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Abstract 

 

Twitter is becoming a much more common platform for all age groups and backgrounds. It 

provides an avenue to connect millions of people from diverse experiences and interests. The 

following thesis explores this connectivity between businesspeople across the world. It studies 

the relationships between 345 “C” level executives with a Twitter presence. This paper also 

researches the factors that form communities as well as what profile characteristics makes an 

account more popular. Metrics of measurement for social networks are defined and applied to 

this selected network. Qualitative profile information as well as lists of each of the accounts the 

345 users are following are analyzed via visualization and exploration software to gain a better 

understanding of these popular profiles. Ultimately, this thesis seeks to determine if similar 

interests, popularity and reputation, and verified profiles influence the popularity of an account in 

a network.   
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Introduction 

 

Twitter is becoming an extremely popular medium for self-expression among all age groups. 

While Twitter is mainly known for social experience, it has added benefits for many 

organizations including startups and Fortune 500 companies. This thesis explores the 

communities and connections between 345 high level executives that have Twitter accounts. As 

a future Management Information Systems (MIS) professional, it is important to investigate how 

business executives utilize social media and how it affects them on both a personal and 

professional level. Twitter usage also has a huge impact on organizations and career 

advancement. A 2014 survey from CareerBuilder found that 51% of employers that use social 

media to research their job candidates chose not to hire the candidate based on the content of 

their social media accounts (CareerBuilder 1). This attention to content, however, is important 

for employers as well. Robert Klara’s 2015 article in AdWeek discusses seven times that CEOs 

made demeaning and “customer-alienating” remarks on their public Twitter accounts (Klara 1). 

There are clearly some disadvantages of using social media, but, if used correctly, social media 

can have enormous benefits.  

 

One of these benefits is popularity on Twitter and, therefore, popularity for your organization or 

foundation. This is the significance of the following thesis. What makes a Twitter account 

popular? How do big name CEOs and no-name startup employees interact on Twitter? It is 

important to understand these connections because the business world is becoming a more 

virtual experience every day and understanding what successful businesspeople, such as Bill 

Gates and Elon Musk, are doing to stay competitive and up-to-date on current technologies can 

make or break a startup or a job candidacy. Additionally, belonging to a certain community 

within a social network assists in quick communication that can cross geographical boundaries 

and language barriers. This thesis seeks to analyze the interactions and connections of the 

business executives selected for the network.  

 

To begin the analysis, hypotheses were determined. They are as follows: 

1. Communities will consist of people with similar interests and backgrounds.  

2. Users that are better known (i.e. a household name, easily recognizable) will be more 

prominent in the network. 

3. Users with verified Twitter accounts will be more prominent in the network. 
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After forming the hypotheses, the list of accounts to be studied was collected and finalized. This 

list consists of Chief Executive Officers, Chief Operating Officers, Angel Investors, Venture 

Capitalists, and other “C” level executives in the technology arena. Once finalized, it totaled 345 

accounts to be analyzed. Qualitative data was also gathered and included profile information 

such as Bio, location, and URL, if applicable (Table 1). Number of followers and number of 

tweets at the time of collection were also recorded.1 Most important to the analysis, the 

accounts each of the 345 users were following were collected via ScoutZen, an online Twitter 

data export service. These were then cross-referenced with the original list of 345 to create the 

network and communities. This data was entered into Gephi, a visualization and exploration 

software. Gephi determined this network had three distinct communities with a network-wide 

average clustering coefficient of 0.345 and a degree distribution of 27.562 (Figure 1, Table 2).  

 

After analyzing the network as a whole, the communities were explored individually for 

similarities. In doing so, Hypothesis 1 was confirmed. It was discovered that Modularity Class 2, 

denoted “CEOs”, is the largest community and consists primarily of CEOs and Presidents of 

well-known organizations (Table 3). The second largest is Modularity Class 0, named “Techs”, 

and is a community of technology-based companies such as Tesla, YouTube, Twitter, Apple, 

etc. (Table 4). Lastly, the smallest of the communities is Modularity Class 1. It contains 87 users 

and consists of venture capitalists and angel investors and is therefore referenced as the “VC” 

community (Table 5). Furthermore, the data was manipulated to rank the nodes by “in-degree,” 

which is the number of users in a network that are following the account. The top three accounts 

in the network are Bill Gates, Marc Andreessen, and Elon Musk, respectively. Also near the top 

of this list were Eric Schmidt and Tim Cook. Because these are all very recognizable names, the 

second hypothesis that well-known users will have a higher following than lesser known 

accounts was confirmed. Lastly, the data was studied to determine a conclusion for the third 

hypothesis. When ranked as a network, the top 30 most popular nodes were all verified 

accounts, but when separated by community, it is not conclusive whether a verified profile 

influenced the number of followers within the community. Additionally, it was difficult to separate 

whether a profile’s popularity or verification was causing the effect on the prominence in the 

network and in the community. Since recognizable profiles were found to be outstanding nodes 

at both the network and community level, Hypothesis 2 was confirmed. Seeing as how this is 

                                                           
1 Number of tweets and number of followers are a dynamic statistic and will vary from day to day and from user to 
user. 
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not the case with verified profiles, Hypothesis 3 was found to be inconclusive. A more in-depth 

explanation and analysis of the above conclusions are contained in the following paragraphs.  

 

Methodology 

 

Data Collection and Manipulation 

At the start of the data collection, it was difficult to find a large enough sample of purely CEOs 

because, as of 2014, “68 percent of Fortune 500 CEOs still have no social presence on any of 

the major social networks” (Domo 1). The search criteria were then expanded to include high 

level executives and investors of technology based companies. The addition of these 

parameters provided a much wider search area and allowed for a finalized list of 345 accounts 

to be analyzed. Once the list was finalized, qualitative information was obtained on each of the 

profiles (Table 1). This included the company the user worked for, his/her position within the 

company, if the profile was verified, the date he/she joined Twitter, and the number of tweets 

and followers at the time of collection. The contents of the “Bio” section as well as the location 

and URL were added, if applicable. Next, the accounts that each of the 345 were following were 

obtained using ScoutZen. ScoutZen is an online service that allows its users to extract data 

from Twitter such as what accounts a profile is following and what accounts are following a 

profile. This information was exported into an Excel workbook that housed individual sheets for 

each of the 345 profiles. A square matrix was then created to determine which accounts were 

also on the original list of 345. This data was transformed into a “nodes and edges” format as 

shown in the sample of Table 6 below.  

 

craw JeffBezos 
craw michaeldell 
craw dba 
craw satyanadella 
craw patrickmoorhead 
craw rupertmurdoch 
craw soledadobrien 
craw johnlegere 
craw anthonynoto 
craw marissamayer 
CXCEO aileenlee 
CXCEO slaughterAM 
CXCEO padmasree 
dan_schulman pmarca 
dan_schulman devinwenig 
dan_schulman billgates 
dan_schulman marissamayer 

Sample of Table 6 
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The .excel file was then converted into .csv and read into Gephi. As briefly mentioned above, 

Gephi is an open-source and free software that allows for visualization and exploration of 

network structures. Gephi assists in manipulating the data by color and size to expose hidden 

patterns and make the information easier to read and analyze. The data extracted on the 345 

executives was imported into Gephi and analyzed following the example presented in a 2001 

WiredUK article (WiredUK 1). While the input information was different, both the WiredUK 

network and this business executive network explore how different Twitter profiles interact in a 

friend network. The visualization was set up to depict the size of nodes and their labels 

according their prominence within the network. Elaborating, the larger the size of the node, the 

more followers the user had within the network. It also organized communities by color so it was 

simple to discern which node was in a specific community, as depicted below.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 

 

Analysis 

After collecting the data and importing it into the software, Gephi also assisted in a providing a 

deeper analysis of the communities and the network as a whole. Gephi ran certain metrics to 

give the network more meaning. First, the modularity statistic determined that there are three 

communities of “C” level executives and venture capitalists in the network. Next, it was 
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determined that the network had an average clustering coefficient of 0.345. The clustering 

coefficient is the degree that nodes incline to cluster together (“Clustering coefficient” 1). The 

network also has an overall degree distribution—the probability distribution of degrees over the 

entire network—of 27.562. Furthermore, the network has an average in-degree of 37.04 and an 

average out-degree of 32.71. The frequency distributions of the clustering coefficients, overall 

degree, in-degree, and out-degree can be seen below (Graphs 1-4, respectively). Another 

important statistic that was analyzed is the density of the network. The density of a graph 

depicts how close a network is to being complete. A complete graph is described as a graph 

where every individual node is connected to all the other nodes in a network by a direct edge 

and has a density equal to 1 (Khokhar 125). The density is a ratio of the number of edges 

present in the graph to the total possible number of edges given the number of nodes in the 

network. The density ratio for this network was calculated to be 0.080, denoting that this 

network is incomplete.   

 

 

 

Graph 1 
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Graph 2 

 

 

Graph 3 
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Graph 4 

 

As previously mentioned, there are three distinct communities in this network, and, using the 

Data Laboratory tab in Gephi, quantitative results for each of the User IDs were discovered and 

used to determine which community each user belonged to. A user could belong to VCs, Techs, 

or CEOs and the qualitative profile information was added to draw conclusions (Figures 2-4, 

Table 3-5). To analyze the communities on a deeper level, the network was filtered by 

modularity class, as shown below.2 The green network represents the VC community. The VC 

community consists of 87 nodes with an average in-degree of about 39.73. The VCs also have 

an average clustering coefficient 0f 0.516 and a density of 0.244. The orange community 

belongs to the 101 nodes in the Tech community. These nodes have an average in-degree of 

nearly 30.19 with an average clustering coefficient and density of 0.424 and 0.172, respectively. 

Lastly, the CEOs are depicted with the 157 purple nodes. The CEO community is the largest 

and houses many small name profiles that decrease the averages. The CEOs have an average 

in-degree of 18.98, average clustering coefficient equal to 0.290, and a density of 0.290. The 

CEOs, however, have the largest value for average number of followers, as shown in Table 7 

below. 

                                                           
2 When the network was filtered by modularity class, the color of the communities was changed in Gephi. The 
community members, however, remained the same. 
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Figure 2 

VCs 

 

Figure 3 
Techs 

 

 
tim_cook 
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Figure 4 

CEOs 
 

community 
number 
of nodes 

number 
of edges 

avg           
in-degree 

avg         
out-degree 

avg 
clustering 
coefficient 

avg 
density 

avg 
number of 
followers 

0 101 1742 30.19355 40.516129 0.424 0.172 42,359.20 

1 87 1824 39.72527 32.835165 0.516 0.244 339,942.26 

2 157 1578 18.98137 17.099379 0.290 0.064 372,481.21 

Network 345 9509 27.56232 27.562319 0.345 0.080 251,594.22 
Table 7 

 

After separating by community, the data was organized by in-degree in descending order. It was 

organized in this way to showcase the larger nodes in the community. The first 15 nodes with 

the highest in-degree value were extracted from the communities to illuminate patterns should 

there be any (Table 8).  

 

These top nodes as well as the remainder of the communities were analyzed against the 

hypotheses to determine conclusions, to be discussed later. The nature of the company was 

studied to discover interests and backgrounds. Name recognition and whether the profile was 

verified were also considered. Prior to drawing conclusions, however, secondary research was 

performed to gain a better understanding of Twitter usage and social networks.  

 

johnbattelle 
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Supporting Literature 

 

Why study social networks? Social networks are becoming a crucial aspect of personal and 

professional online interaction. Social network growth is one of the most “explosive trends in the 

Internet traffic” (Teutle 181). More specifically, as of March 2009, Twitter is one of the fastest 

growing browser-based social network sites. Prompted by the question “What’s happening?”, 

Twitter is a microblogging service, launched in March 2006, that allows users to create short 

posts that are less than 140 characters. The social media platform now has upwards of 320 

million users 10 years later (AdWeek 1). Twitter CEO Jack Dorsey stated that the site is set 

apart from competitors by being the simplest way to access information in real time. This “real 

time relevance” to current events and news has assisted Twitter in its growing popularity (Teutle 

181). It, however, still has quite a long way to go. A 2016 Pew Research Center determined that 

only 24% of Internet users utilize Twitter, of which 36% are between the ages of 18 and 29 

(Greenwood, et. al 4). This is another reason why studying social networks is important because 

this age group will soon be entering the workforce and it is crucial to understand how they 

communicate and how the business world will be changing. Twitter is also an excellent platform 

to study social networks because friendships and subscriptions on Twitter form direct links and 

provide a solid and straightforward foundation for creating a directed graph of a network. With a 

directed graph, analyses will depict the links between the different users, or nodes, and 

determine how strongly or loosely each of the nodes in a network is connected.  

 

Connections in a social network are based on both users and content of profiles. Users of the 

profiles are in complete control of what they say and the impressions they give. Sharing 

personal likes and dislikes helps to build a dedicated Twitter following. Additionally, communities 

are often based on shared interests, similar to friendships offline (Java 60-61). Also like in-

person friendships, a node can belong to zero or multiple communities, and communities can 

often overlap. Furthermore, user intentions often overlap as well. It is becoming rare that users 

tweet purely for personal or professional reasons or on one singular topic. More often than not, 

user content is a mix of updating friends and family on personal experiences and sharing work-

related articles with colleagues (Java 64). And, essentially, the more people you share interests 

with, the more popular you will be. This is also the case with online social networks.  

 

One way to define a user’s popularity or presence on Twitter is through examining their 

influence. Influence is defined as the “power or capacity of causing an effect in indirect or 
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intangible ways” (Cha, et. al 11). In-degree is an effective representation of this influence and 

popularity. Number of followers, however, can be a misleading measure of influence. Coined the 

“million follower fallacy”, some users only follow other accounts because the accounts are 

following his/her profile (Cha, et. al 11). On the other hand, accounts with a lower number of 

followers does not necessarily mean lower influence, but for the purposes of this thesis, the 

focus will remain primarily on in-degree. It will also focus on another useful metric to measure 

prominence within a network: following ratio. The following ratio is calculated by taking the in-

degree (followers of an account) and dividing by the out-degree (accounts the user is following). 

If this calculation results in a ratio below 1, this means that the account is following more 

accounts than it has followers. This person is stereotypically looking to collect information and 

gather knowledge. If the ratio is near 1, this user has about the same in- and out-degree. The 

user is considered popular, engaged, and respected by their community if the following ratio is 

higher than 1. Lastly, if a user has a following ratio above 10, this represents users that have a 

large impact on their community but rarely follow back the accounts that follow them. This may 

be due to indifference to their followers or the inconvenience associated with following a large 

number of accounts (Teutle 182). This metric along with the other analyzed features and 

supporting research were considered when testing the data against the hypotheses.  

 

Results 

 

Hypothesis 1 

As shown in the Analysis subsection of the Methodology section, there are three distinct 

communities. Once the communities were separated and the qualitative information was added, 

it was simple to draw conclusions. Beginning with Modularity Class 0, Techs, it can be 

determined that this community consists primarily of higher level executives and investors in 

technology and online based companies. These include Elon Musk (CEO of Tesla), Tim Cook 

(CEO of Apple), Jeff Bezos (CEO of Amazon), and other companies such as Uber, Dropbox, 

and Twitter (Table 8). The next community, Modularity Class 1 or VCs, is made up of mostly 

venture capitalists, angel investors, and founders of investment companies. This community has 

some variability with executives of non-investment companies, but a majority of this community 

is interested in investments. Lastly, the third community, Modularity Class 2, is the largest of the 

three. This group is home to big name CEOs and executives of the more popular companies. 

These include Bill Gates, Marissa Mayer, and Oprah Winfrey. These connections based on 

similar interests confirms the first hypothesis that communities will consist of users with similar 



15 
 

backgrounds and interests. There was, in fact, some overlap within the communities. This is 

because users in this network can only belong to one community but can still have ties to 

others. For instance, Elon Musk is a prominent node in Techs, but when viewed on the network 

graph (Figure 1), his node is located towards the center of the graph. His node color is green, 

but the node is found near purple nodes and over orange edges. Another example from this 

community is Tim Cook. His green node is located on the right edge of the graph but has some 

overlap with the purple CEO community. This particular overlap is understandable because Tim 

Cook is the CEO of Apple and could easily fit into the CEO community. It can be assumed, 

however, that the technology focus of Apple increased the connectivity of Tim Cook to other 

nodes in “Techs” more so than “CEOs”. This shows that influence can be dispersed across a 

number of topics and interests and across communities. The level of influence, however, may 

be due to a user’s popularity and name recognition potential.  

 

Hypothesis 2 

It is understandable, that men and women that are household names within the general public 

will have a larger Twitter following than those who are not. This paper sought to determine if this 

is also the case within a more specific business network. The network was organized by in-

degree, from largest to smallest, to determine the largest nodes in the network. This revealed 

that the most followed users in this network are Bill Gates, Marc Andreessen, Elon Musk, Fred 

Wilson, and Jack Dorsey, respectively. While these are the top 5 names in the network, they 

also hold prominence within their respective communities (Tables 8-9). This can most likely be 

attributed to their already established success. This network contains many small name start-up 

companies, so they will be inclined to follow accounts of people that have proven success in 

their fields. Looking at both the network as a whole and the individual communities, well-known 

business men and women are consistently at the top of the list. Therefore, it can be concluded 

that if a user is more well-known and respected he/she will be more prominent and have more 

followers within a network. This confirms the second hypothesis. It is important to note, 

however, the following reciprocity of these larger nodes as well. To do this, the following ratio is 

examined. With the Techs, the top nodes’ following ratios range from undefined to 24.2 and the 

distribution has a median value of 2.45.  
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ID Modularity Class In-degree Out-degree Following Ratio 

elonmusk 0 173 0 undefined 
jack 0 148 81 1.827160494 

dickc 0 136 44 3.090909091 
bhorowitz 0 130 22 5.909090909 

bgurley 0 124 67 1.850746269 
tim_cook 0 121 5 24.2 

levie 0 116 47 2.468085106 
jeffweiner 0 111 39 2.846153846 

paulg 0 108 14 7.714285714 
travisk 0 99 65 1.523076923 
jason 0 88 64 1.375 

JeffBezos 0 87 0 undefined 
bchesky 0 84 21 4 

drewhouston 0 82 43 1.906976744 
chamath 0 81 33 2.454545455 

     

ID Modularity Class In-degree Out-degree Following Ratio 

pmarca 1 182 156 1.166666667 
fredwilson 1 162 69 2.347826087 

joshk 1 104 112 0.928571429 
bfeld 1 101 47 2.14893617 

msuster 1 94 77 1.220779221 
davidhornik 1 82 31 2.64516129 

bill_gross 1 78 82 0.951219512 
jeff 1 77 40 1.925 

davidlee 1 73 102 0.715686275 
aileenlee 1 71 99 0.717171717 

bijan 1 70 55 1.272727273 
johnolilly 1 66 30 2.2 

pkedrosky 1 63 33 1.909090909 
chrisfralic 1 59 129 0.457364341 

bryce 1 53 45 1.177777778 
     

ID Modularity Class In-degree Out-degree Following Ratio 

billgates 2 188 19 9.894736842 
marissamayer 2 143 42 3.404761905 

ericschmidt 2 128 33 3.878787879 
timoreilly 2 119 78 1.525641026 

benioff 2 113 85 1.329411765 
richardbranson 2 113 14 8.071428571 

vkhosla 2 111 42 2.642857143 
ariannahuff 2 101 38 2.657894737 

TEDchris 2 100 43 2.325581395 
satyanadella 2 94 35 2.685714286 

biz 2 86 35 2.457142857 
johnbattelle 2 80 81 0.987654321 

chr1sa 2 72 39 1.846153846 
tonyhsieh 2 67 4 16.75 

oprah 2 62 2 31 

Table 10 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As shown in Table 10 above, the top 15 Techs have no values below 1, meaning the most 

popular nodes all have more followers than number of users they are following. The lowest 

ratios belong to Elon Musk and Jeff Bezos. These users are not following any other accounts in 

the network so their ratios are undefined because their in-degrees were divided by zero. On the 

other end, Tim Cook’s following ratio is 24.2, which indicates that he has a substantial impact on 

the community but does not follow many of the accounts that follow him. The VCs have a much 
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smaller range of about 0.457 to about 2.645 and a median value near 1.221. This indicates a 

much closer knit community within the network. Users in this community have a much higher 

following reciprocity than the Techs. Lastly, the CEOs have a following ratio range from 0.988 to 

31 with a median value approximately equal to 2.658. This community has the highest median 

value which suggests that members of this sample of the CEO community follow back fewer of 

the accounts that follow them compared to the other communities. Furthermore, having a higher 

following ratio suggests that a user does not have any interest in following their followers back 

or they cannot follow everyone back because their profiles are so popular.  

 

Hypothesis 3 

There are a few side effects to having a very popular profile. One of which includes fake profiles 

pretending to be a popular user. Twitter attempts to reduce this by “verifying” profiles. Accounts 

that are of public interest are verified by Twitter as authentic. Because verified users are 

typically more popular, this paper wanted to determine if this characteristic had an effect within a 

specific network. Does verification influence which community a profile was placed in? Does 

having a verified profile make it more prominent within the network and in its community? 

Studying the individual communities, whether a profile was verified did not have any bearing on 

which community it was assigned. Being verified also did not impact a node’s popularity within 

the network and community. While the 30 most popular nodes by in-degree were verified 

accounts, when the nodes were separated by community, there was a mix of verified and non-

verified accounts at the top of the VC community. The top 15 nodes among the CEOs were all 

verified accounts and 14 out of 15 top Tech accounts were verified. The mix of verified and non-

verified accounts in the VC community, however, prevent Hypothesis 3 from being confirmed 

and prove that shared interests are more important to followers than Twitter-verified authenticity. 

Therefore, it cannot be confirmed that having a verified profile will make a profile more 

prominent within a network or a community. Hypothesis 3 is inconclusive.  

 

Business Implications 

This research illuminates the professional side of social media that many users tend to forget 

about. As mentioned in the Introduction, user content on social media can have a serious effect 

on career advancement and company growth. Because Twitter is becoming such a popular 

source for information, it is crucial to monitor what is being posted. Additionally, tweeting certain 

things can also give your company an advantage.  
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For example, if a CEO of a small tech start-up company tweets something that is interesting to 

Bill Gates, Bill Gates could "retweet" it and follow the start-up CEO. These two could potentially 

then meet at a summit or a conference, and this online encounter provides the start-up CEO 

with an ice-breaker and a foot in the door with one of the biggest names in the technology 

industry. Reasons like this illuminate the importance understanding network and community 

structure at the professional level. Especially in the business sector because business is 

primarily conducted through personal connections. Furthermore, following specific accounts and 

belonging to a certain community can also assist in bettering a career or a company. While 

information and topics can cross community borders, belonging to a community makes it easier 

for a user to gain access to crucial information and connections.  

 

Conclusion 

 

Throughout the past year, this paper has gathered and analyzed information on 345 “C” level 

executives on Twitter to determine patterns and similarities in how communities form, should 

there be any. Qualitative profile information was collected to find information about interests and 

topics of discussion for the profile in question. Lists of accounts that each of the 345 business 

executives were following were also collected and manipulated into a Gephi readable format. 

Once the nodes and edges of the network were determined, the network was created. Utilizing 

Gephi, a visual representation of the network was formed and quantitative information about the 

network was retrieved. Using a combination of this qualitative and quantitative information 

conclusions to the three hypotheses were formed. The results are found in the following table. 

 

These conclusions promote the studying and analyzing of social networks. Studying social 

networks is crucial in understanding how high-level business executives interact with their 

customers and colleagues. The business world is transitioning toward virtual means of 

Hypothesis Conclusion Reasoning 

1.     Communities will consist of people 
with similar interests and backgrounds.  

Confirmed  
Through separating the data by community, it was easy to discern 
that each community had a specific pattern of similar interests and 
backgrounds.   

2.     Users that are more well-known 
will be more prominent in the network. 

Confirmed  
When the data was organized by in-degree, in both the network and 
individual communities, the top nodes were all household names 
that are easily recognizable.  

3.     Users with verified Twitter accounts 
will be more prominent in the network. 

Inconclusive 

Top 15 nodes in Modularity Classes 0 (Techs) and 2 (CEOs) are 
primarily and completely comprised of verified accounts, 
respectively. Modularity Class 1 (VCs), however, has a diverse mix of 
verified and non-verified profiles.  
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communication and information retrieval. Twitter is one of the top media platforms due to its 

real-time transmittance of current events and personal occurrences. Twitter provides a pathway 

for both formal and informal discussion of work-related topics as well as popular media in order 

to close geographical barriers and bring thousands of people together to form networks and 

communities.  
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Author’s Reflection 

 

To be completely honest, this was not the most pleasant experience. From multiple computer 

crashes and losses of data, this thesis was one of the most stressful times of my college career.  

But I wouldn't change it. As I get ready to graduate and enter the workforce, I am glad that I 

have experienced this type of stress at this point in my life because, right now, there is virtually 

nothing at stake. There is almost no risk involved. So why not take advantage of this and put 

everything I have into it? Having this no risk situation has allowed me to discover what kind of 

person I am in these times of stress and understand what it takes for me to overcome these 

challenges.  

This could not have happened at a better time. Like I said, I am entering the workforce after I 

graduate and I know that constructing and completing this thesis is not the last time I will 

experience such a challenge. I consider myself fortunate to have experienced this for the first 

time while I was still in school. Many of my current classmates and future colleagues have not 

been exposed to this type of situation; and when they do they would be much more at stake 

than a failing grade. So, learning how to master a topic I had no prior knowledge of in addition to 

working with unfamiliar software, I have been given an advantage over my peers.  

This advantage exceeds experience. Working on this paper has also taught me technical skills 

that weren't offered as core classes. Yes, many of my peers use social media, but how many of 

them know about the factors that form a community or how to become more popular within your 

network? How many of them can tell a recruiter or an employer why certain Twitter accounts are 

followed by other accounts? It was an extremely stressful and trying time, but it was equally as 

successful and rewarding.   
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Profile Information 
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Figure 3 

Techs 

 
Figure 4 

CEOs 

 

Clustering coefficient 0.345 

Degree distribution 27.562 

Density 0.08 

Table 2 

Statistics of Network 
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tim_cook 
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Table 3 

Modularity Class 2 by In-degree 
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Table 4  

Modularity Class 1 by In-degree 
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Table 5 

Modularity Class 0 by In-degree 

 
craw JeffBezos 
craw michaeldell 
craw dba 
craw satyanadella 
craw patrickmoorhead 
craw rupertmurdoch 
craw soledadobrien 
craw johnlegere 
craw anthonynoto 
craw marissamayer 
CXCEO aileenlee 
CXCEO slaughterAM 
CXCEO padmasree 
dan_schulman pmarca 
dan_schulman devinwenig 
dan_schulman billgates 
dan_schulman marissamayer 

Table 6  

Sample of Nodes and Edges Spreadsheet 
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community 
number 

of 
nodes 

number of 
edges 

avg           
in-

degree 

avg         
out-

degree 

avg 
clustering 
coefficient 

avg 
density 

avg 
number of 
followers 

0 101 1742 30.19355 40.516129 0.424 0.172 42,359.20 

1 87 1824 39.72527 32.835165 0.516 0.244 339,942.26 

2 157 1578 18.98137 17.099379 0.290 0.064 372,481.21 

Network 345 9509 27.56232 27.562319 0.345 0.080 251,594.22 

Table 7 

Network and Community Comparisons 

ID 
Modularity 

Class 
Company Position Verified 

Number 
of 

Tweets 

Number 
Followers 

Location Date Joined 

elonmusk 0 Tesla CEO Yes 2445 6.52M 1 AU June 2009 
jack 0 Twitter CEO Yes 21K 3.95M California March 2006 

dickc 0 Chorus CEO Yes 10.4K 1.71M 
San Francisco, 

CA May 2007 

bhorowitz 0 
Horowitz 

Andreessen VC Yes 4364 354K 
Menlo Park, 

CA September 2008 

bgurley 0 Uber BOD Yes 6338 389K 
Silicon Valley, 

CA April 2007 
tim_cook 0 Apple CEO Yes 308 3.99M Cupertino July 2013 

levie 0 Box CEO Yes 3459 965K Palo Alto, CA March 2007 
jeffweiner 0 LinkedIn CEO Yes 3707 411K  February 2009 

paulg 0 Viaweb CEO Yes 8718 459K  August 2010 

travisk 0 Uber CEO Yes 6078 160K 
San Francisco, 

CA October 2007 

jason 0  

Angel 
Investor Yes 79.7K 279K 94123 August 2006 

JeffBezos 0 Amazon CEO Yes 78 168K  July 2008 

bchesky 0 Airbnb CEO Yes 2569 143K 
San Francisco, 

CA January 2008 

drewhouston 0 Dropbox CEO No 369 244K 
San Francisco, 

CA March 2008 

chamath 0 
Social 

Capital  Yes 3722 62.2K Palo Alto, CA April 2007 
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Table 8 

Top 15 Nodes in Each Community by In-Degree 

ID 
Modularity 

Class 
Company Position Verified 

Number 
of 

Tweets 

Number 
Followers 

Location Date Joined 

pmarca 1 
Andreessen 
Horowitz VC Yes 90 622K 

Menlo Park, 
CA May 2007 

fredwilson 1  VC Yes 13.5K 588K 
New York 
City March 2007 

joshk 1 
First Round 
Capital VC Yes 4048 112K Philadelphia May 2006 

bfeld 1  

Angel 
Investor Yes 35K 265K Boulder, CO April 2007 

msuster 1  

Angel 
Investor Yes 37.1K 273K Los Angeles April 2007 

davidhornik 1 
August 
Capital Investor No 2689 64.6K 

iPhone: 
42.347153,-
71.096069 March 2007 

bill_gross 1 IdeaLab Founder Yes 14.7K 164K 
Pasadena, 
CA June 2009 

jeff 1 SoftTech VC VC No 11.6K 94.1K Palo Alto, CA March 2007 

davidlee 1  

Angel 
Investor No 9888 54.5K 

ÜT: 
37.413657,-
122.140841 May 2007 

aileenlee 1 Cowboy VC VC/Founder No 2082 31.9K Palo Alto, CA November 2008 

bijan 1 
Spark 
Capital VC Yes 17.6K 63.2K  April 2007 

johnolilly 1 Mozilla Former CEO No 36.4K 201K  February 2007 

pkedrosky 1 
Ventures 
West VC Yes 215 313K 2,500m ASL March 2007 

chrisfralic 1 
First Round 
Capital VC Yes 16.6K 13.6K NYC/PHL June 2006 

bryce 1 OATV VC No 19.3K 40K SLC/SF/NYC May 2007 

 
ID 

Modularity 
Class 

Company Position Verified 
Number 

of 
Tweets 

Number 
Followers 

Location Date Joined 

billgates 2 
Gates 
Foundation CEO Yes 2234 32.6M Seattle, WA June 2009 

marissamayer 2 Yahoo CEO Yes 1361 1.68M 
San Francisco, 
CA November 2008 

ericschmidt 2 Alphabet Former CEO Yes 414 1.44M 
Mountain 
View, CA December 2007 

timoreilly 2 O'Reilly Media CEO Yes 40.6K 1.98M Oakland, CA March 2007 
benioff 2 Salesforce.com CEO Yes 13.6K 403K salesforce.com March 2009 

richardbranson 2 Virgin CEO Yes 14.7K 9.19M  August 2007 

vkhosla 2 
Sun 
Microsystems Former CEO Yes 4244 504K  May 2009 

ariannahuff 2 Thrive Global  CEO Yes 33.7K 2.57M  February 2009 

TEDchris 2 TED CEO Yes 4464 1.75M New York City May 2008 
satyanadella 2 Microsoft CEO Yes 545 1.18M  February 2009 

biz 2 Jelly CEO Yes 6441 2.96M 
San Francisco, 
CA March 2006 

johnbattelle 2 NewCo CEO Yes 14.7K 290K Marin, CA April 2008 

chr1sa 2 3DR CEO Yes 9566 178K Berkeley, CA November 2008 
tonyhsieh 2 Zappos CEO Yes 2282 2.84M Las Vegas, NV June 2007 

oprah 2 
Oprah Winfrey 
Network CEO Yes 11.9K 35.3M  January 2009 
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id 
mod 
class authority hub indegree outdegree 

following 
ratio degree clustering 

billgates 2 0.162836 0.020613 188 19 9.894737 207 0.135539 

pmarca 1 0.177827 0.146477 182 156 1.166667 338 0.153056 

elonmusk 0 0.168016 0 173 0 0 173 0.161984 

fredwilson 1 0.168808 0.0931 162 69 2.347826 231 0.193804 

jack 0 0.159273 0.10524 148 81 1.82716 229 0.199218 

marissamayer 2 0.147119 0.067988 143 42 3.404762 185 0.192513 

dickc 0 0.154345 0.062808 136 44 3.090909 180 0.239559 

bhorowitz 0 0.147712 0.033324 130 22 5.909091 152 0.21841 

ericschmidt 2 0.138652 0.055562 128 33 3.878788 161 0.197241 

bgurley 0 0.140431 0.09037 124 67 1.850746 191 0.230562 

tim_cook 0 0.127272 0.010572 121 5 24.2 126 0.196281 

timoreilly 2 0.134474 0.110061 119 78 1.525641 197 0.245035 

levie 0 0.137131 0.064243 116 47 2.468085 163 0.253651 

benioff 2 0.12346 0.111489 113 85 1.329412 198 0.213602 

richardbranson 2 0.102411 0.021317 113 14 8.071429 127 0.151709 

jeffweiner 0 0.131176 0.066662 111 39 2.846154 150 0.24876 

vkhosla 2 0.128909 0.071698 111 42 2.642857 153 0.239158 

paulg 0 0.131413 0.027357 108 14 7.714286 122 0.284654 

joshk 1 0.128107 0.138035 104 112 0.928571 216 0.258101 

bfeld 1 0.11789 0.063793 101 47 2.148936 148 0.265297 

ariannahuff 2 0.095342 0.049887 101 38 2.657895 139 0.193264 

TEDchris 2 0.115156 0.063297 100 43 2.325581 143 0.26036 

travisk 0 0.126054 0.103414 99 65 1.523077 164 0.302746 

msuster 1 0.11266 0.089829 94 77 1.220779 171 0.268418 

satyanadella 2 0.104017 0.038298 94 35 2.685714 129 0.223161 

kevinrose 2 0.112311 0.074206 89 45 1.977778 134 0.300891 

jason 0 0.112715 0.100536 88 64 1.375 152 0.291529 

JeffBezos 0 0.10963 0 87 0 0 87 0.28054 

biz 2 0.110987 0.061653 86 35 2.457143 121 0.302303 

bchesky 0 0.11211 0.032567 84 21 4 105 0.296464 

drewhouston 0 0.110252 0.075496 82 43 1.906977 125 0.332737 

davidhornik 1 0.107319 0.053639 82 31 2.645161 113 0.366947 

chamath 0 0.10727 0.053302 81 33 2.454545 114 0.325496 

markpinc 0 0.108787 0.117202 80 75 1.066667 155 0.341474 

johnbattelle 2 0.107082 0.118687 80 81 0.987654 161 0.33578 

bill_gross 1 0.101616 0.115774 78 82 0.95122 160 0.308312 

jeff 1 0.105049 0.064348 77 40 1.925 117 0.365041 

sundarpichai 0 0.100081 0.087029 76 54 1.407407 130 0.3343 

rupertmurdoch 0 0.08881 0.0151 76 7 10.85714 83 0.271395 

adambain 0 0.103072 0.148217 76 123 0.617886 199 0.264785 
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davidlee 1 0.103051 0.127747 73 102 0.715686 175 0.289751 

chr1sa 2 0.095224 0.067522 72 39 1.846154 111 0.334594 

davidsacks 0 0.100052 0.125078 71 88 0.806818 159 0.325338 

aileenlee 1 0.094147 0.128811 71 99 0.717172 170 0.288258 

bijan 1 0.097253 0.083366 70 55 1.272727 125 0.396116 

chad_hurley 0 0.097049 0.107699 68 75 0.906667 143 0.313878 

jeremys 0 0.092517 0.055268 67 34 1.970588 101 0.356164 

tonyhsieh 2 0.080124 0.00644 67 4 16.75 71 0.283035 

johnolilly 1 0.096449 0.045198 66 30 2.2 96 0.406832 

dens 0 0.09146 0.072099 63 47 1.340426 110 0.387612 

pkedrosky 1 0.081619 0.050668 63 33 1.909091 96 0.356626 

oprah 2 0.057546 0.00236 62 2 31 64 0.200423 

melindagates 2 0.054629 0.014676 62 17 3.647059 79 0.181366 

finkd 0 0.087121 0.002095 60 2 30 62 0.361864 

chrisfralic 1 0.080898 0.144769 59 129 0.457364 188 0.260689 

padmasree 2 0.072845 0.058184 59 39 1.512821 98 0.28994 

patrickc 0 0.084483 0.061019 58 40 1.45 98 0.370048 

michaeldell 2 0.063639 0.059893 57 43 1.325581 100 0.267895 

btaylor 0 0.083838 0.073669 56 45 1.244444 101 0.429604 

tfadell 0 0.083946 0.068182 55 39 1.410256 94 0.458297 

peretti 0 0.076768 0.111707 53 74 0.716216 127 0.349561 

bryce 1 0.076808 0.062073 53 45 1.177778 98 0.462568 

jack_welch 2 0.055786 0.012438 53 6 8.833333 59 0.216165 

eldsjal 0 0.072343 0.102015 51 66 0.772727 117 0.384454 

susanwojcicki 0 0.067586 0.071714 51 51 1 102 0.334955 

jasonhirschhorn 1 0.073902 0.161606 49 149 0.328859 198 0.237925 

bussgang 1 0.059975 0.064624 48 49 0.979592 97 0.3097 

andrewmason 0 0.070643 0.02691 46 17 2.705882 63 0.408163 

robhayes 1 0.066839 0.062721 46 40 1.15 86 0.468535 

joshmedia 1 0.073493 0.05143 46 29 1.586207 75 0.499608 

soledadobrien 2 0.04206 0.002772 46 11 4.181818 57 0.115152 

jgebbia 0 0.057539 0.043429 45 31 1.451613 76 0.34513 

vcmike 1 0.068516 0.082139 45 48 0.9375 93 0.464006 

anthonynoto 0 0.066004 0.116568 44 81 0.54321 125 0.358443 

jeremysliew 1 0.065522 0.069937 44 53 0.830189 97 0.354642 

heif 0 0.058728 0.067378 42 42 1 84 0.40041 

kentgoldman 1 0.062159 0.068108 42 42 1 84 0.471429 

cape 1 0.058291 0.172179 42 167 0.251497 209 0.212532 

jasonfried 0 0.052391 0.007001 41 5 8.2 46 0.302439 

kraneland 0 0.066217 0.099007 41 61 0.672131 102 0.449123 

johnlegere 0 0.050868 0.030326 41 18 2.277778 59 0.272959 

sarahtavel 1 0.056784 0.057172 41 42 0.97619 83 0.381266 

hlmorgan 1 0.060784 0.076137 41 48 0.854167 89 0.435209 

jnovogratz 2 0.041797 0.045032 41 46 0.891304 87 0.2578 
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jimmy_wales 2 0.054689 0.062368 41 38 1.078947 79 0.348757 

georgezachary 1 0.066892 0.037419 40 23 1.73913 63 0.459091 

charleneli 2 0.050247 0.056937 40 38 1.052632 78 0.317821 

balajis 0 0.05938 0.044016 39 28 1.392857 67 0.43247 

richminer 1 0.053059 0.107315 39 74 0.527027 113 0.364843 

abrams 1 0.064042 0.111275 39 87 0.448276 126 0.365957 

salsop 1 0.056363 0.147653 39 125 0.312 164 0.263671 

mokoyfman 1 0.058017 0.126605 39 85 0.458824 124 0.367768 

briansolis 2 0.050924 0.093901 38 67 0.567164 105 0.322945 

8en 0 0.055438 0.044996 37 25 1.48 62 0.43536 

aneelb 0 0.05416 0.096097 36 67 0.537313 103 0.334499 

fdestin 1 0.048071 0.08546 36 74 0.486486 110 0.338272 

slaughterAM 2 0.029506 0.032819 36 29 1.241379 65 0.236355 

guykawasaki 2 0.035682 0.007806 35 4 8.75 39 0.17042 

robgo 1 0.048728 0.055014 34 45 0.755556 79 0.39317 

davidcowan 1 0.056027 0.029937 34 17 2 51 0.485155 

santopoliti 1 0.045944 0.016965 34 11 3.090909 45 0.455556 

christine 1 0.048027 0.03365 32 26 1.230769 58 0.437815 

jeremyl 1 0.050124 0.022713 32 12 2.666667 44 0.437411 

evanspiegel 0 0.052587 0.007438 31 3 10.33333 34 0.506629 

andrewparker 1 0.045005 0.039284 31 26 1.192308 57 0.448897 

bostonvc 1 0.044523 0.045213 31 28 1.107143 59 0.403673 

rajil 1 0.049879 0.108091 30 67 0.447761 97 0.434177 

scottharrison 2 0.041406 0.119896 30 89 0.337079 119 0.309978 

larryellison 0 0.04302 0.010787 29 5 5.8 34 0.407197 

jeffimmelt 2 0.031212 0.017197 28 9 3.111111 37 0.303922 

tinabrownLM 2 0.029177 0.024578 28 18 1.555556 46 0.276282 

reedhastings 0 0.038441 0.022968 27 12 2.25 39 0.425189 

sether 1 0.036668 0.039989 27 29 0.931034 56 0.444231 

spencerrascoff 0 0.034781 0.049464 26 31 0.83871 57 0.404184 

wences 0 0.036633 0.070662 26 40 0.65 66 0.438776 

jasonmendelson 1 0.037388 0.026603 26 18 1.444444 44 0.535714 

walterisaacson 2 0.028131 0.009457 26 7 3.714286 33 0.35468 

suedhellmann 2 0.019872 0.049412 26 32 0.8125 58 0.379487 

larryvc 1 0.039907 0.034682 25 21 1.190476 46 0.445946 

clarashih 2 0.036569 0.057151 25 39 0.641026 64 0.358367 

bankoff 0 0.040572 0.025237 24 15 1.6 39 0.547126 

ryan_mcintyre 1 0.035347 0.066619 24 43 0.55814 67 0.453469 

jeancase 2 0.021567 0.075054 24 57 0.421053 81 0.296723 

timarmstrongaol 0 0.033315 0.061028 23 38 0.605263 61 0.428307 

sfjoanne 0 0.035754 0.07364 22 44 0.5 66 0.457239 

jedyork 0 0.033425 0.026364 22 14 1.571429 36 0.537037 

chrisbrogan 2 0.026127 0.008122 22 5 4.4 27 0.264493 

nathanchubbard 0 0.036964 0.046807 21 26 0.807692 47 0.502252 
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rapino99 0 0.031534 0.040378 21 27 0.777778 48 0.385714 

eileentso 1 0.03234 0.046875 21 35 0.6 56 0.403535 

mikeeisenberg 1 0.033537 0.025961 20 15 1.333333 35 0.509852 

hirschb 1 0.030822 0.042325 20 31 0.645161 51 0.441679 

kaifulee 2 0.032055 0.01893 20 10 2 30 0.444444 

ystrickler 0 0.030354 0.014207 19 7 2.714286 26 0.464427 

eholmes2003 0 0.028034 0.006981 19 3 6.333333 22 0.476316 

mtbarra 2 0.018427 0.008528 19 10 1.9 29 0.218462 

steveforbesceo 2 0.017026 0.014975 19 17 1.117647 36 0.158867 

robsolomon1 0 0.025345 0.149687 18 121 0.14876 139 0.292421 

edsim 1 0.026167 0.070637 18 50 0.36 68 0.39798 

bkrunner 2 0.021964 0 18 0 0 18 0.398693 

furrier 2 0.027728 0.09139 18 75 0.24 93 0.320013 

nancyduarte 2 0.021069 0.052792 18 38 0.473684 56 0.316162 

megwhitman 2 0.025405 0.00433 18 4 4.5 22 0.253247 

bernardjtyson 2 0.018536 0.019784 18 13 1.384615 31 0.304348 

davidbeisel 1 0.029402 0.020642 17 18 0.944444 35 0.51601 

dba 1 0.016502 0.036394 17 25 0.68 42 0.366477 

paulpolman 2 0.018823 0.011211 17 8 2.125 25 0.315789 

kobebryant 0 0.021823 0.006306 16 3 5.333333 19 0.392157 

rkyncl 0 0.026807 0.061005 16 36 0.444444 52 0.501107 

maxniederhofer 1 0.020583 0.098146 16 75 0.213333 91 0.337349 

darrenwalker 2 0.013715 0.031375 16 25 0.64 41 0.348485 

nealmohan 0 0.028741 0.057486 15 35 0.428571 50 0.503556 

jeffglueck 0 0.018641 0.07122 14 43 0.325581 57 0.453747 

ajay_bcv 1 0.021071 0.059448 14 35 0.4 49 0.47619 

jcbackus 1 0.017889 0.036815 14 28 0.5 42 0.367742 

scottmcnealy 2 0.022769 0.004049 14 6 2.333333 20 0.292105 

mtbert 2 0.005245 0.018825 14 17 0.823529 31 0.201581 

chuckrobbins 2 0.015483 0.014627 14 12 1.166667 26 0.292398 

jeffraikes 2 0.015596 0.010045 14 12 1.166667 26 0.318421 

vsikka 2 0.015609 0.036476 14 20 0.7 34 0.387356 

joebot 0 0.019933 0.019322 13 10 1.3 23 0.535948 

peteflint 0 0.018046 0.091251 13 59 0.220339 72 0.383185 

schrep 1 0.022478 0.020923 13 10 1.3 23 0.587719 

bobdavisHCP 1 0.019228 0.014966 13 8 1.625 21 0.447712 

indranooyi 2 0.017064 0.02836 13 20 0.65 33 0.351852 

smallbiztrends 2 0.011782 0.005734 13 10 1.3 23 0.15 

annewoj23 0 0.021533 0.01779 12 9 1.333333 21 0.621324 

johnzimmer 0 0.015338 0.031546 12 20 0.6 32 0.386667 

devinwenig 0 0.011373 0.041125 12 22 0.545455 34 0.370115 

simonrothman 1 0.021325 0.024588 12 16 0.75 28 0.471861 

tdelistathis 1 0.015199 0.016683 12 11 1.090909 23 0.415205 

rdale 1 0.018017 0.003212 12 6 2 18 0.320833 
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billrmcdermott 2 0.014344 0.01436 12 12 1 24 0.297386 

jackizehner 2 0.00797 0.0326 12 35 0.342857 47 0.234708 

ansanelli 2 0.015337 0.087106 12 53 0.226415 65 0.427609 

hughcevans 2 0.012071 0.031634 12 27 0.444444 39 0.32672 

williamready 0 0.018573 0.043972 11 27 0.407407 38 0.422989 

coheda 1 0.015564 0.01781 11 12 0.916667 23 0.485714 

brisbourne 1 0.015739 0.033573 11 22 0.5 33 0.545 

jasonball 1 0.01534 0.056458 11 60 0.183333 71 0.271377 

ryanjsweeney 1 0.018099 0.01231 11 9 1.222222 20 0.521978 

jeffnolan 1 0.015359 0.015937 11 14 0.785714 25 0.403509 

rowe 1 0.012053 0.005979 11 7 1.571429 18 0.590909 

stevebrotman 1 0.016173 0.027164 11 23 0.478261 34 0.444615 

dougconant 2 0.006997 0.006405 11 10 1.1 21 0.142857 

S_C_ 2 0.017815 0 11 0 0 11 0.554545 

bradsmi 2 0.00903 0.02896 11 20 0.55 31 0.306667 

ourielohayon 1 0.013755 0.071198 10 48 0.208333 58 0.403529 

jcaplain 1 0.016929 0.037831 10 23 0.434783 33 0.484127 

dovseidman 2 0.010927 0.02448 10 21 0.47619 31 0.37747 

tceb62 2 0.011807 0.01279 10 8 1.25 18 0.386029 

kvogt 0 0.011949 0.045088 9 24 0.375 33 0.471264 

dkhos 0 0.013812 0.069825 9 45 0.2 54 0.410904 

dan_schulman 0 0.013499 0.008058 9 4 2.25 13 0.515152 

kaufer 0 0.013476 0.019107 9 12 0.75 21 0.4375 

logangreen 0 0.010728 0.036069 9 19 0.473684 28 0.416667 

gregwaldorf 1 0.016713 0.031349 9 17 0.529412 26 0.480519 

marcgoldberg 1 0.01086 0.058762 9 45 0.2 54 0.377295 

tonyfernandes 2 0.009821 0.015391 9 9 1 18 0.3 

skellyCEO 2 0.009365 0.076132 9 67 0.134328 76 0.212467 

patmitchell 2 0.009119 0.010899 9 12 0.75 21 0.375817 

debbieblox 2 0.00655 0.042775 9 27 0.333333 36 0.396552 

gaviseth 2 0.003996 0.013623 9 11 0.818182 20 0.428571 

markraganCEO 2 0.007604 0.005579 9 5 1.8 14 0.163636 

sallyosberg 2 0.007169 0.005145 9 5 1.8 14 0.424242 

larrymarcus 1 0.013947 0.015315 8 11 0.727273 19 0.359477 

mpd 1 0.010465 0.015096 8 9 0.888889 17 0.540441 

smarcus 1 0.009113 0.056802 8 37 0.216216 45 0.410256 

amfamjack 2 0.006808 0.017074 8 18 0.444444 26 0.262681 

Gcgodfrey 2 0.006653 3.61E-05 8 1 8 9 0.138889 

rodbeckstrom 2 0.010305 0.017348 8 9 0.888889 17 0.391667 

jhludwig 1 0.012149 0.01511 7 10 0.7 17 0.43956 

carolineghosn 2 0.009733 0.044654 7 36 0.194444 43 0.302564 

nakisnakis 2 0.006626 0.005891 7 4 1.75 11 0.422222 

stevetappin 2 0.006027 0.029385 7 30 0.233333 37 0.24086 

ginnirometty 2 0.007941 0 7 0 0 7 0.166667 
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IntuitBrad 2 0.007486 0.036335 7 25 0.28 32 0.343077 

wendykopp 2 0.005009 0.014865 7 11 0.636364 18 0.442857 

craw 2 0.005189 0.011225 7 10 0.7 17 0.21978 

niallsmart 0 0.007365 0.04139 6 24 0.25 30 0.493846 

seanmo 0 0.013604 0.127553 6 88 0.068182 94 0.374347 

neilhunt 0 0.012555 0.028367 6 18 0.333333 24 0.5 

wasatchgirl 1 0.007378 0.024054 6 22 0.272727 28 0.311667 

jackie_ros 1 0.004765 0.031975 6 19 0.315789 25 0.371053 

greels1 1 0.00524 0.012438 6 9 0.666667 15 0.378788 

danrua 1 0.005108 0.016935 6 18 0.333333 24 0.280702 

mjamme 2 0.007846 0.006378 6 12 0.5 18 0.203297 

CEOmikejackson 2 0.005965 0.023235 6 19 0.315789 25 0.29249 

amolinaroli 2 0.003853 0.028062 6 23 0.26087 29 0.289231 

medtronicCEO 2 0.003324 0.009619 6 8 0.75 14 0.384615 

andy_penn 2 0.003072 0.040668 6 29 0.206897 35 0.243952 

KT_Neumann 2 0.003724 0.027817 6 24 0.25 30 0.235 

bobodtech 2 0.004705 0.010232 6 11 0.545455 17 0.354545 

patrickmoorhead 2 0.006669 0.017798 6 13 0.461538 19 0.333333 

OCVC 1 0.005757 0.060904 5 35 0.142857 40 0.443694 

daviddufresne 1 0.008683 0.008236 5 6 0.833333 11 0.430556 

markskapinker 1 0.007231 0.056146 5 37 0.135135 42 0.406208 

simoncowell 2 0.009407 0 5 0 0 5 0.5 

africatechie 2 0.006148 0.005836 5 5 1 10 0.309524 

akumar 2 0.005945 0.004089 5 3 1.666667 8 0.55 

waltbettinger 2 0.001818 0.002681 5 5 1 10 0.160714 

westernunionCEO 2 0.002237 0 5 0 0 5 0.2 

brucedbroussard 2 0.002282 9.87E-05 5 2 2.5 7 0.3 

pittmanradio 2 0.008043 0.00602 5 3 1.666667 8 0.446429 

garyknell 2 0.003632 0.039328 5 29 0.172414 34 0.368817 

hmikitani_e 2 0.006176 0.02511 5 15 0.333333 20 0.400735 

marktercek 2 0.003107 0.091394 5 73 0.068493 78 0.293569 

mickyarison 0 0.004472 0.003745 4 3 1.333333 7 0.233333 

superguenter 0 0.002765 0.041131 4 21 0.190476 25 0.474026 

tonyatskype 0 0.008495 0.023407 4 10 0.4 14 0.692308 

jchchm 0 0.007486 0.033183 4 17 0.235294 21 0.594737 

mattwinn 1 0.002256 0.0197 4 10 0.4 14 0.378788 

gregbrownmoto 2 0.001385 0 4 0 0 4 0.333333 

ronningsheila 2 0.003491 0.013419 4 16 0.25 20 0.264706 

martingtobias 2 0.003315 0.035104 4 19 0.210526 23 0.502381 

lauriejlee 2 0.001137 0.004647 4 7 0.571429 11 0.607143 

stevedavispath 2 0.003286 0.00814 4 8 0.5 12 0.597222 

valwagoner 0 0.006095 0.029633 3 18 0.166667 21 0.436842 

tracydinunzio 0 0.00476 0.065053 3 39 0.076923 42 0.413462 

anneravanona 1 0.002146 0.120797 3 111 0.027027 114 0.242097 
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michaelemeyers 1 0.002857 0.008661 3 6 0.5 9 0.339286 

trivc 1 0.002629 0.00203 3 2 1.5 5 0 

mbleyleben 1 0.002833 0.011601 3 10 0.3 13 0.766667 

richtong 1 0.001699 0.031667 3 30 0.1 33 0.213978 

pcflanagan 1 0.00275 0.00388 3 3 1 6 0.416667 

sophiebspark 1 0.001951 0.024579 3 14 0.214286 17 0.385714 

stevegrossmanMA 2 0.002048 0.005489 3 5 0.6 8 0.190476 

alainchuard 2 0.002581 0.083212 3 51 0.058824 54 0.411011 

victoria_ransom 2 0.004907 0.002672 3 3 1 6 0.4 

reneewfraser 2 0.002614 0.004704 3 10 0.3 13 0.222222 

bobcollymore 2 0.00414 0.009877 3 7 0.428571 10 0.472222 

nancyatheart 2 8.67E-04 0.003953 3 5 0.6 8 0.466667 

janiceellig 2 8.19E-04 0.014632 3 15 0.2 18 0.279167 

susanbbutler 2 6.95E-04 0.008539 3 12 0.25 15 0.25 

ralphlauren 2 0.007074 0.002721 3 2 1.5 5 0.4 

kentthiry 2 0.002192 0.02663 3 37 0.081081 40 0.162873 

mattgrigsby 0 0.001227 0.051742 2 31 0.064516 33 0.409677 

easydjr 1 0.003295 0.002871 2 1 2 3 0.666667 

mbuguanjihia 1 0.001315 0.14904 2 131 0.015267 133 0.238285 

vineetbuch 1 0.002617 0.001294 2 1 2 3 0.5 

muhtarkent 2 0.00375 0 2 0 0 2 0.5 

peteratmsr 2 0.001086 0.023227 2 11 0.181818 13 0.509091 

denialCEO 2 0.001387 0.004525 2 3 0.666667 5 0.166667 

maggiacomo 2 0.001755 0 2 0 0 2 0 

marywhenman 2 1.67E-04 0.010031 2 10 0.2 12 0.189394 

overstockCEO 2 0.001659 0.005583 2 2 1 4 0.25 

tonitwhitley 2 7.21E-04 0.006015 2 5 0.4 7 0.3 

crossfitCEO 2 0.002214 0 2 0 0 2 0 

CEO_mcloughlin 2 0.001703 0 2 0 0 2 1 

craigzelizer 0 7.01E-04 0.027529 1 18 0.055556 19 0.330065 

puregger 0 4.05E-04 0.048921 1 26 0.038462 27 0.518462 

jartigasherrera 0 7.01E-04 9.29E-04 1 1 1 2 0 

kevinlisota 0 7.99E-04 0.05769 1 32 0.03125 33 0.450605 

samzaid 0 3.97E-04 0.008687 1 6 0.166667 7 0.333333 

vinit44 1 9.11E-04 0.007665 1 4 0.25 5 0.35 

tdklein 1 9.11E-04 0.007981 1 3 0.333333 4 0.75 

aireenomar 2 2.48E-04 1.59E-04 1 1 1 2 0 

joshkirschner 2 4.96E-04 0.002725 1 1 1 2 0 

apidictionist 2 4.49E-04 0.012031 1 6 0.166667 7 0.642857 

arno_walter 2 4.49E-04 0.002773 1 2 0.5 3 0.5 

bendiek 2 6.18E-04 0.004454 1 3 0.333333 4 0.833333 

john_p_d 2 1.65E-04 0.007576 1 6 0.166667 7 0.166667 

boosc 2 4.49E-04 0.009834 1 5 0.2 6 0.466667 

charlespgarcia 2 1.03E-04 0.021914 1 14 0.071429 15 0.21978 
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JoeRipp1 2 0.002337 0.006177 1 4 0.25 5 0.4 

rosettathurman 2 2.73E-04 0.005516 1 8 0.125 9 0.347222 

davidzaslav 2 4.47E-05 0.004458 1 3 0.333333 4 0.083333 

scottytidwell 2 7.31E-05 0.009764 1 7 0.142857 8 0.214286 

dklenhardt 2 1.03E-04 0.01336 1 8 0.125 9 0.25 

jetsuiteCEO 2 0.002417 0.022239 1 14 0.071429 15 0.304762 

simonation 2 7.27E-04 0.005829 1 4 0.25 5 0.666667 

karenkaplanHH 2 0.001916 0.002039 1 2 0.5 3 0 

jonasprising 2 4.74E-04 0.001451 1 4 0.25 5 0.2 

kimcurtislegacy 2 6.54E-05 0.01871 1 14 0.071429 15 0.257143 

maximnohroudi 2 4.49E-04 0.010245 1 8 0.125 9 0.232143 

LacountyCEO 2 4.47E-05 0.001539 1 1 1 2 0.5 

vanbeurdenshell 2 0.001475 0 1 0 0 1 0 

gary_kelly 2 0.001229 0 1 0 0 1 0 

ceo4tag 2 0.001229 0 1 0 0 1 0 

antman102 0 0 0.004366 0 2 0 2 0.5 

collision 0 0 0.075945 0 49 0 49 0.41284 

davidnovakOGO 0 0 0.024006 0 14 0 14 0.32967 

howardlindzon 0 0 0.085241 0 64 0 64 0.373512 

idobitom 0 0 0.002055 0 1 0 1 0 

katepalmer_CEO 0 0 0.001434 0 1 0 1 0 

shantanuksinha 0 0 0.021454 0 11 0 11 0.454545 

sagirubin 1 0 2.51E-04 0 1 0 1 0 

94FiftyCEO 2 0 0.004881 0 4 0 4 0.5 

annechahal 2 0 0.030693 0 20 0 20 0.386842 

bighealthidea 2 0 0.001624 0 2 0 2 1 

carenzturner 2 0 1.13E-04 0 1 0 1 0 

CCI_CEO 2 0 0.004017 0 4 0 4 0.166667 

CXCEO 2 0 0.003172 0 3 0 3 0.333333 

jimbuckmaster 2 0 8.83E-04 0 1 0 1 0 

joelsimkhai 2 0 0.01801 0 10 0 10 0.555556 

marcc 2 0 9.29E-04 0 1 0 1 0 

pjmachado 2 0 0.034771 0 27 0 27 0.297721 

scottevestCEO 2 0 0.015962 0 9 0 9 0.361111 

silbs 2 0 0.008028 0 5 0 5 0.6 

stephenrwynn 2 0 8.22E-04 0 1 0 1 0 

tbmHR 2 0 0.041393 0 31 0 31 0.310753 

techburgh 2 0 0.032414 0 22 0 22 0.277056 

theJHF_CEO 2 0 9.29E-04 0 1 0 1 0 

tysonfoodsCEO 2 0 0.002629 0 1 0 1 0 

wingstopCEO 2 0 9.01E-04 0 1 0 1 0 
Table 9 

Network Output by In-degree 
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Table 10 

Following Ratios of Top 15 Nodes in Each Community 

ID Modularity Class In-degree Out-degree Following Ratio 

elonmusk 0 173 0 undefined 
jack 0 148 81 1.827160494 

dickc 0 136 44 3.090909091 
bhorowitz 0 130 22 5.909090909 

bgurley 0 124 67 1.850746269 
tim_cook 0 121 5 24.2 

levie 0 116 47 2.468085106 
jeffweiner 0 111 39 2.846153846 

paulg 0 108 14 7.714285714 
travisk 0 99 65 1.523076923 
jason 0 88 64 1.375 

JeffBezos 0 87 0 undefined 
bchesky 0 84 21 4 

drewhouston 0 82 43 1.906976744 
chamath 0 81 33 2.454545455 

     

ID Modularity Class In-degree Out-degree Following Ratio 

pmarca 1 182 156 1.166666667 
fredwilson 1 162 69 2.347826087 

joshk 1 104 112 0.928571429 
bfeld 1 101 47 2.14893617 

msuster 1 94 77 1.220779221 
davidhornik 1 82 31 2.64516129 

bill_gross 1 78 82 0.951219512 
jeff 1 77 40 1.925 

davidlee 1 73 102 0.715686275 
aileenlee 1 71 99 0.717171717 

bijan 1 70 55 1.272727273 
johnolilly 1 66 30 2.2 

pkedrosky 1 63 33 1.909090909 
chrisfralic 1 59 129 0.457364341 

bryce 1 53 45 1.177777778 
     

ID Modularity Class In-degree Out-degree Following Ratio 

billgates 2 188 19 9.894736842 
marissamayer 2 143 42 3.404761905 

ericschmidt 2 128 33 3.878787879 
timoreilly 2 119 78 1.525641026 

benioff 2 113 85 1.329411765 
richardbranson 2 113 14 8.071428571 

vkhosla 2 111 42 2.642857143 
ariannahuff 2 101 38 2.657894737 

TEDchris 2 100 43 2.325581395 
satyanadella 2 94 35 2.685714286 

biz 2 86 35 2.457142857 
johnbattelle 2 80 81 0.987654321 

chr1sa 2 72 39 1.846153846 
tonyhsieh 2 67 4 16.75 

oprah 2 62 2 31 

 


