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Chapter 4 

entrepreneurs’ Online Social Networks: 
Networks of Networks1

abstract

In view of the importance of networks for entrepreneurs, the study presented in this chapter 

is intended to fill a gap in the literature pertaining to the structure and entrepreneurial use 

of online social networks such as LinkedIn, Facebook and Twitter. We have suggested in 

the previous chapters that entrepreneurs use multiple online social networks as NoNs. In 

this chapter, we focus on the distribution of entrepreneurs’ online social networks. Using 

the theory of weak ties, we explore the community overlaps among different online social 

networks by removing the edges with the highest betweenness values. In addition, we merge 

the data from the three online social networks to study the structure of the entrepreneurs’ 

NoN. Finally, we also present a visualization of the entrepreneurs’ online social networks as 

an NoN. Our analysis suggests that the entrepreneurs’ NoN follows an exponential degree 

distribution, which implies that weak ties between individual networks play an important 

role in forming entrepreneurs’ NoNs. Furthermore, we find overlaps between entrepreneurs’ 

neighbours across the NoN, which suggests that entrepreneurs develop and use NoNs to 

support the entrepreneurial process.

1 A revised version of this chapter was submitted to Journal of Business Research on October 16,2012.
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4.1 Introduction 

Online social networks provide us with a powerful means of sharing, organizing and 

connecting with contacts. The benefits of online social networking sites have already been 

evaluated by various researchers (Ellison et al., 2007; Garton et al., 1997). It has been 

shown that successful entrepreneurs have more online connections and, in particular, more 

connections with peers from their alumni networks than less successful entrepreneurs (Nann 

et al., 2010). 

The ubiquitous usage of the internet via computers and smart phones has increased human 

communication and interaction, and the emergence of online social sites such as LinkedIn, 

Facebook and Twitter offer an opportunity to study and further understand the structure 

of social networks. However, previous research has mainly focused on individual networks 

using a single online social networking site rather than the integration of multiple networks 

and sites. Different online social networking sites provide both profile and network data for 

different purposes. Moreover, immediately after joining one of the online social networking 

sites entrepreneurs tend to expand their network. By combining the network data available 

through different online social networks it is possible to study the entrepreneurs’ NoNs 

(Craven & Wellman, 1973; De Jesús Cruz Guzmán & Oziewicz, 2004; Garton et al., 1997) 

and discern the potential of these networks. 

Each online networking site provides us with network information, including an entrepreneur’s 

profile information and connection information. As online social networking sites are free 

and open to all, it is more likely that any node of any online social networking site will be 

the same as a node on a different online social networking site. We can extract different 

network groups from online social networking sites. Consequently, an entrepreneur’s online 

social network is in fact made up of all the network groups from different online social 

networking sites, which can be integrated into one large network, as mentioned in Chapter 

2. We refer to the amalgamation of these networks as a ‘Network of Networks’ (NoN) (Craven 

& Wellman, 1973; De Jesús Cruz Guzmán & Oziewicz, 2004; Garton et al., 1997). 

In this chapter, we investigate online social network data from the perspective of an NoN. 

The data was collected using the methodology introduced in Chapter 2. As we mentioned 

earlier in this dissertation, our data uses the online social network Application Programming 

Interface (API) to automatically extract the entrepreneurs’ profile and network information. By 

analysing the NoN data, we aim to model and study the emergence, patterns, structures and 

dynamics of the entrepreneurial use of NoNs. We developed the following research questions:
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•	 What structures and patterns of entrepreneurs’ online social networks can 

be discerned?

•	 Do all of the entrepreneurs’ online social networks share the same structure?

•	 What structure does our entrepreneurs’ NoN have?

We will first present the theoretical background to the research in Section 2. In Section 3, 

we describe the characteristics of the data we will use in this chapter. In Section 4, we will 

analyse the pattern of the network and map the entrepreneurs’ NoN. Our research allows us to 

identify the main variables and important relationships between the NoN and entrepreneurial 

performance. We conclude with a discussion of the limitations of this research and examine 

future research directions. 

4.2 theoretical framework 

4.2.1 Network structures

Previous studies of network structures have identified random networks (Erdös & Rényi, 

1960) and scale-free networks (Barabási, Albert & Jeong, 2000) as the dominant network 

structures. In random networks, every node has the same probability of being connected to 

other nodes in the network. Random graphs were first presented by Erdös and Rényi (1960). 

In their model, a probability space of graphs is denoted G(n, M), where n is the number 

of nodes in the graph and M is the number of edges in the graph. The model describes a 

probability distribution over all possible graphs with n nodes and M connections. Erdös & 

Rényi (1960) suggested that networks in communication studies and the life sciences could 

be effectively modelled by connecting their nodes with randomly placed links, and concluded 

that most nodes will have approximately the same number of links. 

In a random network, the degree distribution in G follows a Poisson distribution (Erdös & 

Rényi, 1960). Nodes with a degree that deviates from what is expected are exceedingly rare. 

Thus, nodes with a very low degree, which are only connected to a few other nodes, only 

occur infrequently. Nodes with many more connections than the average are a veritable 

anomaly. Figure 5 shows the complementary cumulative distribution function (CCDF) of a 

random network on linear, semi-logarithmic and double-logarithmic scales.
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The other dominant network structure is the scale-free network, as developed by Barabási et 

al. (2000). In a scale-free network, the following relationship should (by approximation) hold:

     ,

where P(k) is the rank of k. The relationship between P(k) and k appears as a straight line on 

a double-logarithmic plot. In scale-free networks, the degree distribution follows a power-

law form (Barabási, 2002). In other words, a few nodes have the most connections and act 

as hubs within the network. These hubs connect a large number of people and therefore 

have an important position within the network. The characteristics of scale-free networks 

mean that they are robust when a random actor is removed from the network. However, as 

shown by the example of the internet router network, the removal of just a few key hubs 

from a scale-free network splinters the system into tiny groups of hopelessly isolated routers 

(Barabási et al., 2000; Barabási & Bonabeau, 2003). Figure 6 shows the degree-rank plot 

for a synthetic scale-free network generated by the Barabási-Albert method on linear, semi-

logarithmic and double-logarithmic scales.

A less common network structure is the exponential network. Exponential networks have been 

identified in physical infrastructure networks, such as the North American Power Grid network 

(Albert, Albert, & Nakarado, 2004) and the email network (Guimerà, Danon, Díaz-Guilera, 

Giralt, & Arenas, 2003). An exponential network is described by the following function:

 

In networks exhibiting an exponential degree distribution, each node that is added to 

the network means the addition of the node’s network and not only the particular node. 

Figure 5 CCDF of a random network on different scales.

γ−kkP ~)(
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Furthermore, it follows a random non-preferential attachment process (Dorogovtsev & 

Mendes, 2005). A preferential attachment connection mechanism plays a central role in 

generating a scale-free network: new nodes prefer to attach to nodes with high degrees of 

edges. In contrast, an exponential network is generated through a non-preferential attachment 

process: each existing node has an equal probability of connecting to the newly created node. 

The mechanism of creating an exponential network is as follows: create an initial network, 

then at each step, attach a new node with m random connections until the desired network 

size is reached. Thus, the main difference between generating a scale-free network and an 

exponential network lies in the selection of new connections to which new nodes are added.

4.2.2 Multiple networks

As mentioned in Chapter 2, the concept of an NoN can be used to study entrepreneurs’ 

online social networks. As a research approach to the study of social networks, the concept 

of an NoN implies that ties between individuals and ties between network clusters need to 

be included in the analysis of social networks (Craven & Wellman, 1973; Garton et al., 1997). 

In an entrepreneurs’ NoN, we suppose the nodes are entrepreneurs. 

In this study, we draw upon previous work on NoNs and extend it to cover entrepreneurial 

networks. We propose that a network of entrepreneurs is in fact an NoN. In such networks, 

each node hosts and participates in one or more networks that are hosted by other nodes. 

We propose that none of these networks are independent, and that the NoN constitutes the 

Figure 6 CCDF of a scale-free network on different scales.2

2 Data adapted from Barabási et al. (2000).



74

Networks of NetworksChapter 4

entrepreneurs’ network rather than the individual network. We believe that analysing the 

structure of NoNs can make a relevant contribution to research into human behaviour, and 

especially entrepreneurial behaviour and the study of entrepreneurs’ NoNs. 

4.2.3 the role of weak ties

To discern the communities making up entrepreneurs’ online social networks, we will use 

graph partitioning to determine the online network structures, and apply the theory of strong 

and weak ties. However, rather than using node betweenness centrality, which is a measure 

of a node’s influence over the spread of information through a network (Linton, 1977; 

Newman, 2005), we use a more recent network measurement called ‘edge betweenness’, 

which was suggested by Girvan and Newman (2002). Edge betweenness is a measure of a 

particular edge’s importance in keeping a network connected, these edges are most ‘between’ 

communities (Girvan & Newman, 2002). We can intuitively understand the concept if we 

think of a network as a form of flow, such as traffic flow. If each node were a town and the 

edges roads, and there was traffic between all of the towns, then edge betweenness would 

be the amount of traffic on each ‘road’.

Edge betweenness can be used to calculate the strength of a tie in a network, which reflects 

the connections between nodes in a network in terms of ‘the amount of time, the emotional 

intensity, the intimacy (mutual confiding), and the reciprocal services which characterize the 

tie’ (Granovetter, 1973). While in typical graph theory, the existence of an edge is binary, 

Granovetter (1973) also identifies two types: strong and weak ties. 

In a network graph, a tie with a person from another community is called a ‘local bridge’. A 

local bridge is by definition a weak tie, as it is hard for two people from different communities 

to devote the necessary resources to strengthening their relationship. However, bridges to 

other communities prove to be a very valuable information source. While weak ties provide 

access to a large and diverse pool of information and resources, strong ties are built on 

the basis of trust. The more intimate relationship between people connected by strong ties 

makes them more likely to help each other. Krackhardt (1992) has shown that strong ties are 

especially valuable in turbulent environments, where change and uncertainty reign. Nodes 

in the same group or community in a network are tightly connected through strong ties. 

The members of such a group have many mutual connections, and we call such a group a 

community. Different communities are connected to each other through weak ties. 

Researchers have shown that strong and weak ties have different advantages in different 

contexts (M. T. Hansen, 1999; Krackhardt, 1992; Podolny & Baron, 1997). According to Burt 
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(1992), an entrepreneur’s social contacts are often informal and non-work related. These 

informal contacts, such as family and close friends, can be seen as ‘strong assets’, and are 

mainly used for assistance, requests for confidential information and obtaining resources 

(Krackhardt, 1992). Family support can be a crucial resource in the context of entrepreneurship 

and small-business formation (Brüderl & Preisendörfer, 1998; Barry Wellman & Wortley, 1990). 

Strong ties are described as enhancing firm performance directly through the building of trust, 

information transfer and joint problem-solving arrangements (Uzzi, 1997). Entrepreneurs 

use their other contacts – the ‘weak ties’, in other words – to obtain information that they 

cannot obtain from ‘strong assets’ (M. Granovetter, 1985; M. S. Granovetter, 1973).

In a network, the shortest paths between nodes run through the weak ties among communities. 

For example, if two communities are only connected through one weak tie, all of the shortest 

paths between members of the first group and members of the second group must include 

this edge. Therefore, edges with highest betweenness values are the weak ties of a network 

and the bridge between two communities. In order to discover the structure of the network 

and the communities in the network, the edges with the highest betweenness values can be 

removed until no edges are left (Freeman, 1977; Girvan & Newman, 2002). The components 

remaining are the different communities of the network.

4.3 Data

In this section, we will discuss the data we collected. We will then undertake a simple data 

matching process before dealing with missing data.

4.3.1 Data description

The data was collected through the method mentioned in Chapter 2. As shown in Chapter 

2, Table 5, 345 respondents in total, including both entrepreneurs and non-entrepreneurs, 

participated in our survey. We filtered out the non-entrepreneurs, leaving 286 participants 

for our analysis. The online social networks analysed in our study consisted of LinkedIn, 

Facebook and Twitter, with 95,076, 59,365 and 114,907 links respectively. The links among 

users on LinkedIn and Facebook are undirected; in other words, the connections among 

entrepreneurs on these two networks are mutual. However, the connections on Twitter are 

different: the user information is accessible to everyone by default and the connections 

among users are directed. 
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Of the 286 entrepreneurs, 261 participants shared their LinkedIn data with us. We collected 

both the entrepreneurs’ LinkedIn profile data and that of their connections, while 188 

participants shared their Facebook data with us. In addition, we stored each entrepreneur’s 

profile data and friend profile data from Facebook. Only 174 participants shared their 

Twitter network data with us. The Twitter connections are directed, with, on average, each 

entrepreneur following 396 others and being followed by 628. The data we extracted for 

our dataset was summarized in Table 5 (Chapter 2).

4.3.2 Data matching

As we knew which LinkedIn, Facebook and Twitter accounts corresponded to each of the 

entrepreneurs before beginning the profile matching process, shown in Figure 7 below, 

we were already aware that the entrepreneurs were using multiple online social networks. 

Entrepreneurs tend to gather information and resources from all of their online social 

networks. However, whereas non-entrepreneurs tend to use each network separately, 

entrepreneurs use their online social networks as an NoN, as shown in Figures 7 and 8. The 

vast majority of entrepreneurs (73%) have an account on two of the three networks, while 

almost half (45%) have an account on all three. Only one entrepreneur did not fill in any 

social network account information in the survey.

However, for most of the profiles in our database, the match between individuals and their 

social network profiles was not explicit. There was no information in the social media profiles 

that allowed us to uniquely identify an individual. Matching profiles across different social 

media to find which belonged to the same natural person was a challenging task. To do this, 

we drew on research that is being done in the area of duplicate record detection (Elmagarmid, 

Figure 7 Venn diagram of entrepreneurs’ profi les before merging process.
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Ipeirotis, & Verykios, 2007; Winkler, 2007). As we will see below, this further supported our 

hypothesis that online social networks are used as an NoN by entrepreneurs, compared to 

the isolated use of individual networks by non-entrepreneurs.

In order to identify whether two nodes are the same person in different online social networks, 

we first compared the full names for each profile. If two names were identical, we utilized 

the graph of relationships between them and compared the profiles for the same names. 

Assuming that social networks overlap significantly for each entrepreneur, their connections 

on LinkedIn and Facebook should overlap significantly. Thus, to check if two profiles with 

the same names belonged to the same person, we could check the overlap in the networks 

for the two profiles.

Assume we found three profiles with the same name, Yang. We marked them as Yang 

_1, Yang_2 and Yang_3 to distinguish them. As shown in Figure 9, assume Yang_1 is a 

Figure 9 Matching names across online social networks.

Figure 8 Venn diagram of non-entrepreneurs’ profi les before merging process.
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Facebook profile, and that Yang_2 and Yang_3 are LinkedIn profiles. Nodes A, B and C are 

the connections of Yang_1.

Yang_1 and Yang_2 have two shared connections in common, while Yang_1 and Yang_3 

only share one connection. We identified Yang_1 and Yang_2 as the same person, since they 

have the same name and share connections from different online social networks. However, 

Yang_2 and Yang_3 cannot be the same person, since they are both from LinkedIn. We 

assumed that a person would only have one account on a social networking site. Because 

the Yang_1 and Yang_2 profiles have the most connections in common, they most probably 

belong to the same person, and we matched the profiles and integrated the network into 

the picture in Figure 10.

Figure 10 Result after merging names.

Before the merging procedure, the database contained 294,144 social network profiles, that 

is, 294,144 nodes in total. There were 623 nodes from different social networks belonging 

to entrepreneurs. We performed the cross-matching process described above, examining the 

network nodes in the whole dataset before conducting the profile matching for our dataset.

After the merging process, as shown in Figure 11 and Figure 12, we found that there was 

only a slight change in entrepreneurs’ networks; the number of entrepreneurs using multiple 

online social networks remained at the same level. By contrast, after the merging process 

for non-entrepreneurs we found that they were using more multiple online social networks, 

but in fact appeared less connected with each other.

As Table 10 shows, there were 261 entrepreneurs on LinkedIn, 188 entrepreneurs on Facebook 

and 174 entrepreneurs on Twitter respectively. One hundred and seventy-six entrepreneurs 

had both LinkedIn and Facebook accounts, and 129 entrepreneurs were on all three online 

social networks. Before the matching process, different social media profiles belonging to 
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one person were counted as distinct people. After the matching process, profiles belonging 

to the same person were marked as such.

There are 119,625 LinkedIn profiles, 59,145 Facebook profiles and 114,725 Twitter profiles 

in the full dataset. All of these profiles have first-degree links with at least one entrepreneur. 

After matching, 14,605 LinkedIn and Facebook profiles were known to belong to the same 

person, as well as 5,564 LinkedIn and Twitter profiles, and 3,320 Facebook and Twitter 

profiles. Across all three networks, 2,438 accounts were matched. 

Figure 11 Venn diagram of entrepreneurs’ profi les after merging process.

Figure 12 Venn diagram of non-entrepreneurs’ profi les after merging process.



80

Networks of NetworksChapter 4

4.3.3 Missing data

In the survey, nine entrepreneurs indicated that they did not use Facebook and thus did not 

share Facebook network data with us. However, during the matching process, we found their 

Facebook profiles from their connections with other entrepreneurs who participated in our 

survey. We linked their profile information with their survey data. We also found five extra 

Twitter profiles in the same way. One explanation for this might be that as the survey was 

conducted over nine months, some entrepreneurs who were not on Facebook when they 

filled out the survey created an account later. The adoption of LinkedIn in our target group is 

over 90%, while the adoption rates for Facebook and Twitter are 65% and 60%, respectively. 

Additional LinkedIn profiles were not found because almost all of the entrepreneurs already 

had LinkedIn profiles when we began the survey.

We found 30 extra Twitter profiles belonging to entrepreneurs who had participated in our 

survey in addition to the profiles they had used for our survey. This is because they had two 

Twitter accounts, one for personal use, and the other for their company. While the survey 

asked entrepreneurs to share one set of Twitter network information with us, their network 

data also included information relating to their other Twitter account. This may indicate 

that entrepreneurs tend to separate their personal networks from their business networks. 

table 10 Merging process

Entrepreneurs Non-entrepreneurs

Before After Before After

LinkedIn 261 261 119,364 119,364

Facebook 188 197 58,957 58,948

Twitter 174 179 114,551 114,546

LinkedIn and Facebook 176 185 39 14,605

LinkedIn and Twitter 158 163 20 5,564

Facebook and Twitter 133 138 17 3,324

LinkedIn, Facebook and Twitter 129 142 17 2,434
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4.4 Data analysis

In this section, we present the results of the entrepreneurs’ online social network degree 

distribution for each respective network. Following this, we discuss the structure of the NoN 

that we identified in our research. 

4.4.1 LinkedIn degree distribution

Figure 13 shows the degree-rank linear, double-logarithmic and semi-logarithmic plot for the 

LinkedIn network. Contrary to expectations, the distribution of the number of connections 

in the LinkedIn network is not scale free. The best (least-squared error) scaling function is 

plotted as a red line. As shown in the semi-logarithmic plot of the same data, with the best 

least squares exponential function describing the data again plotted in red. Except for a 

few outliers (one person with more than 3,000 friends), the exponential function fits the 

data rather well.

4.4.2 Facebook degree distribution

Figure 14 shows degree-rank plots for Facebook on log-log and logarithmic scales, respectively. 

The results are very similar to those for the LinkedIn network. The Facebook network degree 

distribution does not follow a power-law distribution. Similarly, Ugander et al. (2011) also 

found that the Facebook network is not scale free.

Figure 13 CCDF of LinkedIn degree rank network.
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4.4.3 twitter degree distribution 

Since the edges in the Twitter network are directed, the network has a different in-degree and 

out-degree. For this reason, we examined the in-degree and out-degree network distribution 

separately. In Figures 15 and 16, the degree-rank plots of the in- and out-degree are plotted 

on double-logarithmic and logarithmic scales, respectively. As shown in the figures, the 

exponential function fits better than the scaling function in both cases.

As discussed above, we have seen that the degree distribution of the nodes in the social 

network does not follow a scale-free distribution. Our results suggest that LinkedIn, Facebook 

and Twitter network distributions do not follow power-law distribution, meaning that they 

are not scale-free networks. Instead, our results indicate that an exponential distribution 

fits online social networks better than a power-law distribution. 

Figure 14 CCDF of Facebook degree rank on different scales.

Figure 15 CCDF of Facebook degree rank on different scales.
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4.4.4 the NoN

Entrepreneurs use social networks for both business and personal purposes. Table 11 shows 

the number of entrepreneurs who indicated in the survey that they used a particular network 

for personal and/or business purposes.

As shown in Table 11, entrepreneurs use LinkedIn and Twitter for both business and personal 

purposes, while entrepreneurs mainly use Facebook for personal purposes. We have seen 

that many entrepreneurs use more than one social network, and almost half have accounts 

on all three networks. The table above shows that many also use these networks for the 

same purposes: LinkedIn and Twitter for business, and Facebook and Twitter for personal 

purposes. Thus, we would expect to see a large overlap of connections between LinkedIn 

and Twitter, and between Facebook and Twitter. Because LinkedIn and Facebook are used 

for such different purposes, we would expect to find fewer common connections over these 

two networks.

Figure 17 shows the NoNs of the three different networks within the entrepreneur community. 

The overlap between the networks is calculated by dividing the number of connections in 

Figure 16 CCDF of Twitter out-degree rank on different scales.

table 11 Purposes of social networks per entrepreneur

Network Business Personal Both Neither

LinkedIn 231 80 74 49

Facebok 90 169 77 104

Twitter 164 104 97 115
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both networks by the number of connections in either network. The set of edges A is taken 

to be the connections in one network, and B is taken to be the set of edges in the other.

The overlap of connections between entrepreneurs on LinkedIn and Twitter is 21%; on 

Facebook and Twitter, 19%; and on Facebook and LinkedIn, 29%. Over the whole dataset, 

not limited to connections between the entrepreneurs alone, the overlap is 2.5% on LinkedIn 

and Twitter, 2% on Facebook and Twitter, and 8.4% on Facebook and LinkedIn. This is 

because many profiles matched for LinkedIn and Facebook names, while fewer matched 

for LinkedIn and Twitter or for Facebook and Twitter names. Another reason is that both 

LinkedIn and Facebook are used to make strong links, meaning that there are strong ties on 

both networks. Moreover, the people that entrepreneurs follow on Twitter are always their 

strong ties. Figure 17 shows us that certain entrepreneurs are connected with each other, 

while others remain isolated from other entrepreneurs in the networks in our dataset. The 

latter are connected through non-entrepreneurs, rather than entrepreneurs. The exponential 

degree distribution and the visualization suggest a random exponential graph topology for 

entrepreneurs’ online social networks. 

4.5 the communities in the NoNs 

Previous studies have found that individuals benefit from having social ties that form a 

bridge between communities (Nathan Eagle et al., 2010). We assumed that entrepreneurs’ 

online social networks share similar structures, and thus that they are part of the same 

communities on different online social networks. In order to detect the different communities 

in the different networks, we adopted Girvan and Newman’s (2002) method: the edge with 

Figure 17 The overlaps of NoNs.

LinkedIn and twitter Facebook and twitter LinkedIn and Facebook

F(Α,Β) = |Α∩Β|
|Α∪Β|
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the highest betweenness centrality was removed for graph partitioning purposes. Examining 

the overlapping connections within the NoN, this process quickly disconnected the well-

connected communities in the graph. We calculated the edge betweenness for all ties after 

we had removed the ties with the highest betweenness values. 

We adopted the following algorithm to test the overlapping nodes among networks: first, 

we set the betweenness of each tie to 0; second, we found k shortest paths between ties for 

each pair of nodes in the network; third, we took the value of ‘1/k’ to be the betweenness 

value for each tie on the shortest path. The basic Girvan and Newman (2002) method works 

according to the following: while there are edges in the graph, compute the betweenness 

of all edges and remove the edges with highest betweenness values. 

This method starts out with the graph and then iteratively removes edges. The process 

splits up existing communities into smaller sub-communities until there are no edges in 

the graph. The end state of the graph is not particularly interesting, as it is always a graph 

without edges. However, the process can be stopped, for example, when a certain criterion is 

reached. The ties that were removed during our process were always the weakest ties. Well-

connected cliques stayed connected the longest, while bridges between different groups of 

people were eliminated.

As we can see from Figure 18, the graph describes the process of removal of the edges with 

highest betweenness from the Twitter NoN. The edges that survive in the graph have a 

Figure 18 Twitter connections overlapping with LinkedIn.
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higher chance of being in both LinkedIn and Twitter networks. Our removal process showed 

that 33% of the edges in the Twitter graph corresponded with edges in the LinkedIn graph. 

Removing Twitter edges using the betweenness centrality method raises the percentage of 

overlap with the LinkedIn network over the remaining edges.

Similarly, we used the same methodology between Twitter and Facebook. As shown in Figure 

19, the graph shows the process of removal of the edges with highest betweenness from 

Twitter. The edges that survive in the graph have a higher chance of being in both Facebook 

and Twitter networks. Our results showed that 23% of the edges on Twitter overlapped with 

Facebook edges. Iterative removal of edges with the highest betweenness centrality raises 

the percentage of Twitter edges that overlap with Facebook.

This study focused on the use and structure of entrepreneurs’ online social networks. Our 

findings suggest that entrepreneurs’ networks are in fact networks of networks (NoNs), rather 

than single networks. Entrepreneurs use all three online social networks – LinkedIn, Facebook 

and Twitter. Entrepreneurs’ networks overlap at a range of between 19% (Twitter-Facebook), 

21% (LinkedIn-Twitter) and 29% (Facebook-LinkedIn). The overlapping parts link groups of 

entrepreneurs’ online social networks together and establish an NoN for entrepreneurs. By 

contrast, non-entrepreneurs use these networks separately, with limited overlapping among 

the three networks, at 2%, 2% and 8.4% respectively.

Figure 19 Twitter connections overlapping with Facebook.
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The entrepreneurs’ NoN follows an exponential degree distribution, showing it to be a form 

of random network. This finding suggests a high connectedness between entrepreneurs’ 

online networks and the existence of weak ties in the entrepreneurs’ NoN. Seminal work by 

Granovetter has demonstrated the importance of weak ties for providing access to a large 

and diverse pool of resources across networks and communities (M. S. Granovetter, 1973). 

The role played by weak ties in the entrepreneurs’ NoN is twofold: on the one hand, they 

serve as links between the different networks and facilitate the flow of information within 

and between the networks; on the other, the algorithm for the removal of weak ties helps 

us to uncover the network communities within the entrepreneurs’ NoN. By comparing 

whether entrepreneurs share similar communities among networks, we were able to test 

whether entrepreneurs’ online social networks overlapped with each other. In other words, 

we confirmed that entrepreneurs are actually using a NoN to support their businesses. Even 

if they appear to be multiple networks, all the networks are in fact part of the NoN.

Figure 20 visualizes the entrepreneurs’ NoN formed by the three online social networks of 

LinkedIn, Facebook and Twitter using Gephi (Bastian et al., 2009). As shown in the graph, 

the entrepreneurs are using multiple networks. We highlighted the nodes that belong to a 

giant component with colours. The isolated nodes or the leaves of the networks are ignored.

Figure 20 Entrepreneurs’ NoN.
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4.6 Discussions and conclusions

Drawing on the literature on networks, this study explored the use and structure of 

entrepreneurs’ online social networks (LinkedIn, Facebook and Twitter). We suggested that 

the networks used by entrepreneurs formed an NoN, rather than being individual networks. 

This entrepreneurial NoN formed as a random network with exponential degree distribution, 

and feature a high degree of overlap between the individual networks. 

In order to explore the structure of an NoN, we used a method to identify which profiles 

belonged to the same person across different online social networks based on overlapping 

neighbourhoods. This method was employed on a dataset consisting of LinkedIn, Facebook 

and Twitter profiles. Our manual check of the profile data showed that many entrepreneurs 

use the same profile image across different networks. While the images differ in terms of 

size, quality and (in the case of LinkedIn) watermarking, they are generated from the same 

base image. Relatively simple image comparison software should be able to find identical 

images. Image-based comparison might be a more reliable method of identifying the same 

entrepreneur across different networks than our overlapping neighbourhoods method.

Another improvement might be to allow variation in the spelling of names. For example, 

Jonathan Doe may use his full name on LinkedIn, while being known as ‘John Doe’ on 

Twitter. Many Chinese and other non-Western names are written with the family name first, 

but reversed for use in international contexts. These names might occur in different orders 

on different social networks. We found a significant overlap for entrepreneurs between the 

LinkedIn, Facebook and Twitter networks, and we were able to identify people across the 

three networks. We found that entrepreneurs tend to use multiple Twitter accounts, usually 

one with a personal title and one that represents their company. Many personal Twitter 

accounts refer to these company accounts in their ‘description’ attribute. Future research could 

explore patterns in entrepreneurs’ corporate and personal Twitter accounts. In addition, we 

also found that entrepreneurs are more connected than non-entrepreneurs from our dataset. 

Online social networks can provide us with large amounts of data that shed light on 

entrepreneurs’ behaviour in real-life situations. The data extracted from online social networks 

can thus help us study and predict interactions among individuals who constitute a particular 

group, such as entrepreneurs. Due to the multiple communication purposes and functions that 

can be fulfilled by computers and mobile phones, we find that entrepreneurs keep in touch 

with their contacts through different online networking sites, such as LinkedIn, Facebook 

and Twitter. People tend to connect to other people at random across different networks; 

for example, when they receive an invitation from another person. 
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Our method shows how entrepreneurs’ online social networks can be studied by extracting 

profile and network information, and by identifying the same entrepreneurs across multiple 

networks. Using this method makes it possible to build a large dataset of entrepreneurs’ 

online networks in order to study the network structure, dynamics and its impact on the 

entrepreneurial process. 

Although we found that the entrepreneurs’ online social network followed an exponential 

degree distribution, more empirical research is needed to test this structure. Furthermore, 

future studies should look at how this particular network structure can be used to acquire 

information and resources.

Our research contributes to the fields of entrepreneurship and social network analysis in 

the following ways. First, we can infer how entrepreneurs use their networks by focusing 

on NoN data. Second, by removing edges with highest betweenness, we are able to identify 

the communities of networks, which are normally connected through weak ties. Third, 

understanding the emergence of entrepreneurial networks can help us to understand how 

new ventures, industries and, in fact, economies are interlinked. However, a deeper level 

of analysis is needed to uncover the structure and dynamics of entrepreneurship networks 

through NoN data. We believe NoN can lead to new ways of designing entrepreneurial business 

strategies and new ways of propagating new ventures, products, services and technologies. 

Finally, the study also offers a novel method for the quantitative study of entrepreneurs’ 

networks, creating a large-scale dataset relating to entrepreneurs’ online networks. 

According to Jack (2010), more innovative data collection methods and analysis may be a 

way forward in the study of networks in entrepreneurship. Most studies use self-reporting 

data collection methods, such as interviews, questionnaires and case studies. Our method 

supports the collection of actual network data and the development of a large-scale dataset 

on entrepreneurs’ networks from their online networks, enabling quantitative analysis and 

visualization.

While this chapter discussed the structure of the entrepreneurs’ NoN, to further understand 

whether such networks can affect the entrepreneurial process, the next chapter will move 

beyond the mere data study to a simulation process.


