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ABSTRACT 

Social networking sites became very popular since the introduction of Six Degrees in 1997 and companies started to utilize 
them to build online communities. This research aims to further understand online communities by analyzing the network 
structure and composition of Twitter follower networks. An explorative analysis is conducted on the Twitter follower 
network of Europe’s twenty-five largest product software vendors, which includes 95,895 unique followers. A proprietary 
tool was built for data collection and social network analysis was used to analyze the data. Structural analysis shows that the 
networks have small-world characteristics and have high reciprocity in terms of following relationships. Analyzing the 
composition of the networks shows that a) they have a small internal audience and large external audience, b) Twitter is used 
for monitoring competitors by some, and c) the companies have very distinct and unique follower communities. Especially 
the uniqueness of the communities demonstrates the value of such communities to companies. 
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INTRODUCTION 

Social networking sites (SNS) emerged around 1997 (Boyd & Ellison, 2007) and have become popular in a relatively short 
time resulting in some SNS having over 100 million users. Due to the massive use of SNS, many companies started to 
embrace SNS as a new opportunity to communicate and engage with customers and end-users (Culnan, McHugh, & 
Zubillaga, 2010; Faasse, Helms, & Spruit, 2011). Twitter is one of the most popular SNS with 53% of the Fortune 500 
companies using it by 2009 (Culnan et al., 2010). This social networking and micro blogging service launched in 2006 
currently has over 500 million registered users and 200 million active users1. Companies use Twitter to post content (limited 
to 140 characters) and to interact with followers that respond to tweets or ask questions. Furthermore, it enables users to 
follow other users and hence to establish relations to other users, which is an important characteristic of a SNS (Boyd & 
Ellison, 2007). The feature to follow other users results into a network of linked Twitter users that can be considered as an 
online community where linked users can respond and interact with each other (Gruzd, Wellman, & Takhteyev, 2011). Such 
online communities can create value for a company as they can support branding, i.e. customer loyalty, or customer service 
support, i.e. web care, for example (Culnan et al., 2010; McWilliam, 2000).  

To get the most out of online communities, companies should manage their community (Ang, 2011). This requires that it is 
understood how an online community is build up, e.g. who is following and how followers are connected amongst each other. 
Knowing the target audience makes is possible to provide information of interest to this audience. Furthermore, the linkages 
between the followers might for example reveal that there are certain clusters or sub-communities amongst followers. To 
explore the structure of online communities of companies, we collected and studied the Twitter follower communities of 
twenty-five major software vendors in Europe. A software program was developed that connects to the Twitter API to collect 
data from followers of a particular Twitter account. From this data we can derive the network between the followers. Social 
network analysis was used to study the structural characteristics of these networks. Main contribution of the paper is that it 
shows that online communities of Twitter followers have small-world characteristics and high reciprocity. Furthermore, it 
demonstrates the uniqueness of these online communities showing that each company has its own audience. 

1 https://twitter.com/twitter/status/281051652235087872 
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The structure of the paper is as follows. Section 2 discusses the theoretical background and is followed the by research 
approach in section 3. Section 4 presents the results and analysis. Finally the conclusions are presented in section 5. 

THEORETICAL BACKGROUND 

SNS such as Twitter already received a lot of attention from scholars. Research focuses on different aspects, such as self-
disclosure of users (Kreps, 2010) that can be linked to privacy concerns (Hann, Hui, Lee, & Png, 2007), the content and 
authors of messages (Cha, Haddadi, Benevenuto, & Gummadi, 2010; Java, Song, Finin, & Tseng, 2007; Kwak, Lee, Park, & 
Moon, 2010), predictions (Bollen, Mao, & Zeng, 2010), SNS firms as an industry (Gnyawali, Fan, & Penner, 2012), the 
adoption of such services (Dickinger, Arami, & Meyer, 2008), and their use in emergency response management (Cheong & 
Cheong, 2011). The focus is often on how people use Twitter (Java et al., 2007; Wu, Hofman, Mason, & Watts, 2011; Zhao 
& Rosson, 2009). A good example here is Java et al. (2007) who provide a taxonomy of users intention to use twitter, namely 
daily chatter, conversations, sharing information/URLs and reporting news.  

In this research we are interested in the structural characteristics and composition of communities of Twitter followers that 
form around a corporate account based on the micro-blogging service Twitter. In the sections below the most important 
related studies are discussed, focusing on communities in Twitter and structural characteristics of Twitter networks. 

What is a community on Twitter? 

Communities on Twitter are a form of online communities and can be identified in different ways. First of all, different 
scopes of the network can be identified. One of the options is to consider the whole Twittersphere as the community and 
study all relations between all users (Kwak et al., 2010). Others study the relations among the followers around a particular 
node in the Twittersphere (Gruzd et al., 2011) or sometimes also including the followers of the followers. Secondly, there are 
different interpretations of what entails a relationship between people on Twitter. The most generic relations are the 
following relations between Twitter users where one user not necessarily needs to reciprocate the following relation by 
another user. More specific relations are studied by Gruzd et al. (2011) focusing on reciprocate following relations between 
users. In their view this type of relation indicates a bond between two users. Huberman, Romero and Wu (2008) go even 
further and say that a following relation is not similar to a friend relation and suggest that the real network of Twitter users is 
only found by focusing on directed messages between users (including an @mention).  

Network patterns 

Studies on network patterns focus on particular characteristics to distinguish one type of network from another, also referred 
to as finger prints (Alvarez-Hamelin, Dall’Asta, Barrat, & Vespignani, 2005). Standard network patterns include: star, ring, 
binary tree, spider and bipartite networks (Lovejoy & Sinha, 2010). But research has shown that many networks have a 
small-world structure (Kadushin, 2011).It has been described by Watts and Strogatz (1998) and consists of a small number of 
well-connected hubs and the distribution of connections between nodes in the network follows a power-law distribution. 
Several studies confirmed the small-world structure in online social networks (e.g. Java et al., 2007; Leskovec & Horvitz, 
2008), but Kwak et al. (2010) is an exception. 

Another more recent study focused on the segmentation in online friendship networks and found: “singletons who do not 
participate in the network; isolated communities which overwhelmingly display star structure; and a giant component 
anchored by a well-connected core region which persists even in the absence of stars” (Kumar, Novak, & Tomkins, 2006). A 
structure that slightly resembles the structure in communities of practice (Wenger, McDermott, & Snyder, 2002). They have 
a ‘core group’ of members that is very active and well connected. The second group is the ‘active’ members and they 
regularly contribute but not as much as the core group. Finally, the peripheral group hardly participates in the actions and 
mostly observes the discussion from the sideline.  

Online social networks are often considered as friendship networks and reciprocity is often studied in these networks. 
Reciprocity refers to mutuality of a relationship and is characteristic for friendship (Golder, Wilkinson, & Huberman, 2007; 
Kadushin, 2011). Studies found that online social networks have high reciprocity (Java et al., 2007; Kumar et al., 2006). 
Once again the study Kwak et al. (2010) is an exception and a possible explanation is that they studied following 
relationships which are not considered friendship relationships.  

RESEARCH APPROACH 

This section outlines the research sample that has been used and the approach that has been followed for data collection and 
analysis. We followed the approach of Gruzd et al. (2011) and focus on a particular node, i.e. a corporate Twitter account of a 
company in the Twittersphere, and study the following relations between the followers of this account. 
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Sample 

This research concerns an explorative analysis of the Twitter follower network of the twenty-five largest product software 
vendors in Europe according to the Truffle100 list2. The ranking is based on the software revenue of these companies from 
the year 2010 (Appendix A, table 3 and table 4). In this research Autonomy is considered as a separate entity, despite its 
recent acquisition. For each of the companies we constructed the network of their direct Twitter followers, i.e. their followers 
and the following relations amongst them. Product software vendors were selected because the IT industry is known to be at 
the forefront of social media adoption (Culnan et al., 2010).  

Data collection 

We manually identified the corporate Twitter accounts for each vendor via their international website or, if unsuccessful, by 
using a Twitter search. Two companies did not show any results, leading to the conclusion these do not have a Twitter 
account. In the next step, the 1st level data was collected concerning the immediate Twitter followers (of the corporate 
account), and the edges between these followers were identified. This was done by scanning the 2nd level network (i.e. 
followers of the followers), revealing existing relationships between nodes of the 1st level network for each company. A 
proprietary tool was developed to connect to the Twitter REST API and collect the data based on the Twitter ID of the 
twenty-three software vendors (two out of twenty five did not have an account). To test the tool, a test query was run with a 
sample Twitter account and the stored information was verified with the data shown at the account page on Twitter.com. 
Additionally, we used a query to perform a consistency check by looking up source and target user id’s in the nodes table. 
Data was collected from May 1st till June 15th, 2012, except for the SAP account due to some technical difficulties. This data 
was collected by July 23rd, 2012. 100,419 1st level Twitter profiles were crawled to collect account information. 147,618,221 
2nd level profiles were identified to map the relation of the 100,419 1st level Twitter profiles. All collected data is publicly 
available either on Twitter or via other open sources. Private data has not been disclosed. 

Data analysis 

The networks of Twitter followers of twenty-three product software vendors were studied in more depth. Gephi (0.8.1 beta), 
an open-source graph visualization and manipulation tool, was used for the visual and numerical analysis of the networks. 
The first part of our analysis focused on the characteristics of online social networks that also has been subject of other 
studies, namely reciprocity and small-world-ness. In the second part of our analysis the composition of the Twitter follower 
networks was studied. This analysis focused on the internal versus external followers, competitor followers and unique 
followers. Internal followers are those that are part of the company and external followers are all outside the company. This 
analysis was conducted by scanning the user data of the followers for the company name. Competitive intelligence followers 
are those external followers that can be labeled as competitors because they operate in the same industry. To conduct this 
analysis all Truffle 100 software product vendors were classified into one of six categories that we based on the UNSPC 
Classification for Software products (Code 43230000). This list was then used to scan the followers of each account for those 
that can be related to competitors in the same business category. Unique followers were studied to check the overlap in 
followers between vendors. A low overlap suggests a unique community for each vendor. The Jaccard index (Bassecoulard & 
Zitt, 1999) has been used to determine the overlap among each pair of Twitter accounts (total (23x22)/2=253 pairs). 

RESULTS AND ANALYSIS 

The size of the networks that were studied varies from 9 nodes (Murex) to 54,536 nodes (SAP). For second level followers it 
ranges from 1,739 for Murex and up to 39,013,657 for SAP. Below, first the structural characteristics of the follower 
networks are presented. The aim is to compare the characteristics of our Twitter networks with  other online social networks 
and networks in general. Second we the focus on the composition of the networks to better understand the audience of the 
companies on Twitter. 

Structural characteristics of follower networks 

Small-World-ness 

The degree distribution plots the number of relationships of a node (in-degree + out-degree) in a graph and is one way to 
indicate a small-world structure of a network. A small-world network consists of a few hubs with many relationships and 
many nodes with few relations. These hubs make the connectivity in a small-world network much better compared to a 
randomly connected network. A small-world network is characterized by a degree distribution, which follows a power-law. 

2 http://www.truffle100.com/2011/ranking.php 
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Figure 1 shows an example of the degree distribution of one of the product software vendors. Like for all vendors, this figure 
shows a power-law distribution. 

Another measure is small-world-ness, which is based on the ratio of the two network measures related to the clustering 
coefficient and the average path length (Humphries & Gurney, 2008). The first measure compares the clustering coefficient 
of a network with the clustering coefficient of a random network having the same number of nodes and edges. In this 
comparison the random network is based on the Erdös-Rényi (E-R) random graph. The second measure is the comparison of 
the average path length of a network with the average path length in an E-R random graph. This means, a network is said to 
be a small-world, if the clustering coefficient is larger than the one of a random graph while the average path length is the 
same or smaller than in a random graph. All networks, except for Collateral Murex, have a small-world-ness value of (S) > 1 
(see most left column in table 4 in Appendix A). Therefore, we conclude that all networks have small-world properties 
(Humphries & Gurney, 2008). As such, corporate Twitter accounts are not different from other networks that tend to have 
small-world structure.  

 

 
Figure 1 A power-law distribution can be identified in the degree report; here based on the example of the account @dassault3ds. 

Count (y-axis) stands for the number of nodes and value (x-axis) for the number of degree. 

Reciprocity 

Reciprocity measures the number of mutual ties in a directed graph. It shows if the following relation is in one direction or in 
both directions. If it is in both directions there might be a mutual interest among the followers indicating a more cohesive 
group of followers. Literature provides two different methods to calculate reciprocity, i.e. using the arc or the dyad method 
(Hanneman & Riddle, 2005). The first calculates the proportion of dyads that have reciprocated ties and the latter calculates 
the proportion of all ties that are reciprocated. The reciprocity of each network is shown in table 4 of Appendix A. 
Calculating the mean and standard deviation gave the following results: 0.925 (SD=.041) using the arc method and 0.863 
(SD=.072) using the dyad method. Considering that 1 is the maximum score these results are very high and not necessarily 
expected since there is no rule to follow a person back on Twitter. A possible explanation is that many people use the 
function to follow automatically back, but this could not be checked easily for our sample. The reciprocity values that were 
found are also higher compared to other studies in the field of online social networks (see Java et al., 2007).. 

Composition of follower networks 

In the analysis of the composition of the follower networks we take a closer look on who is following the corporate Twitter 
account. At first it is studied if there is merely an internal audience, i.e. departments or employees following the corporate 
account, or that there is an external audience of people not working for the organization. Then the external audience is more 
closely examined to find out who is following the corporate account. Possible followers could be firms from the same 
industry with an interest in what their competition is doing, (potential) customers/users that want to stay up-to-date with new 
releases and other news, and market research and consultancy firms interested in developments in the software market. 
Competitors can be identified based on their name. Then it is analyzed if they are present in the follower networks of each 
other. Market research and consultancy firms can be identified as it is assumed that they will follow many of the software 
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companies. If we find a unique audience for each company it might be an indication that the followers are (potential) 
customers. 

Internal versus external audience 

For each of the twenty-three product software vendors the proportion of internal followers was determined, i.e. followers 
belonging to the same company. This was done by scanning the data of the followers for the company name, e.g. Unit4. The 
analysis revealed that internal followers typically fall in these three categories: a) they are part of the same company, but 
belong to a different geographic area – one example is IFS with @IFSUK, @IFSNorthAmerica, @IFS_D_A_CH, 
@IFS_Turkiye, @IFS_Benelux and @IFS_Iberica; b) accounts which are part of the same company, but belong to different 
products – in the example of Dassault Systemes it is @3DSLive, @3DSExalead, @3DSCATIA, @3DSdelmia and 
@3DS_SIMULIA; c) they are employees* and/or specific functions – such as HR and Support. There are eight companies 
where more than 1% of the followers can be associated to the company and Unit4 (3.66%) and IFS (3.37%) have the most. 
The sample of corporate Twitter accounts therefore has largely an external audience.  

 
Figure 2 Pattern in the follower network with more than 1000 degree of @sophoslabs based on vendors’ domain in security. Size of 

the nodes is based on degree. Color-coding is based on modularity measure. 

Competitor followers 

When companies from the same industry follow each other, it is assumed to relate to competitive intelligence efforts. We 
identified the competitors by classifying the Truffle100 companies into categories that we developed based on UNSPC. In 
this classification each of the one hundred companies is classified into one of the following categories: Business Function, 
Industry Specific, Finance Accounting & Enterprise Resource Planning, Data Management, Content, and Infrastructure. 
Next, we checked for each of the twenty-three companies in our sample if they are followed by one of the companies on the 
Truffle100 list by searching for their name. Although the findings are not repeated for each company in the sample, there are 
still some examples worth mentioning that might indicate a pattern. The first one is Sophos that is followed by two other 

* These are mostly documented through the addition of the company’s name or acronym before or behind the individuals’ 
name. Due to privacy concerns we left out examples. 
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major European security software vendors, namely AVG and Panda Security. A visual representation of the network (see 
Figure 2) further supports this finding as it revealed that also software vendors outside Europe are among their followers, i.e. 
@Kaspersky, @Symantec and @Trend_Micro. In the Anti-Virus industry it is crucial to learn about new viruses and 
following competitors is one way to find out about them. Another example is SWIFT, where we identified Temenos, Fidessa, 
Smartstream and Misys as competitor followers from the Truffle100 list (category: Industry specific software). When the 
industry is ignored it was found that Sage follows 6 and SAP follows 9 of the twenty-three companies. This and the previous 
examples demonstrate that some companies are aware of the importance of Twitter as a communication channel and make 
sure they stay tuned to their competitors.  

Unique followers 

The sample that we chose consists of product software vendors in Europe. Due to the fact that they are in the same 
geographic location and in the same industry, it might be expected that there is overlap between followers of these 
companies. The line of reasoning here is that if a person is interested in a software vendor he might also be interested in what 
his competitors are offering. Also, news agents, suppliers or market watchers (like Gartner or Forbes) might be following 
these companies on Twitter. Newsagents and market watchers need to be aware of the most current trends associated with a 
particular company and its industry. Suppliers will follow an industry as they see such industry as a potential customer base. 
Hence overlap between the follower communities is expected rather than unique communities. 

An analysis of the accounts across all follower networks that are most frequent followers (see Table 1) identifies newsagents, 
individuals or companies who see the software product vendors as potential customers. If we extend Table 1 with those 
following 5 or more accounts then the list grows to 25 accounts (out of 95,895 unique followers). One also may expect 
business analysts, recruitment- or marketing agencies to dominate this list, but these were not found.  

 
Table 1 Overview of Twitter accounts following more than 6 of the selected Software Product companies. 

Besides overlap in terms of frequency, also the general overlap between individual companies was analyzed. The Jaccard 
index was used to measure the percentage of overlap in the follower networks. Out of the possible 253 pairs only nine scored 
an overlap of more than 1 percent (according the Jaccard index). The most interesting overlap is found for the same cluster of 
companies that was found before and which are all active in the financial industry (see Table 2). Another cluster that we 
found involves Exact and Unit4, which have 2.09% overlap and are both Dutch software vendors. 

  

Account Frequency Domain Description based on bio of Twitter use 

MarqitNL 9 News News platform for IT professional 

MartrainLtd 7 Company Tech marketing agency 

Transacting 6 Mixed 

Banking technology professional; follow me for news in 
finance, tips in technology and the latest in best practice in 
banking systems 

rainmakerfiles 6 Company Steer technology rainmakers towards high growth opportunities 

Persistentcom 6 Company 
Specialize in the acquisition and development of Premium 
Domain Names 

Johnpeterking 6 Individual No further information available 

ITDF 6 News IT Directors Forum 

IBSIntelligence 6 Company 
Independent research, news and analysis of financial technology 
and core banking systems 

econique_group 6 Company 

CxO relations and offer communication channels for chief 
executives with high level networking and cutting-edge 
conferences 

CarlatStar 6 Individual Business Development Manager working for Star 

AWVance 6 Individual 
B2B IT Lead Generation Campaign Manager for Enterprise IT 
Vendors 
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Table 2 Overlap of follower network measured with jaccard index. 

Conclusions 

Many companies are aware of Twitter and jumped on the bandwagon to claim their presence in the Twittersphere. But 
leveraging the online community of Twitter followers requires an understanding of the structure and composition of this 
community. To further our understanding of the structure and composition of online communities of Twitter followers the 
follower networks of the top twenty-five product software vendors in Europe were studied.  

Structural characteristics of the follower network that were studied included small-world-ness and reciprocity. From general 
network studies it is known that many networks have a small-world structure and several studies also confirmed this for 
online social networks. However, in these studies the focus is on a random selection of the Twittersphere. Our study 
demonstrated that small-world-ness is also found in the case of follower networks around corporate Twitter accounts. From 
partly the same studies it is also known that online social network are characterized by high reciprocity. Also in our study we 
found this high reciprocity. Still this is found remarkable as reciprocity is typically found in friend networks. Hence, it is not 
necessarily expected among followers of corporate Twitter accounts. A practical implication for companies is that there are a 
few hubs or connectors in the follower network that are quite influential and their opinion on a software product might 
influence the opinion of other followers. Another implication, following from the reciprocity findings, is that followers to 
some extent know each other and have mutual relations. Hence, they might influence each other’s opinion on a software 
product but they can also potentially help each other in case of questions or problems with the software. 

To better understand the composition of the follower networks on Twitter we studied internal versus external followers, 
competitor followers and unique followers. The majority of the followers are external and not directly related to the company 
(i.e. no subsidiaries, products or employees). Furthermore, some competitors are following each other, especially in the anti-
virus and financial industry. But it seems to happen infrequently showing that companies do not see the potential of 
competitive analysis on Twitter. A critical note here is that we could only identify competitors because they followed another 
corporate Twitter account and used their company name in their own account name. However, there are many other ways in 
following a competitor that cannot be detected in this way and therefore not recognized in our study. Finally, the overlap 
analysis showed that overlap between the Twitter follower networks of the studied companies is very low. This leads to the 
conclusion that each of the companies has a rather unique group of followers that is only interested in their company. 
Considering the fact that these followers tend to have relatively few followers, a preliminary conclusion is that these are 
individuals rather than companies and might be users of their product.  

The uniqueness of the communities around the corporate Twitter accounts might indicate the potential of these communities. 
It is believed that many of these followers are (potential) users of the software and therefore they might have an interest in 
new releases of the software, need help to make better use of the software and report failures or problems with the software. 
Therefore, companies should carefully think about how to address and engage their followers. However, the focus on the 
software industry makes it difficult to generalize from this study and to apply it to other industries. Future research should 
therefore focus on increasing the sample with companies from other industries. Furthermore, it is interesting to focus more on 
the core group of the community that interact the most with the company and to study their role in the online community. 
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 Swift Misys Temenos Fidessa 
Swift - 3.74% 2.53% 4.11% 
Misys 3.74% - 6.2% 1.89% 
Temenos 2.53% 6.2% - 1.39% 
Fidessa 4.11% 1.89% 1.39% - 
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APPENDIX A 

 

 
Table 3 List of top 25 Software Product Companies part 1. 

  

Rank Company HQ 
SW 
Revenue* Edges 

Nodes 
(Followers) 

2nd Level 
Followers 

1 SAP DE 12336.7 499,175 54,536 39,013,657 

2 Dassault Systems FR 1563.8 105,821 4289 2,512,420 

3 Sage UK 1542.9 432,296 10178 25,948,372 

4 Software AG DE 919.2 12,738 1856 5,159,745 

5 Datev DE 684.6 347,189 3600 32,175,260 

6 Autonomy UK 657.0 17,134 2199 2,678,872 

7 Asseco PL 516.4 1,074 141 1,975,229 

8 SWIFT BE 511.1 24,622 1515 2,162,271 

9 Wincor Nixdorf DE 461.6 613 398 215,028 

10 Misys UK 431.2 2,298 332 96,661 

11 Unit4 NL 421.7 6,933 766 505,657 

12 
Sopra Group / 
Axway FR 354.7 984 538 183,732 

13 Temenos Group CH 338.2 1,920 539 352,338 

14 Swisslog CH 324.9 53,429 1449 18,701,506 

15 Micro Focus UK 322.7 5,144 1148 5,321,962 

16 
Compugroup 
Holding DE 312.4 n/a n/a n/a 

17 Murex FR 310.0 2 9 1,739 

18 Invensys UK 279.2 1,542 616 116,301 

19 

NIS (Northgate 
Information 
Solutions) UK 269.0 n/a n/a n/a 

20 IFS SE 264.0 1,062 297 216,149 

21 Acision UK 260.4 2,685 683 269,599 

22 Sophos UK 259.4 251,321 12146 5,733,759 

23 Fidessa UK 228.8 19,369 1041 1,626,394 

24 Exact NL 228.2 17,109 1768 2,517,519 

25 Cegid FR 218.0 3,987 375 134,051 

* = 2010 in m€, 

Software revenues include related services 
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Table 4 List of top 25 Software Product Companies part 2. 

 
  

Ran
k 

Reciproci
ty (arc 
method) 

Reciprocit
y (dyad 
method) Twitter accounts 

AVG. 
Degree 

AVG 
Path 
Length  

AVG. 
Clustering 
Coefficien
t  

Small-
world-
ness 

1 0.90 0.82 @SAP 10.88 3.17 0.44 1483.96 

2 0.95 0.91 @Dassault3DS 25.79 2.57 0.51 36.05 

3 0.99 0.97 @sageuk 45.08   0.35 36.05 

4 0.92 0.85 @SoftwareAG 8.40 2.93 0.46 53.75 

5 0.99 0.99 @DATEV 105.68 2.43 0.42 6.04 

6 0.95 0.90 @AutonomyCorp 9.24 3.16 0.45 54.13 

7 0.96 0.92 @assecoESP 8.73 2.32 0.56 4.04 

8 0.94 0.89 @swiftcommunity 18.54 2.50 0.52 20.41 

9 0.84 0.72 @Wincor_Press 3.13 3.25 0.59 142.96 

10 0.90 0.82 @misysbanking 7.79 2.43 0.62 11.52 

11 0.95 0.90 @UNIT4_Group 10.14 2.75 0.57 18.94 

12 0.87 0.77 @soprarh 3.59 3.34 0.36 54.63 

13 0.90 0.82 @Temenos 5.16 3.16 0.36 29.16 

14 1.00 0.99 @SwisslogNA 39.43 2.55 0.37 5.42 

15 0.92 0.84 @microfocus 5.47 2.99 0.37 44.45 

16 n/a n/a n/a      

17 0.00 0.00 @CollateralMurex 0.00 1.33 0.00 0.00 

18 0.88 0.78 @invensys 3.78 3.01 0.54 81.40 

19 n/a n/a n/a         

20 0.88 0.79 @IFSworld 4.87 2.84 0.55 17.13 

21 0.90 0.81 @Acision 5.59 3.25 0.46 48.84 

22 0.91 0.83 @SophosLabs 22.55 2.53 0.51 169.50 

23 0.94 0.90 @Fidessa 20.85 2.45 0.49 10.93 

24 0.95 0.91 @exactsoftware 11.44 3.23 0.45 32.91 

25 0.92 0.84 @CegidPresse 10.92 2.13 0.66 9.66 

Lists only twitter accounts which were associated with the company through their logo in the avatar or 
via the registered symbol in the short account description; accounts owned by individual employees are 
excluded 
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