
1 
 

Start-ups, Embeddedness, and Investment Networks 

 

Mircea I. Gherghina1 

 

 

Abstract 

Start-ups have become a hot topic in the business world in the past decade, with research in 

economics and organisation studies refocusing the theoretical lenses to explain what determines 

the success of the newly-formed companies. This paper adds to the increasing number of studies 

on entrepreneurship by adopting a sociological framework that combines social embeddedness and 

networks to explain the organisational persistence of start-ups. 

This paper is divided in two parts, each presenting an individual study using the same large dataset 

provided by Crunchbase. The first part looks at network-related structural factors that influence 

the ability of start-ups to keep their operating status. We propose social capital, employee base, 

and type of investment as dependent variables and test our hypothesis against our empirical data. 

The result suggest that high embeddedness and increased employer base increase the chances of a 

start-up to keep its operating status. 

The second part contains an explorative study that uses social network analysis as the main method 

of inquiry. We look at the network of 4805 start-ups and investors and we make sense of the 

relationship between them. We conclude that the investment network is very dense with few 

investors accounting for most of the relationships. 
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Part I. Social embeddedness and start-up investment 
 

Introduction 
 

Start-ups have been a subject of inquiry in many disciplines, ranging from studies that would 

classically research this topic, like finance and management theory, to disciplines like sociology 

and political science that try to theorize the raise of this type of economic actor and the implications 

for society and the political systems. This chapter is a study of start-ups that employs theories from 

both the disciplinary fields, attempting to bridge the sociological theory, particularly network 

theory, with managerial scholarship.  

Previous studies have tackled the connection between embeddedness and a firm’s success (Witt, 

2004), survival (Dahlin et al., 2014), or growth (Pirolo and Presutti, 2010), however few of them 

(Alexy et al., 2012) have focused their lenses solely on the investor – start-up network and the 

effect of embeddedness within this network on resilience in the market. The high-tech start-up 

industry is highly financialized, thus the investor plays a crucial role in organizational persistence 

which has been downplayed in previous studies. We fill this gap by developing and testing several 

propositions regarding the investment decision in start-ups and the organizational persistence of 

those start-ups as ultimately determined by structural factors, in particular the network position of 

those start-ups as a proxy for measuring the social capital held by the respective companies. We 

refer to the investment decision as the decision of a personal or institutional agent to forward a 

certain sum of money to a company in exchange for future gains or control in the company. 

Organizational persistence is conceptualized as the longevity of a company and the ability of a 

company to retain its operating status.  
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The chapter is structured in the following way. First, an intensive theoretical review is rendered, 

where we look at economic sociology as a field of inquiry and make a distinction between 

economic theory and economic sociology. This is followed by an explication of embeddedness 

and social capital and the link between those two concepts as used in this study. Then, we apply 

the theory retrieved to a narrowly defined field of inquiry, respectively contouring a sociology of 

investment and of start-ups. We follow through the theoretical underpinning and develop four 

propositions that are ultimately tested empirically using a large unique dataset of over 100.000 

start-ups collected by “Crunchbase,” (2006), a proprietary service affiliated to TechCrunch, the 

largest online depositary of information about start-ups and high tech industry. Eventually, we 

discuss the findings by reframing them into the overarching theory and recommending some 

further studies that would complement the findings as well as remove some of the shortcomings 

presented. 

The importance of this study is multifold. First, this chapter addresses the topic of start-ups and 

their persistence by using different conceptual tools that in the case of classic management theory, 

thus furthering the use of sociological theory into the study of investment and start-ups. This helps 

shed more light on how markets function and what are the structural implications of such markets. 

Second, it explores the concept of social capital by empirically testing its effects at a macro level. 

This advances the theory developed by social capital scholars and pushes for a more practical 

application of the theory.  
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Theoretical background 
 

It is for long known that companies do not operate in a market vacuum that is characterized by 

rigid equilibrium physics-like laws. Economics have historically been proposing the actor 

rationality as the underpinning decision-making determinant. While the mainstream economics 

has evolved to include in models stances of irrationality or hectic behavior from the economic 

actors by developing behavioural tools of inquiry (Lee, 2011; Zarri, 2010), it hasn’t fully 

acknowledged that the determinants of market decision, for example purchasing behavior, 

investment decisions etc., often reside within the socially constructed market structure.  When we 

refer to social construction, we mean that the social world is constructed by prior actions of the 

social actors, that respectively will shape future actions of incumbent actors and future entrants, 

much as the “double hermeneutic” (Giddens, 1987)  concept applied to structure rather than 

semantic.  

Economic sociology seized the momentum of a vacuum in the economic theory in the early past 

century and departed from the traditional economics departments sustained by a “paradigmatic 

conflict between institutional and neoclassical economists” (Young, 2009, p. 91). The former 

proposed a deterministic model of choice. The agent loses some of the decision sovereignty and is 

determined into acting according to rules and norms that are embedded within the societal fabric 

(DiMaggio and Powell, 1983; Meyer and Rowan, 1977).  The new institutionalism, the form of 

institutional determinism that penetrated sociology, has gained tremendous popularity, however it 

is acknowledged that it often fails to conjugate the inseparable worlds of production and 

consumption (Koch and Sprague, 2014).  
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The critique is part due to a failure of the field to acknowledge the two sides of the embeddedness 

coin. On one side, the economic action is inextricably determined by the social world and the tenets 

by which this functions. On the other side, we acknowledge the embeddedness as “the dependence 

of market behavior upon networks of individuals, as contrasted with the focus upon the relationship 

between functionally differentiated institutional complexes within an overall social system” (Dale, 

2011, p. 333; Granovetter, 1985; Polanyi, 1947). The institutional production that ultimately 

generates the market as a virtual place of interaction is the result of the behavioural dependency of 

individuals on the market. The consumption, nonetheless, culturally determined, is what 

determines market formation.  

Social embeddedness 

 

Embeddedness in an organizational context refers to the degree to which a person is connected to 

the organization network they activate it (Mai and Zheng, 2013; Staw et al., 2001), or, 

extrapolating from it, an organization is embedded into the network it operates in if it is a highly 

connected member of that network. Embeddedness “accounts for much of the order and (disorder) 

that is found in both markets and in firms” (Granovetter, 1985; Moran, 2005, p. 1130) due to 

relations revealing the structure of a market (in our case) or an organizational field.  Embeddedness 

has a structural component, the one that is revealed by the quantity of relationships and the 

configuration that results from it , as well as a qualitative, relational component that reveals what 

is the nature of the relationships (Granovetter, 1992; Moran, 2005). The distinction might stem 

from the duality of the outcome of a dyadic relation where the structural outcome represented by 

the network component can be the same for two dyadic configurations that do not discriminate for 

the intensity of the relationships or even reciprocity. Thus, a dyad that has an intensive relationship 

benefits more from the other node embeddedness into the overall network.  
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Embeddedness is a flexible concept in the sense that connection among vertices in a network has 

an unspecified nature. Connections can be virtual in nature when organisations digitally establish 

them (Morse et al., 2007), or they can be physical connections that comprise supplier-distributor, 

investor-start-up and the like.  Nonetheless, to a certain extent embeddedness is virtual even if not 

digitally established. The virtual characteristic of embeddedness stems from the epistemological 

nature of this type of research, relations not being palpable objects, but merely social objects that 

are reinforced by trust between nodes and normativity.  

Network embeddedness has been previously linked to performance of a company (Echols and Tsai, 

2005). While structurally showing the relationships, embeddedness moderated niche-performance 

due to the fact that “ a firm’s competitive position, including decisions regarding whether or not 

to be a product or process niche-firm, is not formed in a social vacuum” (Echols and Tsai, 2005, 

p. 221). However, not every type of embeddedness is translating into beneficial performance 

outcomes. High embeddedness is defined by a large number of relationships between nodes that 

are characterized by tightly-coupled connections, while low embeddedness represents a node with 

a low number of weak links to the network (Echols and Tsai, 2005; Gulati, 1998; Gulati et al., 

2000). 

The reason why a node (in our case a start-up) wants to join a highly embedded network in order 

to allow for social capital transitivity to take place is to minimize risk (Meuleman et al., 2010). 

The quest for relationships that add embeddedness to a node has clear benefits like increasing 

performance (Echols and Tsai, 2005), however this raises a paradoxical situation in network 

formation of companies: while seeking to establish only a type of relation, a firm would miss on 

deepening their network with ties that are weak but that can prove to be pivotal (Meuleman et al., 

2010; Uzzi, 1997).  While actively seeking to connect to familiar nodes (also called network 
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homophily (Boucher, 2015; Boutyline and Willer, 2016; Gerber et al., 2013; Yuan and Gay, 2006)) 

has potential benefits by decreasing agency costs (Meuleman et al., 2010), it can ultimately 

decrease the focus a firm has on its exploratory activity, also called ambidexterity (Jansen et al., 

2012), a structural organizational feature that has been linked to increased performance 

(Boumgarden et al., 2012; Gherghina, 2014).  

In this study, we use the notion of social capital through the theoretical framework of 

embeddedness, thus social capital is represented namely by “more or less institutionalized 

relationships of mutual acquaintance and recognition—or in other words membership in a group - 

which provides each of its members with backing of the collectively-owned capital, a ‘credential’ 

which entitles them to credit, in various senses of the world” (Bourdieu, 1986, p. 248; Rostila, 

2011). We interpret this as a network in which the nodes composing the network are deliberately 

using the membership to further their interest, using a collectively generated capital. The more the 

connection are with members of the network, the higher the chances are that the interest can be 

backed up by the network.  

From economic sociology to a sociology of investment 

 

The increasing theoretical sophistication brought by economic sociology is funneled into more 

“practical” applications. One of the current application of sociological thought is directed towards 

the financial markets. One of the reasons why researchers have increasingly focused their attention 

on finance is the financial crisis of 2008 that has asked for a reconfiguration of the way we tackle 

markets.  

While networks, as we have previously seen, are schematic representation of social relations or 

social worlds, their power to represent the dynamicity of markets have been questioned (Roscoe, 
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2013; Fligstein, 1996) due to their stringent focus on relationships as the primary sociological unit 

of analysis, while stripping the social action from its context in which they are enmeshed. This 

reconceptualization of embeddedness as not being exhaustive of its explanatory power has resulted 

in a series of re-materialization of markets in sociological research (Beunza et al., 2006; Cetina 

and Preda, 2013, 2004; Dodd, 2011; Marquis, 2014; Rudnyckyj, 2014).  

However, the more managerial and professionally oriented researchers have continued with the 

lucrative theoretical tools offered by institutionalism coupled with network theory and developed 

a parallel sociology of finance that looks at issues of organizational persistence / success (Croce 

et al., 2016; Noyes et al., 2014). While the organizational persistence studies are not critical of the 

materiality and the rich context of markets, some studies have included the behavioural component 

into the model of persistence (Klossek et al., 2015) to highlight the cognitive biases that influence 

new decisions in terms of strategic alliances, a micro-focus on decision persistence among 

underperforming projects (Patzelt et al., 2011) or the social proximity aspect in order to explain 

network knowledge spillovers in interorganisational networks (Pallotti et al., 2015).  

The sociology of investment is far from being a unitary field of inquiry, and there is no discipline 

identity. However, the increasing financialization of the society has sparked the interest for a re-

application of classical sociological methods to rediscover how markets function. While “markets” 

is a concept with a vast application, we will focus on the investment market for start-ups in this 

paper. 

Start-ups and investors 

 

In the literature pertaining the start-up scene, there is an increasing acknowledgment of the effect 

of the investor on the functioning of a newly founded start-up. The effect on such companies range 
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from the type of investment that is injected into a company (Cumming, 2006) that separate types 

of securities and the type of entrepreneurials that are attracted to them, the investor bargaining 

power in the valuation of a company (Heughebaert and Manigart, 2012), and the way in which the 

founder holding control of the start-up devalues the company (Wasserman, 2016).  

It is acknowledged that the venture investment market is heavily influenced by founder or investor 

characteristics, and we also observed that the network in which the start-up is enmeshed plays a 

significant role in shaping up the overall strategy. While those assumptions are pre-tested in 

academic literature, most of the research is presented in business journals that have a managerial 

orientation. Economic sociology is not informing this research, or at least not apparently. We 

correct this gap by propositions that address the linkage between networks of entrepreneurials and 

effect on the success rate.  

Propositions   
 

Building on the previous literature, we develop the following key claims.  

Proposition 1. Network position of a start-up impacts the persistence of the start-up. 

Start-ups are nodes in an emerging and dynamic pattern of investments. Nascent companies rely 

heavily on investment for their success, but often the inwards cashflow is not the only predictor of 

success. The reason why money does not always influence the success rate is that, even though 

companies needs resources in order to operate effectively, those resources are varied and they 

consist of more than financial resources. We assume that if the start-up is founded by a successful 

investor with a lot of connections in the network, the start-up will benefit from a spillover effect.  

This spillover effect can be envisioned in two ways. First, there is a knowledge spillover (Pallotti 

et al., 2015) or an infusion of know-how acquired by the investor in previous rounds or by 
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prolonged market presence. Second, there is a centrality spillover. A node connected to another 

node that is central in a network will borrow from its centrality, therefore exposing itself in the 

market as linked to a successful component. Markets would react to this new connection by 

attributing trust to the start-up translating into future investments as well as an increased base of 

customers. One of the reasons why spillovers happen is the effect of social capital. As previously 

mentioned, start-ups are not reified entities, but structures that are enacted by their members. Thus, 

if the members of a start-up are connected to many investors that have a reputation on the market 

as funders of successful companies, the start-up members would use the access to this reputation 

to secure better contracts, employ better trained people etc. (Witt, 2004).  

Proposition 1b. Being central increases the success rate, as does being close enough to power 

poles. 

Centrality in a network helps a node take advantage of the knowledge and capital exchange that is 

taking place, however it is not the sole network predictor for organizational persistence. Being 

highly connected, or even highly embedded in a network means that most of the information in a 

component is passed through a respective node first before reaching other nodes. In a node with a 

large number of edges, multiple centers or even giant components can emerge. Therefore, a node 

can be highly embedded into a local network and be close to the center of the component but not 

necessarily be connected to multiple cores. Therefore, closeness adds to the success rate of a 

company by allowing it to diversify the relationships and connect to multiple polarized network 

centres.  
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Proposition 2. The size of the start-up affects its success rate 

The size of the company could be measured by several variables: operating income, employees, 

market share etc. However, in this proposition we will focus on employees as an accurate measure 

size. Growth in employment could signal that the company operations are healthy enough to take 

on board more people and increased the fixed costs. Also, employment growth shows that the 

company is expanding, thus its services or products are in increased demand. Thus, if a start-up 

has more employees it will be more prone to keep its operating status. 

Following on the signaling characteristic of increasing the employee base, we could argue that the 

investors are going to be more prone to reinvest in companies that are signaling their operational 

health by having more employees.  

Proposition 3. Type of financing signals whether the start-up will be operating for longer 

There are various methods of financing that take place on the start-up scene. The two most 

common financing method are seed investments and venture capitalism. The former is based on 

investors that are willing to bid a certain amount of money to an idea that has different levels of 

executions, therefore exposing themselves to the market in the expectations of big returns.  

Venture capitalism works in a similar fashion with angel investment, however the investor is an 

institutional one, therefore the norms of investment are different and often depart from the “gut 

feeling” that characterizes angel investment (Wright Robbie, 1998). The norms are rigid and there 

are efficiency rules that guide the investment decision. This type of investment is also applied to 

small companies situated in their infancy but with aggressive growth prospects. Thus, the relation 

between the start-up and the financing institution is weaker that in the case of an angel investor. 
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Social capital is not readily transferred along in the network, however, the start-up can benefit 

from the reputation spillover and have access to a larger base of business collaborators.  

Other forms of investment include crowdfunding that gained popularity in the recent years. 

Crowdfunding is based on a product that is released by a starting company to a platform where 

Internet users can fund the idea, usually with small amounts (Baumgardner et al., 2015). This type 

of financing is less risky for the company as they don’t have any obligations towards the investors, 

besides that of honoring product purchasing. Even though the risk is lower in this type of 

investment, as well as the market friction reduced, the amount of social capital transferred between 

the investors and the start-up is low due to the inability to position an aggregate of the small 

individual investors within the overall network. Angel investment (Wong et al., 2009) is another 

form of investment. It is a personal type of investment, meaning that the investor often plays the 

role of a mentor and guides the business through turbulent times. There is also a transfer of social 

capital taking place in the case of the angel investors, from the angels to the start-up founders that 

can prove crucial when the start-up is facing distress.  

 

Data  
 

We used a unique dataset offered by Crunchbase that includes details of 75403 start-ups and 

133503 financing rounds they underwent between 1983 and May 2016. Over 95 % of the data is 

captured for start-ups that were founded after 1999, prior to the “dot com” bubble. More than 65 

% of the start-ups were founded after 2009, this fact highlighting the increased investment rent in 

technology entrepreneurials. The dataset includes variant information about both the start-up and 

the investors that are financing the high-tech industry. In order to utilize it in the current paper, we 
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transformed the database information into a bi-partite edges list that contained information about 

the companies and the investors. We used a SQL query to associate each company with its 

investors and create an edges list. An edges list is a data set which pairs up nodes.   

Due to the size of the dataset, we kept a maximum of 5 investors per every round of financing. 

This accounts for 189885 out of 205317 investors or 92% of the investors network. The initial data 

manipulation resulted into 182924 edges or relationships between start-ups and investors, and 

120768 nodes of which 70184 represent start-ups.  

Dependent variable 

 

In order to test the assumptions outlined above, we used as the dependent variable the operational 

status of each company in the dataset. This states whether the company is still operational, if it has 

been closed, underwent an IPO, or it has been acquired in the meanwhile.  

Table 1. Frequency of dependent variable groups 

Status Frequency % 

Acquired 10638 15.2 

Closed 3467 4.9 

IPO 2229 3.2 

Operating 53850 76.7 

Total 70184 100 

 

We observe that this sample includes a percentage of operating companies that is larger than the 

expected average of companies that survive on the market. On average, the chance of operating 

ranges from 25 % in the first year, to 44 % in the third year, according to various industry surveys 

(Start-up Business Failure Rate By Industry, 2016), way lower than the sample compiled on 

Crunchbase. However, this doesn’t necessarily represent a bias in the method of collection because 

the industrial statistical average takes into consideration all the start-ups and doesn’t differentiate 

for industry (e.g. finance industry companies have higher rates than any other industry, as well as 
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hight tech companies). The biggest percentage of operating companies after 4 years since their 

debut is found in the finance and insurance industry with 58 % (Start-up Business Failure Rate By 

Industry, 2016) . The figure found in our sample is still larger than the report states. This can be 

accounted by several factors: a) investment in tech-industry has increased exponentially in recent 

years, therefore most of the companies included in the sample didn’t reach their maturity. This is 

consistent with the 25% failure rate after one year of operation; b) on average, the high-tech 

industry is backed up disproportionately by investors that finance the start-ups in multiple rounds, 

therefore artificially prolonging their operating duration; c) the Crunchbase data has four 

categories, operating, IPO, acquired, and closed. Often, the acquired companies (which account 

for 15.2 % of the overall start-up population in our sample) are integrated within a new company, 

thus ceasing to exist under their initial operating name.  

Independent variables 

 

We introduce three network statistics that measure the overall importance of a node in the network 

(Bonacich, 1987; Friedkin, 1991; Mizruchi et al., 1986). The first measure is the eigenvector 

centrality that is computed as the value of a node in the adjacency matrix respective to the network 

and computed as the normalised centrality of the network (Oliveira and Gama, 2012): 

𝐶𝑖 = ∑ 𝑑𝑖,𝑗 ∗ 𝑣𝑗

𝑛

𝑗⋲𝑁

 (1) 

where v is the vertice, j the value of the vertice in the adjacency matrix, and d is the distance 

between the vertice and another node in the network. The eigenvalue represents the embeddedness 

and it is divided into three dummy variable low, medium, and high embeddedness. 

Closeness centrality is the second network metric introduced that measure the average path length 

of a node to all the other nodes in the network (Freeman, 1978): 
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𝐶𝐶(𝑖) = [∑ 𝑑(𝑖, 𝑗)

𝑁

𝑗=1

]

−1

(2) 

where d is the distance between a node i and j.  

A third network statistic is the indegree number, or the number of directed edges towards a node. 

We test the second proposition by introducing a variable that measure the number of employees in 

the companies in the sample. We recode the variable into 6 dummy variables that correspond to 6 

categories: 1 to 10 employees, 11 to 50 employees, 51 to 100, 101 to 250, 251 to 500, and over 

500 employees. We keep the 6 original categories intact in order to preserve the business cycle 

stages that a start-up experience. The nascent stage is generally represented by the lowest number 

of employees, when the initial costs of the company are high and liquidity is low. However, we 

should note that not all start-ups are initially small (some requiring a large employee base to be 

able to launch the operations), with this type of companies being an exception. The second stage 

of the start-up is when the company is infused with the first round of capital and has an ability to 

expand the employee base. The third stage is when a company is exiting the small enterprise status 

and diversifies its internal operations and divides the work in departments. The fourth stage 

represent a maturing start-up that at the border of being named a medium enterprise. Often, in this 

stage further investment rounds are absorbed by the company. The fifth and the sixth stage are 

reached when the operational capacity is enlarged due to market success. The first and the fourth 

category concentrate the highest number of start-ups in our sample. The second category has the 

lowest number of start-ups with a count of 131, with companies that have between 101 and 250 

accounting for 10061 entries, and nascent companies counting for 7805 entries. The sample covers 

the entire range of the start-up cycle.  
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Eventually we introduce the type of investment the company receives. We initially constructed 7 

dummy variables that included all the investment forms present on the start-up scene: angel 

investment, debt financing, crowdfunding, grant, private equity, seed investment, and venture 

capital. Due to the low number of start-ups that received some of the types of investments, we 

divided the variable in 3 categories: seed investment, venture capital, and other investment that 

captured the remaining forms of investment. Even though we scaled down the number of 

investment types, therefore decreased the variation between those, we kept two structurally 

different forms: seed investment, a type of investment that is non-institutional and that is usually 

administered in incipient stages, and venture capital that is a structured form of investment that is 

offered by institutional investors, liked hedge funds and investment banks.   

We include another control variables in the model. This consists of a series dummy variable that 

measures the gross sum invested with each round of investment. The variable includes 6 

categories. We break down the sum investment in the following categories: 1 to 100000, 100001 

to 250000, 250001 to 1000000, 1000001 to 10000000, 10000001 to 50000000, and over 50 

million.  

 

Models 
 

We run a multinomial logistic regression in order to test the propositions. We introduce the 

independent variables in a step-wise mode in order to assess variations in intensity. 

In table 2, we observe that eigencentrality has a negative impact on being acquired, but has a highly 

significant positive impact on operating versus being closed. 
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Table 2. Multinomial logit regression model 1 output 

 

 Variable Acquired IPO Closed 

  B S.E. B S.E. B S.E. 

 Constant -2.357** .034 -3.670** .063 -2.701** .053 

S
o
ci

al
 c

ap
it

al
 

Low 

embeddedness -.219** .031 -.153* .070 .027 .047 

High 

embeddedness .038 .029 .576** .060 -.252** .058 

Closeness 

centrality .877** .032 -.018 .059 .205** .045 

Indegree -.001 .005 .028** .006 -.071** .016 

Investor count .041** .004 .060** .008 .031** .008 

 Count 10638 2229 53850 

 Pseudo R2 .041 .041 .041 

Multinomial logit regression output with dependent variable reference category selected as “Operating” 

with non-standardized scale independent variables. **p<0.01; *p<0.05. The “operating group” count is 

53850. 

As expected, low embeddedness negatively affects the likelihood of being acquired or undergo an 

Initial Public Offering, with the inverse relation applicable for being closed, when compared to 

operating groups. High embeddedness increases the likelihood of being acquired, decreasing the 

likelihood to be closed. 

Indegree and investor count has is statistically significant for the IPO and closed group, but with 

relatively low predictability power. The results confirm that embeddedness adversely affects the 

chances to be not operating, with high embeddedness impacting the chances for an IPO the most.  

Table 3 presents the output for the logit regression with the dependent variable the status of the 

company, with the second set of dummy variables that categorizes the employee base of the start-

up. We find that when compared to the operating companies, the stage two start-ups (with 11 to 

50 employees) have a high likelihood of either getting acquired, undergoing an IPO or being closed 

at this stage of life. 
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Table 3. Multinomial logit regression output for model 2 

 

 Variable Acquired IPO Closed 

  B S.E. B S.E. B S.E. 

 Constant -2.786** .078 -3.912** .124 -3.638** .135 

S
o
ci

al
 c

ap
it

al
 

Low 

embeddedness -.008 .074 -.049 .117 .035 .134 

High 

embeddedness  .019 .066 .035 .105 -.078 .131 

Closeness 

centrality .310** .071 -.133 .103 -.025 .127 

Indegree .008 .009 .021 .012 .002 .021 

Investor count .014 .009 .002 .014 .016 .019 

E
m

p
lo

y
m

en
y
 

/ 

S
ta

rt
-u

p
 s

ta
g
es

 11 to 50 8.091** 1.431 5.660** 1.548 6.368** 1.475 

51 to 100 .308** .087 .385* .167 -.172 .180 

101 to 250 .025 .059 .235* .112 -.301 .110 

251 to 500 .496** .098 1.300** .147 -.349* .240 

>500 .667** .114 3.625** .110 -.548 .332 

 Count 1857 645 19872 

 Pseudo R2 .130 .130 .130 

Multinomial logit regression output with dependent variable reference category selected as “Operating”. 

Employee numbers introduced as a dummy variable with the 0 to 10 category left out. **p<0.01; *p<0.05. 

The “operating group” count is 53850. 

 

The effect of the employment base decreases for all of the dependent variable groups. The later 

stages of a start-up rebound the effect of employment base. The distinction between IPO, acquired, 

and closed groups is that the latter is impacted negatively by the increase in employment. We 

assume that the chance of going bust for a start-up decreases along with maturity.  

The statistical significance of the “social capital” group of variables is removed, with closeness 

centrality still positively impacting the acquired group in comparison to the operating group.  

We introduce the third set of dummy variables that measure the type of investment that the start-

ups received. We observe that there is a statistically significant effect that different types of 

investment have on the operational status of a company. Venture capitalism increases the chances 
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of being acquired compared to operating independently. This might be the case due to the fact that 

injections of venture capital are institutionally bounded, thus heavily relying on its relationship 

with the institutional investor. 

Table 4. Multinomial logit regression output for model 3 

 Variable Acquired IPO Closed 

  B S.E. B S.E. B S.E. 

 Constant 
-

2.806** 
.095 -3.640** .141 -3.574** .167 

S
o
ci

al
 c

ap
it

al
 

Low 

embeddedness -.007 .074 -.031 .117 .042 .134 

High 

embeddedness .015 .066 .026 .104 -.084 .131 

Closeness 

centrality .295** .071 -.129 .103 -.038 .127 

Indegree .008 .009 .021 .012 .002 .021 

Investor count .013 .009 .007 .015 .017 .019 

E
m

p
lo

y
m

en
y
 

/ 

S
ta

rt
-u

p
 s

ta
g
es

 11 to 50 7.842** 1.319 5.481** 1.424 6.169** 1.362 

51 to 100 .214* .091 .267 .173 -.306 .189 

101 to 250 -.029 .062 .165 .115 -.378** .115 

251 to 500 .394** .103 1.151** .156 -.501* .248 

>500 .565** .119 3.463*** .122 -.701* .338 

In
v
es

tm
en

t 

Seed  -.006 .078 -.428** .120 -.138 .144 

Venture .177* .074 -.139 .095 .139 .143 

 Count 1857 645 19872 

 Pseudo R2 .141 .141 .141 

Multinomial logit regression output with dependent variable reference category selected as “operating”. 

Employee numbers introduced as a dummy variable with the 0 to 10 category left out.  Type of investment 

variable introduced as two dummy variables, “seed” and “venture” with “other types of investment left out. 

**p<0.01; *p<0.05. The “operating group” count is 53850. 

 

This strong tie facilitates the company to be ultimately acquired by the institutional investor or by 

other nodes within the immediate network. The effect of being seed funded is negative for 

companies that undergo an IPO. This is induced by the fact that seed investment is usually attracted 

in the first stages of the start-up, while an IPO is usually a step taken after a certain market maturity 

is reached, as well as the cashflow of the company is steady and growing. The closeness centrality 
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measure retains its significance and has a positive impact on being acquired compared to 

companies that are still operating. An increase in the employee base size positively affects the 

chances of being acquired or undergoing an IPO compared to the reference group of independently 

operating companies. We observe the reversed effect for companies that are not operating. 

Table 5. Multinomial logit regression output for model 4 

 Variable Acquired IPO Closed 

  B S.E. B S.E. B S.E. 

 Constant -3.377** .111 -4.465** .238 -3.530** .176 

S
o
ci

al
 c

ap
it

al
 

Low 

embeddedness -.049 .078 -.156 .155 .056 .131 

High 

embeddedness .037 .066 .151 .132 -.155 .133 

Closeness 

centrality .703** .081 -.439 .131 -.090 .126 

Indegree .013 .009 .043 .014 .003 .022 

Investor count .015 .009 .000 .019 .036 .019 

E
m

p
lo

y
m

en
y
 

/ 

S
ta

rt
-u

p
 s

ta
g
es

 11 to 50 2.636** .278 5.519 .309 1.221* .616 

51 to 100 .299 .093 1.154 .258 -.406* .192 

101 to 250 -.105** .067 1.045 .220 -.638** .117 

251 to 500 .594** .103 2.220 .236 -.825* .284 

>500 .912** .104 3.462 .222 -2.183** .589 

In
v
es

tm
en

t 

Seed -.079 .083 -2.160 .258 -.239 .145 

Venture .199* .081 -.449 .116 .395* .156 

In
v
es

tm
en

t 

am
o
u
n
t 

in
 

th
o
u
sa

n
d
s 

U
S

D
 

100 – 250 -.306* .145 -1.029 .482 -.167 .218 

250 – 1000 .160 .087 -.163 .212 .359* .143 

1000 – 10000 .304** .073 .121 .129 -.042 .148 

10000-50000 .159 .093 .669 .127 -.438 .231 

>50000 -.696 .506 -1.314 .475 -19.110 .000 

 Count       

 Pseudo R2 .141 .141 .141 

     

Multinomial logit regression output with dependent variable reference category selected as “operating”. 

Employee numbers introduced as a dummy variable with the 0 to 10 category left out.  Type of investment 

variable introduced as two dummy variables, “seed” and “venture” with “other types of investment left out. 

The total investment amount is introduced as a control variable with the first category “<100” being left 

out. **p<0.01; *p<0.05. The “operating group” count is 53850. 
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Eventually, table 5 presents a model where the investment amount in US dollars is introduced. The 

expectation is that the higher the amount invested the lower the chances are that the company is 

closed. The investment variable is not statistically significant for the “closed” group when 

compared to the “operating group”. However, we observe that companies that received the lowest 

amount of money in investment have their chances to be acquired decreased, with companies 

receiving more than 1 million US dollars having a higher likelihood of being acquired. For the 

fourth time in the models presented, closeness centrality positively impacts the likelihood of being 

acquired.  

Model validity 

 

We conduct further tests to check for multicollinearity. We use a regression analysis with all the 

independent variables from the logit regression included as independent variables in the new 

regression. We exclude one of them, one by one, and declare it dependent variable in the model. 

We then look for the VIF coefficient. In all iterations we have rendered, the VIF is bellow 3, 

therefore no signs of multicollinearity were found. 

 

Discussions  
 

We began the paper by stating that investment decisions are heavily influenced by structural factors 

like network embeddedness. We developed several theoretical propositions that included network 

structural factors that used the idea of network positions as an influencer of the decision to invest. 

These network factors ultimately would enhance the chances of a start-up to persist within the 

industry it operates.  While network embeddedness is a predictor of success, other adjacent 

structural factors, that are heavily intertwined with network measures, offer a better picture of how 
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the investment decision is influenced. The start-up stages and thereof an increase in the employee 

base is an organizational intrinsic structural factor that positively affects the chances of operation 

while decreasing the chances of bankruptcy. While the increased employee base signals the health 

of the company and is the outcome of multiple rounds of investment, it also signals that the 

company connects with more nodes within the network they operate. Thus, the employee base has 

a dual structural role. First, the role of proxy for the stage of a company on a maturity cycle. 

Second, the role of showing another type of embeddedness, the organizational one.  

We observed that the theoretical models presented in this chapter were validated by the empirical 

test. The first variable battery introduced is represented by measures of social capital. While social 

capital is defined in several ways, we used the definition that explicated social capital via the 

conceptual repertoire of social embeddedness (Granovetter, 1985; Uzzi, 1997). This conceptual 

mediation argued that accruing social capital is a process facilitated by network relations, as well 

as intensity of those relations. Social capital can be expressed through network measurements as 

eigencentrality or closeness centrality. In the model presented we observed that embeddedness 

played an important role in the operational success of a start-up. Low embeddedness or isolation 

within the financial network creates less possibilities of social capital distribution within the 

network, therefore decreased access to resources, financial or virtual resources, like increased 

bargaining power resulted from multiple associations. Respectively, high embeddedness protects 

the start-up from bankruptcy. The mechanism through which this operational persistence is 

enhanced by high embeddedness is not revealed in the model presented in an obvious way, 

however we can assume several ways in which the embeddedness is converted into organizational 

persistence. One of the mechanisms presented and supported by the theory retrieved and reviewed 

within this chapter is represented by multiple ties of various intensity that lead to an increased 
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transfer of know-how and financial resources to the start-up (Heughebaert and Manigart, 2012). A 

company strongly connected to the network signals potential problems that start-ups in the 

incipient stage face and are more prone to receiving support for those problems, thus increasing 

the organizational resistance. Another mechanism is increasing the reputation of a company by 

association with successful investors within the network. A start-up that has well positioned 

investors within the network benefits from the reputation spillover and has a higher chance of 

drawing in funds in future investment rounds. We can observe this effect taking place due to 

closeness centrality negatively affecting the chances of being closed as a start-up. This measures 

the closeness that a node has to centers of power, thus the further a start-up is from a well-

positioned investor, the lower the chances are that the start-up will retain its operating status. 

The multiplicity of connections and the importance of those ties are vital for organizational 

persistence. However, as we have seen from the empirical test, social capital plays an important 

role, but not an unique role. We have to pay extra attention to implications of social capital within 

the structure of the investment markets. As previously mentioned, this type of capital is emanated 

within the market structure by some intrinsic factors like employment base. We assumed in this 

chapter that employee base is equivalent with stages of the start-up. The chances that a company 

starts with a large number of employees is really low and it usually attributed to intrapreneurship 

rather than entrepreneurship. We confirmed that the later the stage of the start-up within the 

maturity cycle, the lower the chances of that start-up to go bust.  

This effect is uneven among the operating groups we presented: IPO, acquired. The greatest effect 

of being in the incipient stages of a start-up is distributed towards being acquired, followed by the 

group of non-operational companies. This can be explained by the fact that recently founded 

companies are more prone to be closed than undergo an IPO when compared to the operating 
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group. During the maturity cycle the effect of employee base is the following: the IPO becomes 

the method of exit that overtakes acquirers’ strategies. Besides the strategic reasoning that is 

underlying within this type of investment decisions, we can also connect it to differences is social 

capital. As we stated before, the companies that are in early stages of formation have lower social 

capital acquired, even though the potential connections are high. Due to the incipient nature of 

those connections, the intensity also remains low. Thus, those high risk initial investments will 

either go bankrupt or be saved from bankruptcy by being acquired, usually if the idea behind the 

start-up is a promising one. 

Eventually, in the discussion session we explain the last addition of the model. In the theoretical 

explanation we assumed that different types of investment would generate different outcomes in 

terms of organizational persistence (Cumming, 2006) or growth (Ivanov and Xie, 2010). Because 

investment is structurally different, with seed money being less institutionalized than venture 

capital, the start-up would be more prone to keep its operational status if it reaches rounds of 

investment that are institutionally bounded, like in the case of venture capital. The empirical test 

validated our supposition that there is a difference between those type of investments. As in the 

case of employee base, we envision a multiple mechanism through which this effect takes place. 

The first one is bounded by the relative difference in “money power” of the two most popular 

modes of start-up financing. The venture capital is on average of higher intensity than its 

counterpart, also usually coming at a later stage in the development of the start-up, therefore in a 

less risky timeframe. The second mechanism is also associated with social capital or the idea of 

network embeddedness. Because the two types of investment are structurally different, they are 

also conducive of social capital with a different intensity. Venture capital flows to a start-up from 

an established institutional investor that is the depositary of social capital and is usually more 
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embedded into the network than sporadic seed investors. Thus, a company that receives money 

from an established investor would benefit from this spillover effect and retrieve more network 

prestige that in the case of seed money. This would influence whether the company would still 

operate or be acquired, as it is the case of the group of companies that receive capital through 

ventures, thus being strongly tied to their investor that want to materialize the investment earlier, 

or undergo an IPO, as it is the case of the companies that receive seed money in their early stages 

of operation. Besides the type of the investment, we must acknowledge that the amount of money 

invested is also a good predictor of the status of a company. The factual and intuitive assumption 

validated here is that the larger the amount of money received by the company, the lower the 

chances of the company to go bust. Besides providing the start-up with liquidity needed for 

operation, the amount also signals the intensity of the relation between the investor and the 

company.  

 

Conclusions 
 

This chapter connected the concepts of entrepreneurship, particularly start-ups, with the idea of 

network embeddedness. We showed a clear empirical link between organizational persistence and 

the network position of a start-up as a factor that influences success. The model constructed 

validated that social capital plays a crucial role in transforming the investment into a success story. 

The factors that are influencing the operational persistence of a company range from social capital 

and social-network embeddedness, the stage of the company, the type of the investment, and 

ultimately the intensity of the investment. This shows that predicting success is a complex task 

with multiple market and non-market forces shaping the functioning of the start-up.  
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However, not matter the complexity of the social forces shaping the investment market and the 

operability of companies ultimately, social capital is one of the concepts that can mediate our 

understanding of why certain start-ups fail or some are successful. This doesn’t want to downplay 

the importance that the idea behind a start-up, and moreover, the execution of the idea, as core 

features of a company that predicts the organizational persistence of a corporation. But this chapter 

outlined that social relations are influencing the investment decision and has brought the economic 

rationality within the realm of social structure. Besides the achievement of validating the 

propositions with a relatively large sample of start-ups from over 180 countries, there are a few 

points that can be improved. First, the start-ups included are predominantly operating in high 

technology industry, thus the outcome of the empirical test is biased towards companies in this 

industry. Future research could replicate the model for other types of industries. Second, social 

capital here is defined purely in terms of network embeddedness measured by centrality. Social 

capital is a complex notion that has experienced multiple operationalizations. A future paper could 

investigate more how to better operationalize social capital in order to capture better what the 

concept entails.  
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Part II. A network topology of the start-up scene 
 

Introduction 
 

This chapter will focus on exploring the network topology of the start-up scene around the world. 

While in the previous study we introduced several hypotheses that were tested against the 

empirical data, this study is more relaxed in terms of making assumptions about the start-ups 

network. Instead, it adopts an explorative stance and tends toward an applicative side of 

computational sociology.  This part can also be viewed as an extension of the previous study, a 

way to look more in depth at start-ups solely in terms of nodes in a network. 

First, we introduce a theoretical discussion about networks and how they are used in social science 

via the methodology that have been developed, mainly in the past two decades. Then, we proceed 

by setting up the study. The results of the network analysis are then discussed and linked with the 

retrieved literature. The importance of looking at start-ups from a network point of view stems 

from the relatively low importance that has been given to network analysis in the study of the start-

up scene as a market place for investments. Moreover, the database used in this study offers a new 

and rich insight into the world of start-ups, particularly how well connected to one each other they 

are, and if start-ups are inclined to cluster together in terms of investment or according to their 

geographical position. 

What are networks? 
 

Broadly defined, networks are an association of social agents that establish relations emanating a 

pattern of connectedness. This broad definition is based on the associative nature of social actors 

(Vorley et al., 2012) that has been previously criticized as being too positive to describe both the 
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functional and dysfunctional nature of networks. In other words, association is perceived to be a 

desirable consequence of human nature, a teleological singular possibility of community 

formation. This would mean that the start-up scene, the social group that falls under our analysis 

today, formed as a network of start-ups and investors due to the desirability of the start-ups to be 

united with other agents that do not have much in common. While the potential associative nature 

of those relationship might have a positive outcome (increased bargaining power, access to capital, 

as we have seen in Chapter 1), network formation could include dysfunctionalities that are related 

to purely practical variances in network that are different from the desirable outcome.  

The logic behind network formation, that tangentially resonates with the associative nature of 

social actors, is represented by increased access to resources that is perceived as a major reason 

why, for example, start-ups would associate in a network (Ahuja, 2000; Huggins, 2010). However, 

the desire to associate is transformed in a need to associate in order to keep the competitive 

advantage of the company that results from positive externalities (an empirical test of this ideas 

has been presented in Chapter 1). This particular point is what differentiated networks of individual 

social agents and networks of impersonal entities, like start-ups or corporations. The main reason 

for connecting in a network is the enhancement of the economic return (Huggins, 2010) rather than 

the need of socialization. This distinction between real agents and virtual agents is, however, 

dissolved when we think about the decision of an agent to associate as gaining prestige or status. 

It can be argued that both individuals and entities are seeking new connections in order to have 

membership in desired out-groups.  

We should add to the initial definition and suggest that network are associations of social agents 

that are driven by multiple reasons to connect within a network, and that seek to maximize the 

utility of their network position, but as well gain access to groups where membership is desired.  
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The reason why networks are not only utility maximizing devices or avenues for execution of 

business strategies is that networks are subjected to “exchanges between people, where symbols 

(concepts, values, and norms), emotions (love, respect or hostility), or goods or services (especially 

financial subsidies and gifts)” (Bögenhold, 2013, p. 294). Thus, networks become some sort of 

virtual platforms of exchange, some social marketplaces where anyone can exchange anything, 

forming micro-patterns of interactions that, when zoomed out reveal “large-scale patterns […] 

that, in turn, feed back into small groups” (Granovetter, 1973, p. 1360; Garcelon, 2010). 

 

Methods of network analysis 
 

Networks have raised to prominence in social sciences following several seminal works that 

combined computational methods with sociology and related sciences (Granovetter, 1992, 1985, 

1973; Gulati, 1998; Mizruchi et al., 1986), following early attempts to create metrics to measure 

social outcomes.  Due to the increased attention received by networks as an emanation of social 

structure, social scientists looked further to incorporate network into a new methodological 

apparatus that would be able to measure and further define the characteristics of those social 

structures.  

Social network analysis is, therefore, “an interdisciplinary methodology research area with 

contributions from Sociology, Social Psychology, Anthropology, Physics, Mathematics, 

Computer Sciences, among other, being a rich scientific field that has significantly benefited from 

the collaborative efforts of researchers from different scientific areas” (Oliveira and Gama, 2012, 

p. 99).  Thus, we expect this method to be a complex one, that has different layers of theoretical 

underpinnings. The practicality of applying this method reveals that this method is complex in 
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nature, and is prone to a formalization of the way a study in conducted. This is determined by the 

input received from Computer Science and Mathematics into this methodology. We will look at 

how complexity plays a role in social network analysis (SNA). 

First, Carpenter, Li, and Jiang (2012) analysed the implication of methodological choices made 

within SNA, with a particular application in organizational studies. They observed that the types 

of methodological choices can be clustered around 4 types of choices or cells. The first cell is 

represented by those type of research studies that examine “the effects of networks on individual 

members in organisations” (Carpenter et al., 2012, p. 1331). Another type of methodological 

choice that follows the same cause-predictor logic and is represented by studies that “examine the 

effects of networks on firms and other organizations” (Carpenter et al., 2012, p. 1331), followed 

by the consequentialist layer of studies that look at the evolution of networks and what determines 

that evolution, both at an interpersonal level, and an interorganisational level. We observe that 

there is a great deal of diversity in terms of method choice and researchers adjust their 

methodological toolbox according to the topic of research. The complexity, or namely the 

interlocked diversity within the organization studies body of research that utilizes SNA is rendered 

by the multiplicity of orientation that varies between the personal and interpersonal level to the 

organizational and interorganisational level.  

Second, the complexity is not generated only by the multiplicity of methodological layers, but also 

by the variation in network measures and the rationale behind each of those measures and how 

they translate into theory. One of the most utilized measures were also presented in Chapter 1 and 

utilized in the model constructed and it is represented by eigenvector centrality, or a measure of 

connectedness between one node (a social agent) and other nodes that are powerful (or central in 

the network). Another measure that was developed as a result of properties of networks is the 
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clustering coefficient (Oliveira and Gama, 2012) that gauges the property of transitivity. 

Transitivity is a property that argues that a node that is connected to another, that respectively has 

a connection to a third node, would be automatically connected to the third node as well, or in 

other words “friends of my friends are my friends” principle (Snijders et al., 2006, p. 100). This 

transitivity property of networks was also explored by Granovetter in many of his studies, where 

he developed the idea of the potential power that resides within weak ties that form between loosely 

connected nodes (Granovetter, 1973). This has application to real life situations, like the network 

of hiring and prospecting for a candidate for a job (Trimble and Kmec, 2011).  

 

Why do we use networks? 
 

In sociology and related social sciences networks have been used to explicate how relationships 

form and how the patterns that result from the multiplicity of relations create social structure where 

capital, under its various forms, is transferred. Perhaps the capital transfer is what brought network 

analysis to the attention of managerially-inclined scholarship. Thus, networks have been seen as 

substitutes of hierarchy and organizational design at the organizational and interpersonal level due 

to the increased dynamicity of the organizational life (Swart and Kinnie, 2014). Networks have 

also played an important role in explicating the diffusion of innovation (Wong and Boh, 2014) and 

how the relationship arrangements that emerge during social interactions create different avenues 

for innovation to diffuse, sometimes bottlenecks and gatekeepers being easily identified through 

this method.  

Networks are also used in conjunction with the broader theoretical repertoire of social capital 

(Moran, 2005; Yuan and Gay, 2006) to study the effect of initial social capital diffusion belonging 
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to investors towards companies and the impact that this diffusion has on longevity (Spiegel et al., 

2016) or growth (Prashantham and Dhanaraj, 2010), much like the model presented in Chapter 1 

that looked at connections between nodes as avenues of capital transition. Another utilization of 

networks, and perhaps one that relies heavily on the idea of structure as a way of finding potential 

maximization points (like uncovering of unconnected social agents and creating weak ties between 

nodes so that synergies emerge), is the idea of structural holes represented by a theory developed 

by Burt (1997) that states that “social capital results from information control and brokerage 

opportunities, available for individuals who hold a network bridge that spans otherwise 

disconnected groups” (Tan et al., 2015, p. 1190). This could also be expressed by imagining a node 

that has the role to bridge two or more communities by only establishing connections with one of 

the nodes in those communities. The bridge node, or the pivotal node in the network becomes a 

patch on the structural hole that has the ability to support capital transfer between communities. 

The structural hole is therefore an area of the network where there aren’t any connections but 

paradoxically it is populated by potential connections between communities.  

Ultimately, networks have been an innovative methodological tool that have insufflated a novel 

way of looking at social structure that have also brought into the methodological toolkit of the 

social scientist a way of grasping overarching structures with often simple ways to represent it. 

The way that networks are represented is often using visual representation. However, this visual 

understanding of social networks often comes with oversimplifications of what social structure is 

and with problems in the methods of collecting the data (Conway, 2014). Data can be collected 

from the social interactions during the development of those interactions and can be captured and 

stored as it happens (like for example in the case of scraping with software the content feed of 

Twitter and the patterns of interactions that emerge from it, or like it is the case of the interaction 
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between computers in a P2P network). The networks can also be created from data that is 

reconfigured from archives (like it is the case with creating historical networks of royal family 

interactions or Renaissance Florence marriages (Jackson, 2010) that require interpreting text and 

establishing relationships between nodes manually). If the networks that are under analysis are the 

result of interactions that are neither historical, thus archival data is not available, nor automatically 

digitalized, then they can be reconstructed by surveying the people that are part of that network. 

This method implies asking people to fill in a questionnaire asking who are they interacting with 

under certain circumstances.  

 

Start-ups, networks, and geography 
 

Start-ups can be conceptualized as nodes in a virtual network. The network can be also grounded 

in a certain geography, thus the network can overlap a real space, spanning different countries. 

The importance of geographies of start-ups in understanding start-up networks is that it 

complements the network information by binding it to a social context that is developed within the 

borders of a community. This is the case of the already famous example of Silicon Valley that 

concentrates a huge number of start-ups in one geographical area, with a tremendous economic 

output. As Silicon Valley, there are many example of clusters, like for example Akron, a city in 

Ohio that formed the basis of the tyres  industry due to the a set of favourable social and economic 

conditions (Buenstorf and Klepper, 2009). It seems that geography plays an important role because 

it contains certain communities helping to create fertile ground for innovation that is continually 

permeated due to a re-investment effect. Moreover, human capital abundance in a certain locality 

is also a factor that attracts investors (Glaeser and Kerr, 2009).  
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Previous studies have confirmed that proximity is a factor that can decide whether the relation 

between an investor and the firm is successful, with companies that have short geographic distance 

creating synergies between local investors and other distant geographies (Fritsch and Schilder, 

2012).  

 

Study 
 

We have seen that networks come under different forms and as an object of analysis have spread 

widely in social sciences. After the introduction we have made, we explore the idea of networks 

as an extension of the empirical study in Chapter 1 using the same dataset provided by Crunchbase. 

However, this study differs from the previous one because it is explorative in nature, seeking to 

create a network topology of the start-up scene and its global ramification. The main purpose of 

the study is, thus, to grasp the structure of the relationships that form between investors and start-

ups and to seek clusters of start-ups that polarize around the investors, therefore identifying which 

are the most powerful players in the scene.  A second aim is to combine the network analysis with 

the geographical information that is available for each of the start-ups, and look how the network 

structure overlaps the geographical position of the company.  

The main software used for the analysis is Gephi, a software extensively used in social research 

that relies on the visual component of the network as the main interpretative tool. The data base 

was transformed in an unidirectional edges list, with the nodes representing the start-ups and the 

investors. The technical capacity of the software impeded the entire list to be loaded, with the 

recommended nodes capacity being 5000. Thus, we sampled the extensive database we have in 

order to comply with the technical requirements of Gephi.  
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In the first step of the analysis we introduce a sample of 4805 start-ups and investors that included 

the top nodes in the network used in Chapter 1 sorted by the eigenvalue centrality computed as a 

bi-modal network. The reason behind was to respect the software capacity and to exclude nodes 

that are not part of the high embedded category. This posit two caveats for the interpretation. First, 

we anticipate that the new network will be one of highly connected nodes, thus the visual 

representation will be highly homogeneous. Second, by excluding low connected nodes we cannot 

make any assumptions about the network structure of loosely embedded start-ups or investors. 

However, those two caveats are compensated by other two principles. First, the principle of 

isomorphism (Villadsen, 2013; Wu and Salomon, 2016) applied to markets that states that in an 

industry low-key players are trying to emulate the success of the market leaders. By this emulation, 

we assume that any entrant on the start-up scene will seek to position itself in a high-embedded 

network, therefore imitating structure positions that are similar to dense network configuration of 

highly embedded nodes. Second, by revealing the top market configuration, we look at how the 

power is concentrated in the hands of a few key players. The repercussions of the power 

concentration signals that few investors can make decisions that affect, what is relatively, a multi-

trillion industry. Needless to mention, the controlling such a market structurally has implications 

for the entire economy. 

Network topology  

 

The first network topology rendered is that of the top most connected start-ups and investors as 

produced by the transformation of the Crunchbase database. The network contains 4805 nodes that 

have 15234 connections distributed between them. This results in an average degree of 6.34. The 

most represented countries are, as expected, the United States of America, followed by Great 

Britain, Canada, Germany, China, Israel, and France. The average path length is 1.018 indicating 
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a tightly coupled network, with most of the start-ups or investor being able to reach to the 

neighboring nodes by travelling only one path. This connectedness is reflected by the 

concentration of centrality in a smaller network of investors that sprout many edges. The top 10 

investors cumulate an out-degree of 1233, meaning that out of the totality of nodes (4805), 25 % 

of them are connected to the biggest investors in the network (cumulating for only 0.2 5). In other 

words, a quarter of a percentage of the network nodes control more than a quarter of the entire 

network. Regarding the geographic position of the top investors, nine of them are based in San 

Francisco Bay area, showing that there is a unilateral geographical concentration of investors in 

California, particularly in Silicon Valley, with one investor declaring headquarters in Boulder, 

Colorado.   

Fig. 1           Fig. 2 

 

 

 

 

 

 

Fig. 1 represents the entire networks visualization 

distributed according to the Force Atlas 2 

visualisation algorithm (Jacomy et al., 2014), with a 

gravity of 1 and scaling of 2, with the red nodes 

being the investors, and the green nodes the start-ups.  

  

 

Fig. 2 is an image of the same network, with the nodes 

coloured by countries. The purple side of the giant 

component is represented by US investors and start-

ups. Comprised within the triangle is a mixture of 

nodes from different countries, with the majority from 

Great Britain (in blue), Canada (in black), Germany 

(in orange). The node size is normalized.
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From the visual representation of the network, we observe that the USA nodes are at the core of 

the giant component, with a high homogeneity of same country nodes, punctuated by start-ups or 

investors based in Great Britain or China.  

The second network topology that we developed is represented by the most connected investor’ 

universe.  In order to create a unimodal investor network, we use the multimode statistics 

transformation plugin in Gephi to collapse the bi-modal network. The reasons behind collapsing 

the network are multiple. First, we want to apply the principle iterated above of “friends of my 

friends are my friends” (Snijders et al., 2006) . If two investors that are previously unconnected 

invest in the same start-up, those two investors would virtually be connected in this network, too. 

This situation could be explained by the weak ties that are formed between the potentially 

unconnected nodes (Granovetter, 1973). If an investor is interested in the same start-up as another 

investor is, this means that there is a potential share of ideas between those two and a common 

interest that might create future common investments. Second, the network statistics for unimodal 

networks are less prone to errors, thus offering higher reliability outputs for interpretation. Further 

to the transformation, the networks features 2805 nodes with 40.344 connections between them, 

thus rendering a high density network.  

The majority of the investors are declared as USA investors (57.29 %), with the following group 

represented by Great Britain (5.7 %), Canada (2.5 %), Germany (2.46 %), Israel (2.25 %), France 

(1.96 %) and eventually China (1.75 %). We observe that USA retains its hegemony in the high 

tech start-ups industry. The average degree increases to 28.76 from the previous network with two 

types of nodes. This means that if the hidden network of weak ties is revealed, the already highly 

embedded network that we have seen in Figure 1 becomes even more tightly coupled.  The visual 
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analysis shows that, once again, the US investors represent the majority of the network, with few 

non-US investors punctuating the start-up landscape. There are four main adjacent clusters that are 

formed. The first cluster is represented by British investors, the second one by a mix of Israeli and 

British, and a third one by German investors. The giant US network has attached a loosely coupled 

cluster of US investors.  

Fig. 3       Fig. 4 

 

 

 

 

 

 

 

 

 

Fig. 3 is the network visualization of the collapsed 

bimodal network, composed of all investors, with the 

nodes’ colour attributed nu the country of origin. The 

colour palette used is purple for the US investors, blue 

for the British investors, black for Canada, and orange 

for Germany. The network visualization algorithm is 

Force Atlas 2 (Jacomy et al., 2014), with the node size 

set according to the “in-degree” attribute, including all 

the nodes with a size between 20 and 200.  

Fig. 4 represents the same network rendered in Fig 3, 

with the attribute for sorting the nodes set for the type 

of investor. Red represents investors that use venture 

capitalism as their primary way of capital allocation, 

purple nodes being individual investors, and green 

nodes early stage venture financing investor
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Further to this, we differentiate the nodes by the type of investment. We have stated previously in 

Chapter 1 that the type of investment has an influence on the persistence of a start-up. Thus, we 

want to see if there is a clustering of different investor types according to the investment decision. 

The sample includes 46.1 % investors that use venture capital, 14.22 % are early stage investors, 

often seed investors, 13.65 % individual investors, and 10.77 % debt financing investors. Other 

small clusters include later stage financing, post IPO equity, post IPO debt financer, secondary 

market, equity crowdfunding, non-equity investment, and university investors. We observe that 

the majority of the US investors are venture capitalists punctuated by clusters of debt financing 

investors and early stage funders.  

Eventually we introduce the third network topology, a network formed by start-ups. We follow the 

same procedure as in the case of the investor network, and we collapse the bi-modal network, this 

time having start-ups on the left and right matrices. This results in a 2000 nodes network with 

107130 connections among those nodes. The average degree is 107, the highest from all the 

networks presented above. This shows that the intensity of the network is even higher that in the 

case of investors.  

                                    Fig. 5 

 

 

 

 

 

Fig. 5 is the visualization of the collapsed 

unimodal network consisting of the start-

ups in the network. The nodes in purple 

are US start-ups, green nodes are British 

start-ups, and red ones, German start-

ups.The network visualization algorithm 

is Yifan Hu with the optimal distance set 

to 100, and relative strength of 0.2. The 

node size range from 20 to 200 sorted 

according to the “in-degree”. 
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The reason why this is the case could be that investors are establishing multiple out-degree edges 

with start-ups, but the start-ups number of network would still be higher due to the relatively low 

number of investors with high embeddedness that are structured as cliques. Thus the strong 

connection between investors is multiplied by the high number of investments, particularly from 

the top investors. The modularity test identifies 264 communities within the giant component 

presented, which shows a further break down of the clustered nature of the network of start-ups. 

The descriptive statistics reveal that almost 3 quarters of the entire network is represented by USA 

based start-ups, with Great Britain following with 6.4 %, China with 2.15 %, Canada at 2.05 %, 

and Germany at 1.45 % of the entire network. In this case, the ad-hoc visual analysis shows a better 

delimitation of the clusters, with USA start-ups’ landscape being less punctuated by connections 

with start-ups from other countries.  Great Britain also forms two different clusters attached to the 

giant component, showing a structural differentiation on the British local start-up scene. 

Ultimately, Germany also shows a strong clustering of the start-up community, however, with few 

German start-ups punctuating the American landscape in terms of connections.  

 

Discussions and conclusions 
 

Even though the study in this chapter was rather exploratory, we have a few firm points to draw 

from the analysis. One of the main points is that the giant component presented represents the most 

connected start-ups and investors. In all three topologies presented, the network is formed by 

highly embedded nodes resulting in an interlocked start-up community that at first sight has few 

clusters. In other words, this could be interpreted as homophily, translating into a rather 
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homogenous market structure. Start-ups that are at the top of the most connected nodes in the 

overall network are extremely connected with both investors and competitors within the market.  

Another point that can be taken from this analysis is the relatively high concentration of market 

power in one geographical area, namely California. This is something that was expected prior to 

the analysis, as Silicon Valley has played a crucial role in fostering business in the high-tech 

industry. We could also state that the emerging start-ups scenes that are being represented in other 

geographical areas are a follow-up of the increased attention that have been given by investors to 

this market. However, the reverberations are low, structurally the investors and the non-US start-

ups still being heavily intertwined with the US investors. We acknowledged that half of the top 

investors are US based, with three quarters of the start-ups residing as well with the USA.  

The dense networks in all three topologies translate into the relative absence of almost any 

quantitative structural holes, even though a single country is dominant. In the start-up unimodal 

network, there are however two mini clusters that form around British start-ups, with no 

homogeneity in the scope of the operation, all start-ups having different declared activities. The 

increase in number of ties once the primary network is collapsed reveals once again the interlocked 

character of the start-up scene. The market structure is relatively one of tightly coupled start-ups 

and investors. This has two potential implications. First, the competitive nature of the investment 

is not part of the post-financing period of a start-up. While it is well known that investments are 

hard to attract as the competition for money is high, once the start-up becomes embedded into the 

investors’ network, it is shielded from structural factors that can jeopardize its operating status. If 

compared real life situation, start-ups being financed by top investors gain membership of an 

exclusive club of support and capital. 
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 The start-up scene network topology allowed to see a macro picture of the relationships that are 

formed between firms. While this network is limited to the data provided by Crunchbase and to 

the sampling methods that were described above, it confirmed that geographical position could be 

a factor in investment decision, while start-ups that want to position themselves in the highly 

embedded part of the network moving its headquarters to US.  However, geography doesn’t 

impede investment to run across the countries. This could be the case because start-ups will seek 

to connect with US investors, as they are the major players in the start-up scene, thus creating those 

tightly-knit communities that transcend geographical boundaries, and also because capital can flow 

relatively freely between countries, thus US investor competing to connect with start-ups that are 

promising.  

In this chapter we looked at the start-ups networks per se and we discovered that the biggest start-

ups and investors in terms of connections are operating in a highly interlinked environment, with 

few key players being at the centre of the network. While this study was exploratory in nature, it 

was limited to a few ideas related to the geographic concentration of start-ups and the relatively 

concentrated power in the hands of few key players. Thus, we suggest that future research could 

make use of the findings to look at the success cases and why some investors are able to capture 

such a large extent of the market. Conversely, future research should look at why some start-ups 

are able to attract investors and place themselves in highly embedded positions. 
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