been widely re-
searched and used as a setting to test new conceptual propositions. How-
ever, a gap remains in explaining the factors that affect which venture cap-
italists invest in which startups, despite this question being essential for
researchers and practitioners alike. For researchers, it is crucial to under-
stand the dimensions that affect the matching between venture capitalists
and startups, as it can have major consequences on the way the two organi-
zations work together, what effect venture capital funding has on the new
venture, and, ultimately, on the success of the new venture and the venture
capitalist. As the title of this dissertation suggests, we have aimed to find
the perfect match between venture capitalists and startups by explaining
the role of categorical fit. Multiple dimensions that play important roles in
the venture capitalist - startup matching process exist. Recently, the role
of category labels for the matching process has come to researchers” atten-
tion (Pontikes, 2012). Building on prior research, we set out to answer two
main research questions: Firstly, what affects a venture capitalist’s choice
regarding a startup’s novelty as measured by its distinctiveness? Secondly,
how does categorical distance affect the matching of startups and venture
capitalists and what mitigates this distance’s effect? In this dissertation,
we have also explored how venture capitalist’s past portfolio strategies and
their status gained from their co-syndication networks affect their prefer-
ences in the matching process with startups within each of the research
questions.

After a brief synthesis of the empirical findings, we discuss the theoret-
ical implications and contributions of the results and our discussions. This
is followed by a description of the implications for practitioners. We then
outline the limitations of this dissertation and develop areas for further re-
search before concluding this chapter.
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8.1 Synthesis of empirical findings

The first part of the empirical analysis of 10,576 funding rounds by 5,826
startups demonstrated support for the hypotheses that different venture
capitalist demonstrate varying preference for distinctive and novel star-
tups. Specifically, the more experience managing the risk of distinctive new
ventures the venture capitalist has, the more highly diversified the portfo-
lio is, and the higher his or her status, the more likely he or she is to invest
in distinctive new ventures. These distinctive new ventures are associated
with higher risk, but also potentially higher returns, due to their disruptive
potential.

The second part of our analysis is concerned with the effect of categor-
ical distance on the matching behavior. We have found strong support for
the expected negative effect of categorical distance between venture capital-
ists and startups on the probability of an investment. This effect is mitigated
when venture capitalists have a diversified portfolio or high status. We did
not find support for an effect of experience with distinctive new ventures
on the categorical distance.

8.2 Theoretical contributions and implications

The theoretical framework and empirical analysis in this dissertation
contribute to existing research with five theoretical implications.

Firstly, it is generally accepted that organizations require the legitimacy
that comes from being embedded in their environment with existing beliefs,
norms, and categories (Scott and Meyer, 1983) and this need can lead to
isomorphism (DiMaggio and Powell, 1983), that is, highly similar organiza-
tions. It has been shown that less legitimized organizations are discounted
by various audiences (Zuckerman, 1999; Pontikes, 2012). Contrary to these
general beliefs, our findings suggest that the need for legitimacy and the
discount varies by audience. Boundary-spanning organizations are gener-
ally considered less legitimized or more distinctive. While, on the one hand,
it is particularly important for new ventures to gain legitimacy (Aldrich and
Fiol, 1994; Navis and Glynn, 2011), as they have fewer alternative ways of
proving themselves, it might pay off for them to be boundary-spanning in
order to be more innovative and taken into consideration by certain audi-
ences. It follows that in future research, the organizational need for legit-
imacy should at least be questioned with regard to the setting, audience,
and type of organization.

Secondly, we are contributing by supporting previous researchers who
have argued that venture capitalists are different from other audiences
(Pontikes, 2012; Wry, Lounsbury, and Jennings, 2014; Navis and Glynn,
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2011). Our contributions to this are twofold: On the one hand, we provide
support based on our large-scale, cross-industry analysis, whereas prior
studies have focused on individual industries or niches. Our results thus
increase the robustness of the findings. On the other hand, we show that
not every venture capitalist has the same preferences. Rather, there is great
heterogeneity among them, which has implications for their preferences:
Depending on their portfolio strategies regarding average distinctiveness
and diversification, or their co-investment network, that is, derived status,
they may prefer distinctive new ventures, or the effect of categorical dis-
tance can be mitigated.

Thirdly, we are introducing a new measure of distance between two or-
ganizations based on market categories: categorical distance. Various dis-
tance measures, like geographical distance, cultural distance, and industry
distance, are widespread and broadly used. Our measure of categorical
distance lies somewhere between industry distance and cultural distance,
as it compares the cultural embeddedness of organizations based on mar-
ket categories. We have controlled for geographical and industry distance
in our empirical analysis and categorical distance still has a strongly sig-
nificant negative effect on investment probability. We thus encourage other
researchers to use this measure in addition to other distance measures be-
tween organizations and to explore the effect of categorical distance on al-
ternative organizational aspects.

Fourth, we are answering the research call made by Hannan, Goldberg,
and Kovécs (2016) to test their two-type framework of cultural preferences
in the startup - venture capital setting. Our analysis demonstrates that the
two dimensions of consumption behavior, atypicality and variety, can also
be found in the venture capital setting, but the interpretation is different.
On the one hand, some venture capitalists prefer distinctive or atypical new
ventures. On the other hand, contrary to the consumers in the analysis of
Hannan, Goldberg, and Kovécs (2016), venture capitalists with diversified
portfolios, the equivalent to consumers with a preference for variety, prefer
distinctive new ventures, where the authors have found that these types of
consumers prefer non-boundary-spanning objects.

Fifth, the use of a very recent, cross-industry dataset has made our find-
ings highly relevant. Many of the influential papers most relevant to our
analysis on the venture capital industry have analyzed data that is more
than 10 to 15 years old (e.g., Sorenson and Stuart, 2001; Pontikes, 2012; Wry,
Lounsbury, and Jennings, 2014). The startup domain is known for its fast-
paced and ever-changing environment, which re-invents itself quickly. Not
only do the types of new ventures and business models change, but also
the technological and informational instruments available. This becomes
very obvious when we consider communication tools: In the last 15 years,
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the quality of high-speed Internet has significantly improved while the cost
has significantly dropped, enabling, among other things, video conferenc-
ing, cloud-based storage, and new collaboration tools. This has led to a de-
creased or at least altered need for geographical proximity. Similarly, due to
an easier access to information through new technologies and specialized
data providers, the work of venture capitalists changes. We thus strongly
believe, that research also needs to keep up with the rapidly changing real
world by using more recent data to test certain relationships. As outlined
above, during the development of this dissertation, we updated our un-
derlying sample multiple times to integrate new information. As a side
finding, our recent dataset, which also so far has barely been analyzed (for
exceptions see Alexy et al., 2012; Ter Wal et al., 2016), provides evidence
that some of the older findings also hold true today. For instance, as ex-
pected, all our distance measures, for example, geographical and industry
distance, still have a negative impact on investment probability, as found
by Sorenson and Stuart (2001) in a much older dataset.

Furthermore, we have paid great attention to making our research easily
reproducible. Not only have we tried to be very explicit about our dealing
with exceptions, and about which software-based implementations were
used, but we are also able to reproduce the results of our research based
on an R programming code at any time. While including the complete pro-
gramming code in this dissertation’s appendix would go beyond the page-
scope of this dissertation and be irrelevant for most readers, we are able to

provide the complete code upon request.

8.3 Practical implications

Explaining the behavior of venture capitalists is particularly useful for
startups and respective entrepreneurs when searching for a venture capital-
ist. It is slightly less relevant for venture capitalists, as explaining how ven-
ture capitalists” preferences differ adds limited value for them. Our work
creates three main insights for practitioners.

We set out with the question of what the perfect match is. We have
added to the existing body of knowledge further dimensions that are crit-
ical in the venture capitalist - startup matching process. For a start, en-
trepreneurs need to be aware that the categories, which startups are asso-
ciated with, are indicators of novelty and distinctiveness, which venture
capitalists utilize. Similarly, categorical distance, that is, how different the
market categories of portfolios companies are when compared to the focal
startup’s categories, matters. Avoiding repetition of the empirical results,
we stress that entrepreneurs should approach venture capitalists who have

the greatest chance of investing in them based on the venture capitalist’s
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portfolio distinctiveness, portfolio diversification, and status. This reduces
the time spent searching for a suitable venture capitalist and leaves more
time for other value-adding activities.

The second insight for entrepreneurs is that they can make themselves
more or less attractive to or even attract certain audiences with their associ-
ated categories. Which categories the new venture is to be associated with
should be a conscious decision. If, for instance, a new venture is searching
for a high-status investor, it might decide to stress its distinctiveness and
novelty by using boundary-spanning categories, attributes, or labels. Vari-
ous means can be used to affect audience perceptions, for instance, through
informational resources, such as Crunchbase, pitch documents, advertise-
ments, news articles, or identity statements. The active use of relevant mar-
ket categories can thus be a signal to various audiences and should be part
of a new venture’s overall strategy.

While we did not test whether startups also choose their venture capital-
ists, if one believes they do, our findings also have implications for venture
capitalists: an investor needs to gain status status quickly if he or she wants
to have access to distinctive or more categorically distant startups. For in-
stance, participation in syndicates of founding rounds with high-status in-
vestors can increase the own status by being connected to other well con-
nected venture capitalists. This eases the access to information about po-
tential investment opportunities, for example, in distinctive new ventures,
or helps them to evaluate more distinctive new ventures. Thus, our results

support the need for high status for venture capitalists.

8.4 Limitations and future research

We see a number of areas for future research. Some of them are based on
the shortcomings of our empirical analysis, while others represent natural
continuations of our research.

The crucial element of our empirical analysis is the categorization of
startups. Each new venture is placed in one or more categories, which
are the basis for four of the independent variables. The categorization is
done by contributors to the Crunchbase platform. This includes Crunch-
base employees, venture capitalists, startups themselves, and other indi-
viduals. Not knowing the author of the categorization can lead to a num-
ber of problems. Firstly, given that we are not able to differentiate between
the originators of the assigned categories, we are not aware of the inten-
tions of a given contributor. A startup’s employee, who would be familiar
with how the startup views itself, might differ in his or her categorization
from the categorization of a customer, who only knows the company from
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advertisements or friends’ experiences. An investor, for instance, a ven-
ture capitalist, who wants to spread information about his investment, may
categorize the same startup differently. Secondly, not only might different
intentions be a problem, but varying quality in the data entry might also
be an issue. For instance, someone who enters the information for multi-
ple companies might be more consistent in his or her categorization than
someone who only rarely contributes information to the database. Some
categories are more general, whereas others are more specific, and the us-
age might depend on the contributor. While we were not able to control for
the quality of the data entry, we feel confident that these errors are uncor-
related to each other such that no groups exist. Thirdly, the categorization
scheme changed over time, due to changes in the database. Our controls
for the year of funding should capture this effect, but we cannot fully rule
out the possibility that changes to the database affected the categorization.

Nevertheless, future research could overcome the aforementioned prob-
lems caused by not knowing the author of the categorization; a different
categorization scheme could be used. For instance, one could use the new
venture’s homepage and extract relevant categories to obtain self-assigned
categories. In our view, most interesting for future research would be the
analysis of the categories that others have assigned to a new venture, but
with quality control. One approach would be to extract the categories from
newspaper articles, as these have quality control from the newspaper pub-
lisher and the author of the article. The categories assigned by others are
most relevant for external audiences like venture capitalists or consumers.
This approach would differ from the one used by Pontikes (2012), who
uses the identity statements of the companies and thus considers only self-
assigned categories.

We have developed a measure of novelty, distinctiveness, for new ven-
tures based on the associated market categories and have found different
preferences among venture capitalists. Due to the research design, we are
not able to make any predictions about the general desirability of distinc-
tiveness for new ventures. Our empirical analysis only shows, for instance,
that the likelihood of receiving funding from a high-status investor is higher
for more distinctive new ventures. The positive quality signal could lead to
superior performance of these startups. Future research would have to ex-
plore whether more distinctive new ventures are more successful, for exam-
ple, in terms of their receiving of funding, their valuation, their innovation
power, or their growth. Another angle to consider in future research would
be how a new venture’s distinctiveness evolves over time, that is, with the
lifecycle, and how the venture capitalist’s preferences depend on the phase
the new venture is currently in. In addition, the desirability of distinctive-
ness and venture capitalists” preferences might depend on the country. Our
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dataset was limited to startups from the US. While the US is the largest
market for venture capital, we acknowledge that there might be different
perceptions present in other countries. A comparison of differences across
countries would thus be a natural extension of our study.

Future studies could continue to explore the perceptions of venture cap-
italists by gathering primary data about how category labels affect their
decisions. For example, interviews or experiments could further increase
our understanding of the mechanics that have led to the empirical results
of this dissertation. So far, our measure of distinctiveness and categorical
distance, despite being strongly embedded in the literature, remains a the-
oretical construct.

One of our theoretical contributions is the development of a categorical
distance measure. Future studies would have to investigate the role of cat-
egorical distance on other parts of the venture capitalist - startup relation-
ship. For instance, how is the relationship affected by categorical distance,
and how good is the knowledge transfer? Furthermore, researchers could
examine the effects of categorical distance between organizations outside
of the venture capital setting.

The supplementary analysis of differences between corporate and inde-
pendent venture capitalists resulted in findings contrary to an earlier study
by Pontikes (2012). Future researchers should explore in depth whether
corporate venture capitalists change their investment strategies as we have
proposed or whether the diverging empirical findings are due to differences
between corporate venture capitalists from different industries.

8.5 Closure

This dissertation contributes significantly to the body of knowledge in
the venture capital domain. We have summarized in a structured approach
the current empirical analysis with a focus on network-related variables as
the basis for our own empirical work. We have succeeded in shedding fur-
ther light on the matching process between venture capitalists and startups
by introducing a measure of a startup’s distinctiveness and categorical dis-
tance, and by explaining how investment probabilities are moderated by a
venture capitalist’s attributes. Our empirical analysis shows that trade-offs
between legitimacy versus distinctiveness and challenges to overcome cat-
egorical distance exist, but, ultimately, it is up to both sides of the venture
capitalist - startup relationship to find the perfect match for individual pref-
erences. We are confident that researchers in entrepreneurship and man-
agement, sociologist, and practitioners like venture capitalists and founders
can build upon our findings in their future work.
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Appendix A

Detailed regression models

On the next three pages we have included the results of the regression
models including rare events correction and the full model with all inde-

pendent variables and interaction terms.



Model 0 Model T Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11
(Intercept) 4.99777 4.91777 5.68777 4.53777 5.597" 7 5.62777 4.96777 5.4777F 5.32777 6.02777 5.93777 6.607" "
(0.35) (0.36) (0 38) (0 37) (0.35) (0.40) (0 36) (0 39) (0.37) (0.36) (0.40) (0.44)
State dummy CA —0.26"** —0.25%** 26 26*** —0.2 —0.25*** —0.26"** 27 % —0.27%** —0.26*** —0.26*** —0.26***
(0.03) (0. 03) (0 03) (0 03) (0. 03) (0.03) (0 03) (0 03) (0. 03) (0. 03) (0.03) (0.03)
State dummy MA —0.23***  —0.22***  —0.23"**  —0.22""* 0.2 —0.22***  —0.20"**  —0.21"**  —0.21"**  —0.2 —0.217**  —0.21%**
(0.04) (0. 04) (0. 04) (0. 04) (0. 04) (0.04) (0.04) (0. 04) (0. 04) (0. 04) (0.04) (0.04)
State dummy NY —0.15***  —0.13*** 0.1 —0.1 —0.14***  —0.13%*  —0.15***  —0.16*** —0.1 —0.16%**  —0.14%**  _0.14***
(0 04) (O 04) (O 04) (0 04) (0 04) (0.04) (0 04) (O 04) (O 04) (0 04) (0.04) (0.04)
Startup age 0.00 0.00 0.00 0.00 0.00
(0 00) (O OO) (O OO) (0 00) (0 OO) (0.00) (0 00) (O 00) (O 00) (0 OO) (0.00) (0.00)
Investor count dummy 2 0.0 0.03 0.02 0.02
(0 04) (0 04) (0 04) (0 04) (0. 04) (0.04) (0 04) (0 04) (0 04) (0.04) (0.04) (0.04)
Investor count dummy 3 0.18*** 1757 18%** 0.17%** 0.17%** 0.16** 15%* .16%%* .167%*
(0.04) (0 04) (0 04) (0 04) (0 04) (0.04) (0.04) (0 04) (0 04) (0.04 (0.04) (0.04)
Investor count dummy 4 0.25*** 0.25%** 0.25%** 0.26*** 0.25%** 0.25*** 0.24*** 0.25*** 0.24*** 0.23%** 0.23%** 0.23%**
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
Investor count dummy 5 0.38%** 0.38%** 0.38%** 0.39%** 0.37%** 0.38%** 0.37%** 0.38%** 0.38%** 0.36™"* 0.36™"* 0.36™**
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)
Investor count dummy 6 0.49%** 0.49%** 0.49%** 0.49%** 0.48*** 0.49%** 0.48*** 0.49%** 0.48%** 0.47%** 0.47*** 0.47***
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)
Investor count dummy 7 0.56*** 0.58%** 0.57%%* 0.57%** 0.57*** 0.58*** 0.56*** 0.56*** 0.56%** 0.55%** 0.55%** 0.56***
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
Investor count dummy 8 0.68*** 0.68*** 0.68%** 0.69%** 0.67*** 0.68%** 0.68*** 0.68*** 0.68%** 0.65%** 0.66™** 0.66™**
(0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07)
Investor count dummy 9 0.84%** 0.85%** 0.84*** 0.85%** 0.84*** 0.85%** 0.85%** 0.84%** 0.84*** 0.83%** 0.83%** 0.83%**
(0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)
Investor count dummy 10 0.92%** 0.92%** 0.93%** 0.93%** 0.92%** 0.92%** 0.93*** 0.93*** 0.94™** 0.91%** 0.91%** 0.92%**
(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10 (0.10) (0.10)
Investor count dummy 11 1.04%%* 1.06*** 1.05%%* 1.05%** 1.06*** 1.06*** 1.06*** 1.05%%* 1.06*** 1.05%** 1.06*** 1.06***
(0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11)
Investor count dummy 12 0.51%** 0.51%** 0.51%** 0.51%** 0.51%** 0.51%** 0.49%** 0.50*** 0.48%** 0.49%** 0.48%** 0.48%**
(0.13) (0.13) (0.13) (0.13) (0.13) (0.13) (0.13) (0.13) (0.13) (0.13) (0.13) (0.13)
Investor count dummy 13 0.82%** 0.83%** 0.83%** 0.84*** 0.82%** 0.84%** 0.87*** 0.84%** 0.86%** 0.82%** 0.84*** 0.84%**
(0.15) (0.15) (0.15) (0.15) (0.15) (0.15) (0.15) (0.15) (0.15) (0.15) (0.15) (0.15)
Investor count dummy 14 1.06*** 1.06*** 1.07%** 1.08%** 1.05%** 1.06™** 1.07*** 1.08*** 1.11%%* 1.05%** 1.08*** 1.08%**
(0.18) (0.18) (0.18) (0.18) (0.18) (0.18) (0.18) (0.18) (0.18) (0.18) (0.18) (0.18)
Investor count dummy 15 1.03%** 1.03*** 1.02%** 1.03*** 1.01%%* 1.03%** 0.98*** 0.98*** 0.99*** 0.97*** 0.99*** 0.99%**
(0.19) (0.19) (0.19) (0.19) (0.19) (0.19) 0.20) (0.19) (0.20) (0.19) (0.20) (0.20)
Investor count dummy 16 1.18%** 1.15%%* 1.18%%* 1.18%** 1.15%%* 1.15%%* 1.07*%* 1.11%%* 1.12%%* 1.09%** 1.09%** 1.09%**
(0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22)
Investor count dummy 17 0.72%* 0.70* 0.73* 0.72%* 0.71%* 0.70* 0.64% 0.69% 0.66™ 0.66 0.64 0.64
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Investor count dummy 18 2.50% 2.44% 2.50% 2.51% 2.43% 2.45% 2.34% 2.43% 2.38% 2.31% 2.27% 2.27%
(1.07) (1.07) (1.07) (1.07) (1.08) (1.07) (1.07) (1.07) (1.07) (1.08) (1.07) (1.07)
Investor count dummy 19 1.65*** 1.68*** 1.67%** 1.71%%* 1.65"** 1.70%** 1.60*** 1.59*** 1.61%** 1.56%** 1.58%** 1.59%**
(0.33) (0.33) (0.33) (0.33) (0.33) (0.33) (0.33) (0.33) (0.33) (0.33) (0.33) (0.33)
Investor count dummy 20 1.29 1.26 1.31 1.29 1.29 1.27 1.34 1.37 1.33 1.39% 1.36 1.37
(0.70) (0.71) (0.70) (0.71) (0.70) (0.71) (0.71) (0.70) (0.72) (0.70) (0.71) (0.71)
Investor count dummy 21 0.79 0.80 0.80 0.83 0.78 0.81 0.65 0.69 0.63 0.61 0.57 0.57
(0.49) (0.49) (0.49) (0.49) (0.49) (0.49) (0.49) (0.49) (0.49) (0.48) (0.48) (0.48)
Investor count dummy 22 0.37 0.38 0.39 0.38 0.38 0.38 0.31 0.34 0.33 0.33 0.31 0.32
(0.43) (0.43) (0.43) (0.44) (0.43) (0.43) (0.43) (0.43) (0.44) (0.43) (0.43) (0.43)
Investor count dummy 23 1.39*%* 1.36* 1.41%* 1.39* 1.39%* 1.37* 1.37* 1.42%* 1.37* 1.39% 1.35% 1.35*

11!
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Model 0 Model T Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model TT
(0.54) (0.54) (0.53) (0.54) (0.54) (0.54) (0.54) (0.59) (0.54) (0.54) (0.55) (0.54)
Investor count dummy 25 1.06 0.94 1.07 0.95 1.06 0.94 1.07 1.19 0.92 1.21 0.96 0.96
(0.71) (0.70) (0.71) (0.70) (0.71) (0.70) (0.70) (0.72) (0.69) (0.72) (0.69) (0.69)
Investor count dummy 26 0.11 0.14 0.14 0.13 0.13 0.14 0.15 0.14 0.13 0.09 0.08 0.07
(0.64) (0.64) (0.64) (0.64) (0.64) (0.64) (0.64) (0.64) (0.63) (0.65) (0.64) (0.64)
Investor count dummy 27 0.88 0.89 0.89 0.86 0.93 0.90 0.87 0.87 0.86 0.92 0.89 0.89
(1.19) (1.21) (1.19) (1.20) (1.20) (1.20) (1.20) (1.19) (1.19) (1.19) (1.20) (1.20)
Investor count dummy 32 1.57* 1.55* 1.58* 1.60* 1.54* 1.53* 1.57* 1.62* 1.60* 1.52%* 1.51%* 1.48%
(0.66) (0.67) (0.66) (0.67) (0.67) (0.67) (0.68) (0.67) (0.69) (0.67) (0.70) (0.70)
Raised amoung (log) 0.06™** 0.07*** 0.07*** 0.07*** 0.07*** 0.07*** 0.08%** 0.07*** 0.07*** 0.07*** 0.07*** 0.07***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Round number dummy 2 —0.80%**  —0.80***  —0.79%**  —0.79***  _0.80*** = —0.80** = —0.81*** = _0.80"** = —0.80***  —0.80***  —0.80***  —0.80***
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Round number dummy 3 —0.97*** —0.97*** —0.97*** —0.97*** —0.97*** —0.97*** —0.99*** —0.98*** —0.99*** —0.98*** —0.98%** —0.98%**
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
Roundnumberdummy4 —1.07*** —1.07*** —1.07*** —1.07*** —1.07*** —1.07*** —1.11%** —1.09*** —1.10%** —1.09*** —1.09*** —1.10™**
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
Round number dummy 5 —1.07"**  —1.08%**  —1.06***  —1.07"**  —1.07***  —1.08***  —1.12"**  _1.09"**  _—1.10***  —1.08"**  —1.09"**  _1.10***
(0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)
Roundnumberdummy6 —1.12%** —1.12%** —1.12%** —1.12%** —1.11%** —1.12%** —1.15%** —1.14%** —1.14%** —1.12%** —1.13%** —1.13%**
(0.14) (0.14) (0.14) (0.14) (0.14) (0.14) (0.14) (0.14) (0.14) (0.14) (0.14) (0.14)
Round number dummy 7 —LAT7 110%FF L1 108 R 112 _1.10%F —112%FY 112 110%F L5 112 1 12%
(0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22) (0.22)
Round number dummy 8 —1.73%** —1.74%** —1.74%** —1.72%** —1.74%** —1.76™** —1.77*** —1.73%** —1.72%** —1.76%** —1.74%** —1.76™**
(0.43) (0.43) (0.43) (0.43) (0.43) (0.43) (0.43) (0.43) (0.43) (0.43) (0.43) (0.43)
Round number dummy 9 —0.89* —0.86* —0.89* —0.89* —0.86* —0.87* —0.90* —0.91* —0.91* —0.85 —0.84 —0.86
(0.43) (0.43) (0.43) (0.43) (0.44) (0.43) (0.43) (0.43) (0.43) (0.44) (0.44) (0.44)
Round number dummy 10 —2.38 —2.48 —2.40 —2.45 —2.43 —2.49 —2.56 —2.42 —2.44 —2.4 —2.45 —2.4
(2.47) (2.43) (2.47) (2.50) (2.39) (2.42) (2.42) (2.45) (2.46) (2.42) (2.42) (2.42)
Year dummy 2006 —0.1 —0.2 —0.1 —0.0 —0.3 —0.1 —0.33 —0.26 0.07 —0.3 —0.04 —0.0
(0.31) (0.31) (0.31) (0.31) (0.31) (0.31) (0.31) (0.31) (0.31) (0.31) (0.31) (0.31)
Year dummy 2007 —0.22 —0.2 —0.2 —0.01 —0.47 —0.26 —0.42 —0.3 0.07 —0.4 —0.08 —0.06
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Year dummy 2008 —0.23 —0.33 —0.24 —0.03 —0.52 —0.31 —0.50 —0.39 0.04 —0.57 —0.16 —0.14
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Year dummy 2009 —0.48 —0.57 —0.49 —0.25 —0.77** —0.54 —0.75* —0.64* —0.20 —0.83** —0.40 —0.38
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Year dummy 2010 —0.52 —0.61* —0.54 —0.28 —0.84%* —0.59* —0.82%* —0.72* —0.2 —0.92%* —0.47 —0.4
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Year dummy 2011 —0.5 —0.65* —0.5 —0.3 —0.88** —0.63* —0.88%* —0.77* —0.3 —0.97** —0.52 —0.5
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Year dummy 2012 —0.55 —0.65* —0.57 —0.29 —0.90%* —0.63* —0.89%* —0.77* —0.29 —0.99%** —0.53 —0.51
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Year dummy 2013 —0.62* —0.73* —0.63* —0.35 —0.99%** —0.70* —0.98%* —0.86™* —0.37 —1.09%** —0.62* —0.60*
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Year dummy 2014 —0.66* —0.77* —0.67* —0.38 —1.03*** —0.74* —1.01"**  —0.88%* —0.39 —1.13%** —0.65* —0.63*
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Year dummy 2015 —0.65" —0.78%* —0.66* —0.39 —1.03%** —0.76* —1.00%** —0.85%* —0.37 —1.11%** —0.64* —0.62*
(0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30) (0.30)
Geographical distance (log) —0.17***  —0.17***  —0.17***  —0.17***  —0.17***  —0.17***  —0.17***  —0.17***  —0.17***  —0.17***  —0.17***  —0.17***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Geographical distance no data dummy 0.36*** .35%** .36%** .40*** L31** .35*** 0.37*** BTFF A1F** .32% ¥ .36%** 0.36**
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
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Model 0 Model T Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11
Industry distance —1.52%FF —1.6177%F —1.53%%% —1.687%% —1.4677% —1.6077% —1.097F%F —1.137%% —1.027%% —1.017%% —0.927%% —0.9277%%
(0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.08) (0.08) (0.08) (0.08) (0.08) (0.08)
Prior investment dummy 5.84%** 5.80%** 5.83%** 5.83%** 5.81%** 5.79%** 5.82%** 5.86%** 5.84%** 5.83%** 5.81%** 5.80"**
0.17) (0.17) (0.17) (0.17) (0.17) 0.17) 0.17) (0.17) (0.17) (0.17) (0.17) (0.17)
Mean affiliation 0.04*** 0.05%** 0.04*** 0.04*** 0.05*** 0.05*** 0.05%** 0.04*** 0.04%** 0.05%** 0.05*** 0.05***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Affiliate geographic distance 0.01*** L01*** 0.01*** 0.01*** 0.01*** 0.01*** 0.01*** 0.01%** 0.01%** 0.01*** 0.01*** 0.01***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Affiliate industry distance —3.73%FF _378%FF  _3.73%F%  _3.70%*F  _3.81%FF  _3.78%F  _3.73%%F _3.71%%F _3.69%*F  _3.86%**  —3.83%**  _3.83%**
(0.08) (0.09) (0.08) (0.08) (0.09) (0.09) (0.09) (0.08) (0.08) (0.09) (0.09) (0.09)
VC age 0.00 —0.00 0.00 0.00 —0.00 —0.00 —0.00 0.01 0.00 0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
General experience —0.00*** —0.00*** —0.00*** —0.00*** —0.00** —0.00*** —0.00*** —0.00*** —0.00*** —0.00** —0.00"** —0.00"**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Industry experience 0.01*** 0.02%** 0.01%** 0.01*** 0.01*** 0.02*** 0.02*** 0.01*** 0.01%** 0.02*** 0.01*** 0.01***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Startup’s distinctiveness .16* —1.51%** —0.64™* —0.28%** —1.78** —0.11 —0.11 —0.09 —0.10 —0.08 —1.63%**
(0.06) (0.32) (0.23) (0.09) (0.38) (0.06) (0.06) (0.06) (0.06) (0.06) (0.38)
Portfolio distinctiveness —0.14 —1.45% —1.26** —0.17 —0.6 0.09 —1.02*
(0.13) (0.33) (0.34) (0.13) (0.39) (0.39) (0.50)
Portfolio diversification 0.03*** 0.02** 0.02** 0.03*** —0.03*** —0.02%* —0.03%*
(0.00) (0.01) (0.01) (0.00) (0.01) (0.01) (0.01)
VC status —0.14%** —0.17*** —0.16*** —0.14%** —0.31%** —0.31%** —0.33***
(0.01) (0.01) (0.01) (0.01) (0.02) (0.02) (0.02)
Startup’s distinctiveness x Portfolio distinctiveness 2.87*** 2.42%** 2.45%**
(0.66) (0.67) (0.68)
Startup’s distinctiveness x Portfolio diversification 0.02* 0.02 0.02
(0.01) (0.01) (0.01)
Startup’s distinctiveness x VC status 0.06* 0.05 0.04
(0.02) (0.02) (0.02)
Categorical distance —0.03***  —0.03***  —0.09***  —0.04***  —0.09"**  —0.09"**
(0.00) (0.01) (0.01) (0.00) (0.01) (0.01)
Categorical distance x Portfolio distinctiveness 0.02 —0.01 —0.01
(0.02) (0.02) (0.02)
Categorical distance x Portfolio diversification 0.00*** 0.00*** 0.00***
(0.00) (0.00) (0.00)
Categorical distance x VC status 0.01%** 0.01*** 0.01***
(0.00) (0.00) (0.00)
AIC 49559.09 49148.53 49539.52 494014 49284.26 49131.36 48950.76 49449.80 49093.82 49046.5 48711.44 48696.85
BIC 50106.15 49731.46 50113.48 49975.43 49858.22 49741.20 49542.66 50032.73 49676.76 49629.50 49330.25 49342.56
Log Likelihood -24718.54 -24509.26 -24705.76 -24636.73 -24578.13 -24497.68 -24409.38 -24659.90 -2448191 -24458.28 -24286.72 -24276.42
Deviance 49437.09 49018.53 49411.52 49273.47 49156.26 48995.36 48818.76 49319.80 48963.82 48916.57 48573.44 48552.85
Num. obs. 58000 58000 58000 58000 58000 58000 58000 58000 58000 58000 58000 58000

=5 < 0,001, 7 p < 0.0, *p < 0.05

* The table shows the results of the logistic regression models with correction of coefficients for rare events. Standard errors are shown in parentheses. The unit of analysis is the

venture capitalist - startup funding round dyad and the sample includes 58,000 observations from the period 2005 - 2015. The observations are half realized investments and

half unrealized investments. The dependent variable dummy actual data is binary and equals 1 when the observation is a realized investment.

TABLE A.1: Regression output models with rare events correction*
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Appendix B

Software used in research
project

The complete analysis presented in this dissertation was done in R (R
Core Team, 2016), version 3.3.1 from 21. June 2016, on a 64-bit machine
running Windows 8. We used a number of packages in R, that were pro-
grammed by contributors to the open source environment. We have used
the following packages for reformatting, analysis, and presentation of re-
sults. The list is in no particular order.

For reformatting of data and network analysis we used the packages
dplyr (Wickham and Francois, 2016), plyr (Wickham, 2011), data.table (Dowle
et al., 2015), Matrix (Bates and Maechler, 2016), igraph (Csardi and Nepusz,
2006), tm (Feinerer and Hornik, 2015; Feinerer, Hornik, and Meyer, 2008),
tnet (Opsahl, 2009), reshape (Wickham, 2007), reshape2 (Wickham, 2007), and
zoo (Zeileis and Grothendieck, 2005).

We used the doParallel (Analytics and Weston, 2015a) package for paral-
lel processing and foreach (Analytics and Weston, 2015b) for parallel loops.
For statistical analysis the relevant packages were Zelig (Choirat et al., 2016;
Imai, King, and Lau, 2008), multiwayvcov (Graham, Arai, and Hagstroemer,
2016), and Imtest (Zeileis and Hothorn, 2002).

For visualization like plotting, graphs, and descriptive statistics we used
the packages ggplot2 (Wickham, 2009), effects (Fox, 2003; Fox and Hong,
2009), interplot (Solt and Hu, 2015), doBy (Hoejsgaard and Halekoh, 2016),
stargazer (Hlavac, 2015), texreg (Leifeld, 2013), pastecs (Grosjean and Ibanez,
2014), grid (R Core Team, 2016), picante (Kembel et al., 2010), and scales
(Wickham, 2016). For geographic information retrieval, i.e., coordinates,
and plotting the relevant packages are geosphere (Hijmans, 2016), ggmap
(Kahle and Wickham, 2013), maptools (Bivand and Lewin-Koh, 2017), and
maps (Becker et al., 2016). Furthermore, we used the packages xIsx (Drag-
ulescu, 2014), and survival (Therneau, 2015; Therneau and Grambsch, 2000).
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Appendix C

Supplementary analysis
corporate venture capital

On the following page, the results of the logistic regression models with
rare-events correction for the effect of corporate venture capital as described

in section 7.3 are presented.



160 Appendix C. Supplementary analysis corporate venture capital
Model 12 Model 13 Model 14 Model 15
(Intercept) 3.52%** 3.55%* 3.44 3.47
(0.39) (0.39) (0.39) (0.39)
State dummy CA —-0.31*  —0.31"*  —0.31"*  —0.31"*
(0.03) (0.03) (0.03) (0.03)
State dummy MA =017 —0.17"*  —0.17"  —0.17"
(0.05) (0.05) (0.05) (0.05)
State dummy NY —0.14** —0.14** —0.14** —0.14**
(0.04) (0.04) (0.04) (0.04)
Startup age —0.00 —0.00 —0.00 —0.00
(0.00) (0.00) (0.00) (0.00)
Raised amoung (log) 0.16™** 0.16™** 0.16™** 0.16%**
(0.01) (0.01) (0.01) (0.01)
Geographical distance (log) —-0.19**  —0.19"*  —0.19"*  —0.19"**
(0.00) (0.00) (0.00) (0.00)
Geographical distance no data dummy 0.13 0.14 0.17 0.17
(0.13) (0.13) (0.13) (0.13)
Industry distance —1.09"*  —1.09"**  —1.08"**  —1.08"**
(0.09) (0.09) (0.09) (0.09)
Prior investment dummy 6.08™ 6.09™** 6.08™** 6.09™**
(0.20) (0.20) (0.20) (0.20)
Mean affiliation 0.04*** 0.04*** 0.04*** 0.04***
(0.00) (0.00) (0.00) (0.00)
Affiliate geographic distance 0.01** 0.01*** 0.01%** 0.01%**
(0.00) (0.00) (0.00) (0.00)
Affiliate industry distance —3.50"*  —3.50"*  —3.50"*  —3.50"**
(0.09) (0.09) (0.09) (0.09)
VC age -0.01 -0.01 -0.01 —0.01
(0.00) (0.00) (0.00) (0.00)
General experience —0.00** —0.00"* —0.00"* —0.00**
(0.00) (0.00) (0.00) (0.00)
Industry experience 0.01%** 0.01%** 0.01%** 0.01%**
(0.00) (0.00) (0.00) (0.00)
Portfolio distinctiveness —0.27 —0.27 —0.26 —0.26
(0.17) (0.17) (0.17) (0.17)
Portfolio diversification 0.04™** 0.04™** 0.04*** 0.04***
(0.00) (0.00) (0.00) (0.00)
VC status —0.13**  —0.13**  —-0.13***  —-0.13*"**
(0.01) (0.01) (0.01) (0.01)
Startup’s distinctiveness 0.02 —0.04 0.02 —0.04
(0.08) (0.08) (0.08) (0.08)
Categorical distance —0.03"**  —0.03***  —0.03**  —0.03"**
(0.00) (0.00) (0.00) (0.00)
CVC dummy 0.38"** 0.04 1.03** 0.67*
(0.05) (0.14) (0.15) (0.20)
Startup’s distinctiveness x CVC dummy 0.72** 0.80**
(0.27) (0.27)
Categorical distance x CVC dummy —0.03"**  —0.03***
(0.01) (0.01)
AIC 37,217 37,211 37,198 37,191
BIC 37,801 37,804 37,790 37,792
Log Likelihood -18,541 -18,537 -18,531 -18,526
Deviance 37,083 37,075 37,062 37,053
Num. obs. 44,992 44,992 44,992 44,992

***p < 0.001, **p < 0.01, *p < 0.05

* The table shows the results of the logistic regression models with correction of coefficients for rare events. Standard

errors are shown in parentheses. Year dummies, round number dummies, and investor count dummies are included

in all models. The unit of analysis is the venture capitalist - startup funding round dyad and the subsample includes

44,992 observations from the period 2005 - 2015. The observations are half realized investments and half unrealized

investments. The dependent variable dummy actual data is binary and equals 1 when the observation is a realized

investment. The dummy variable CVC dummny equals 1 if the investor is categorized as corporate venture capital.

TABLE C.1: Regression output models supplementary anal-
ysis corporate venture capital*
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