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Abstract
Social networks are playing a vibrant role in spreading information among its users. With the ongoing boom in technology, 
social networks are becoming very popular nowadays and are made up of a multitude of users. Some of these users may 
have a strong influence on the other network users depending on their uncommon elevated values of betweenness centrality 
(BC). In the online discussion network such as Twitter, the extremely important users are called Opinion Leaders, who play 
a vital role in the spread of information in an efficient and fast way and keep the isolates interested in the online discussion 
network. One of the most significant problems in the associated sector is the identification of opinion leaders. In this paper, 
opinion leaders are chosen based on various centrality measures. The central users are identified based on their in-degree 
and out-degree links and are ranked within the network by their BC values. Furthermore, we analyze community evolution 
by using the standard Louvain algorithm. The experiment is performed on publicly available Higgs Boson data from Twitter. 
The conversation starter and influencer have been observed as an opinion leader for each network. These users have been 
observed to play a crucial part in the dissemination of information in an online discussion network.
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1 Introduction

The use of the online social network (OSN) has grown expo-
nentially in the recent decades. These OSNs including Twit-
ter (http://www.twitt er.com), LinkedIn (http://www.linke din.
com), Google + (http://plus.googl e.com), Facebook (http://
www.faceb ook.com), Sina Weibo (http://www.weibo .com), 
and Tumblr (http://www.tumbl r.com) have hundreds of mil-
lions of active users. The use of OSNs is not only connecting 
users with their friends and family members, but it is also 
a fast way to keep users in touch with the latest news and 
events happening locally as well as globally. According to 
a recent study by Cherepnalkoski et al., Twitter has been 
nominated as the most widely used internet microblogging 

platform with more than 0.3 billion active monthly users 
and 0.5 billion daily tweets (Cherepnalkoski et al. 2016). 
Politicians, scientists, and celebrities, who use Twitter as a 
medium to share their private profile and opinions, are the 
most prominent active users (De Domenico et al. 2013; Ste-
ver and Lawson 2013; Adalat et al. 2018). The interweaving 
of a variety of users involved in each kind of ongoing online 
discussions produces a very huge amount of unstructured 
data. The processing of these data may be helpful in identi-
fying opinion leaders, their communication/connection pat-
terns, and the flow of opinion of users participating in online 
communication.

OSNs can be clearly visualized as graphs. Many research-
ers have done work by using large-scale data in various 
domains such as SIoTs (Abdul et al. 2018; Rehman et al. 
2019), small-world networks (Farhan et al. 2019), link pre-
diction (Liben-Nowell and Kleinberg 2007), medical (Mitch-
ell and Ross 2016; Sadiq et al. 2019) and opinion formation 
(O’Sullivan et al. 2017) to name a few. The primary purpose 
of this study is the identification of multiple kinds of signifi-
cant users and visualization of their associated connection 
patterns. A directed Twitter dataset called Higgs-Twitter 
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accessible at (Jure Leskovec) is used to validate the pro-
posed work.

Many researchers worked for the identification of opinion 
leaders in social networks (Xiaoqing et al. 2013; Khan et al. 
2015; Aleahmad et al. 2016). In addition, Feng contributed 
to this domain by finding the most central user from the 
network #RaceTogether Campaign (Feng 2016). There are 
many reasons to identify opinion leaders, which may include 
political intentions (Cherepnalkoski et al. 2016; Adalat et al. 
2018), sports (Lamirán-Palomares et al. 2019), new technol-
ogies adaptation (Rogers and Everett 2003), updating brand 
knowledge (Keller and Berry 2003), and direct marketing 
and advertising (Trusov et al. 2010). The identification of 
opinion leaders is very important as these leaders play a 
significant rule in the rapid spread of information within 
the network.

This paper presents a study based on various centrality 
measures and a community-detection-based approach for 
identifying opinion leaders for a specific scientific discovery 
trend on twitter. The twitter dataset is used for experimenta-
tion purposes as twitter has quick information flow with a 
huge impact on opinion formation of the public. The dataset 
used in this research contains tweets information about the 
discovery of a new particle with the features of elusive Higgs 
Boson. A novel community detection approach is proposed 
to identify the most influential users in the network. Fur-
thermore, in-degree, out-degree, and betweenness centrality 
based measures are also used to find key users. The ultimate 
purpose of this study is two-fold. Firstly, we are interested 
to identify the most influential users which are termed as 
opinion leaders and explore the flow of information among 
these users in the online discussion network. Secondly, this 
study unveils the connection pattern of these identified most 
influential users of the network.

The organization of the paper is as follows. Section 2 
reviews the literature. Different types of influential partici-
pants are included in Sect. 3. Section 4 presents the details 
about experimental analysis and results. Section 5 demon-
strates the use of community detection for finding opinion 
leaders in the online discussion network. A brief discussion 
part is included in Sect. 6. Finally, Sect. 7 concludes the 
paper.

2  Related work

Identifying opinion leaders is of vital importance in many 
ways, such as marketing (Clow and Baack 2004), commu-
nity health campaigns (Mitchell and Ross 2016) and, more 
interestingly, studying the flow of information in a distinc-
tive event (De Domenico et al. 2013). This work is also 
inspired by such an application in several domains. Katz 
and Lazarsfeld found in (Katz and Lazarsfeld 2006) that the 

information is not directly transferred from mass media to 
common people. Instead, in most cases it is first interpreted 
by opinion leaders. They called it a “two-step flow com-
munication”. The final recipient can obtain the information 
directly from mass media without the intervention of opinion 
leaders or the information can be relayed via opinion lead-
ers to the common people. Compared to mass media, the 
general impact of opinion leaders on an individual’s choice 
is enormous. In (Kotler 2007), Kotler characterized opinion 
leaders as being able to affect other community users on the 
basis of their unique characteristics, including knowledge, 
personality, and other unique features. Rogers highlighted 
in (2003) opinion leaders based upon three characteristics 
which include prominent social status, significant social 
responsibility, and major social involvement.

Burt in (1999) identified three major functionalities of 
opinion leaders, including information-seeker, informa-
tion-provider, and strong social interaction. Feng proposed 
a methodology in Feng (2016) for identifying influential 
users in the online communication network. Huanhuan 
et al. suggested a new way for opinion leaders to identify 
the synthesize centrality (SC) (Xiaoqing et al. 2013). The 
authors calculated the synthesized centrality by multiplying 
the betweenness centrality (BC) with the normalized degree 
centrality and then dividing the resultant by the closeness 
centrality. Sina, one of China’s largest microblogging web-
sites, was used as a network for experimental purposes. It 
consists of over four thousand users forming a local area 
network called SHU-LAN from Shanghai University. The 
authors over this network computed and compared the Pag-
eRank, HITS, and SC. The final findings showed that SC is 
better in comparison with PageRank and HITS to identify 
opinion leaders.

Twitter data was used by Eugene in (2017) to analyze the 
online communities while Baek and Kim in (2015) and Akar 
and Mardikyan in (2018), Akar et al. (2018) worked to iden-
tify the role of users in the online community. Cataldi et al. 
in (Cataldi et al. 2013) proposed an unsupervised scheme for 
predicting a user’s influence in a community. They classified 
all tweets and created a domain exchange graph for each 
class by deploying N-gram classifier; then they analyzed 
the diffusion of information in these graphs and assessed 
a user’s influence on each community. Lee et al. did work 
on how the Twitter network is being used by scholars for 
informal communication (Lee et al. 2017). Khan et al. used 
the Twitter network to demonstrate the differences between 
the government departments of USA and South Korea (Khan 
et al. 2014).

In the literature, many researchers concentrated on a 
kind of follower–followee sort of relationship between 
users (Java et al. 2007; Kwak et al. 2010; Takhteyev et al. 
2012). However, this sort of relationship does not provide a 
reasonable approximation for the real relationships among 
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users. On Twitter, a single user may follow dozens of users 
and their tweets appear in the user’s news feed that follows 
them, despite the fact that many users do not have the real 
interaction among them. In brief, there is a need to analyze 
the tweets that they produce to know this kind of emerging 
social relation, and interaction among Twitter users. Mainly, 
there exist three kinds of interactions among Twitter users 
shown in Fig. 1 and that we will focus on in our research.

Retweet (RT) A user endorses and broadcasts the informa-
tion shared by the other users to his/her own followers. This 
implies that a user is retweeting the tweet of another user.

Reply (RP) This indicates a user-to-user interchange as a 
reaction to the information confined in a user’s tweet.

Mention (MT) This signifies that the user has shared some 
information by referencing another user in the tweet.

Cha et al. in (2010) proposed that a user can have three 
different types of influence (i.e. an in-degree influence, 
retweet influence, and mention influence) and concluded 
that users can be grouped based on their sort of influence. 
Also, after analyzing these influences, Cha et al. suggested 
that in-degree influence is related to popularity. Kwak et al. 
in (2010) compared the retweets, number of followers and 
PageRank results, and reassure that each criterion will lead 
to distinct user groups.

The work was done to measure the blogger’’s influence 
in the social community and various sorts of influential 
bloggers were identified (Agarwal et al. 2008). The study 
was further extended to aggregate the individual blogs and 
bloggers were ranked from individual and community blogs 
(Agarwal and Nitin 2008). The authors of Moon and Han 
(2010) found influential users via the similarity between the 
bloggers and by the flow of information within the network. 

Also, they categorized popular and influential bloggers and 
measured the influence of the blogger in social community. 
Furthermore, various kinds of influential bloggers were 
identified. The research was also conducted to classify the 
online users into followers and leaders by using the infor-
mation that who they interact. The study was conducted by 
using the Facebook data (Shafiq et al. 2013).

Different approaches exist in the literature for the detec-
tion of opinion leaders. In Canali and Lancellotti (2012), 
principal component analysis (PCA) was deployed to select 
and combine user attributes for finding influential users. 
Bamakan et  al. (2019) made a comparison of different 
approaches systematically including data mining and learn-
ing methods, hybrid content mining, descriptive, statistical 
and stochastic and topological measures, etc. Furthermore, 
the authors discussed the pros and cons of these methods to 
provide an understanding of the current research challenges 
(Bamakan et al. 2019). In this proposed research, we used 
a topological based approach to identify opinion leaders. A 
comparative study of centrality measures including degree 
centrality, closeness centrality, betweenness centrality, 
eigenvector centrality is discussed by Arrami et al. (2018). 
Our research work uses the degree centrality and between-
ness centrality as a metric to identify the opinion leaders.

3  Key users in online discussion network 
and their interaction patterns

Five kinds of key users along with their interaction patterns 
are enlisted in this section.

Fig. 1  Representation of different interactions among Twitter users. Different colors are used for different actions
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3.1  Conversation starter

A user with a lot of ‘in-degree’ connections and a very 
small or no ‘out-degree’ link is appointed in online social 
networks as a conversation starter (see Fig. 2a). This user 
is the one who originally begins the discussion on that 
particular subject and is also accountable for the network 
flow information.

3.2  Influencer

As shown in Fig. 2b, in a network an influencer has many 
‘in-degree’ connections and some ‘out-degree’ connec-
tions. By generating countless tweets that are retweeted by 
numerous other users, an influencer has a lot of impacts 
on the other network users. In addition, an influencer con-
nects many isolates that otherwise have no network link. 
An influencer acts as an opinion leader in a network, since 
other users in the network retweet and mentions the influ-
encer in their tweets.

3.3  Active engager

A user with an abundance of ‘out-degree’ and few or none 
‘in-degree’ is an active engager in the network (see Fig. 2c). 
It disseminates the information in the network by connecting 
to other network users. However, as few users are retweet 
and mention active engager in their tweets, it is not the opin-
ion leader.

3.4  Network builder

Despite getting some ‘out-degree’ connections and few or 
none ‘in-degree’ connections, network builder still has a sig-
nificant role in the network. Network builder connects two or 
more network influencers. Figure 3a depicts the interaction 
pattern for network builder, which connects two influencers.

3.5  Information bridge

The information bridge contains some ‘in-degree’ and ‘out-
degree’ connections in the network. The key role of an infor-
mation bridge is to connect an active engager and influencer. 

Fig. 2  Links association of a conversation starter, b influencer, c active engager, in the network

Fig. 3  Links associations of a network builder, b Information Bridge, in the network
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Figure 3b shows the Information Bridge interaction pattern 
linking an influencer and an active engager.

4  Experimental analysis and results

4.1  Dataset description

A directed Twitter network named as Higgs-Twitter available 
publicly at (Jure Leskovec Stanford Large Network Dataset 
Collection 2019) is used in our experimentation. Previously, 
the dataset was also used in De Domenico et al. (2013), Omo-
dei et al. (2015), Al-garadi et al. (2017) for the experimenta-
tion. The dataset was collected on July 4, 2012. It contains the 
dataset from 1 to 7 July 2012. The available dataset covers the 
time span before, during and after the discovery of the particle 
having the resemblance with the Higgs Boson. The identity 
of the users is not revealed to keep them nameless and ID is 
allocated to each user. In addition, users found in each dataset 
are allocated the same IDs. Mainly, the data are the Retweet 
network consisting of 256,491 nodes and 328,132 edges, men-
tion network of 116,408 nodes and 150,818 edges and reply 
network consisting of 38,918 nodes and 32,523 edges.

4.2  Conversation starter user

According to Borgatti et al. centrality is the main idea in the 
theory of social network (Borgatti et al. 2018). It is linked 
with the participant’s ability to influence the inner dynam-
ics of the network owing to the place of that participant. 
The degree centrality and betweenness centrality are among 
the different measures of centrality. The conversation starter 
is ranked first or second among all the users for all three 
types of data sets which are RP, MT, and RT, based on the 
betweenness centrality as shown in Table 1. A user is char-
acterized in the network by the degree of centrality which 
evaluates the user’s individual standing in the network by 
looking at the edges connecting to that specific node. This 
can be further distinguished by in-degree (when the node 
starts the interaction) and out-degree (when the interaction 
is addressed to the node). The in-degree of conversation 
starter is 1206, 11,953 and 14,060 for the reply, mention 
and retweet network respectively. Whereas the out-degree 
is 7, 7 and 3 for these networks. The degree centrality of the 
user i is given below

where aij is the amount of contacts between i and j . The 
connection pattern for a conversation starter for all networks 
reveals a similar sort of behavior where all users along 
with isolates are attracted toward the conversation starter. 

(1)Di =

n
∑

j=1

aij, i ≠ j

A conversation starter is ranked at position 1 or 2 in all 
the three networks including RP, MT, and RT based on the 
high value of BC i.e. 1,216,103.466, 51,202,891.041, and 
44,671,510.507 respectively. Whereas, the BC of the user i 
is given by Eq. (2)

where n is the number of points in the graph, gij is the num-
ber of routes from i to j and gikj represents the amount of 
routes through a single k (Freeman 1977, 1978). The con-
nection pattern of the conversation starter for reply, mention 
and retweet network respectively are shown in Table 1. In 
summary, the conversation starter user acts as a hub in this 
network. The simulations were performed in Gephi (Bas-
tian and Heymann 2009; Cherven 2015) and MultiGravity 
ForceAtlas2 Layout (Jacomy et al. 2014) was deployed. It 
has the capability to visualize the complex graphs resulting 
from the large-scale dataset.

4.3  Influencer user

For the reply network, the influencer user is the most central 
user with the top position among all the nodes in the network 
because it has the highest betweenness centrality value of 
1,427,809.475. In addition, the online discussion network 
can have more than one influencer. Four influencer users 
with the in-degree of 436, 773, 1587, 3906 and out-degree 
of 23, 21, 5, 14 are identified for the mention network. These 
users are ranked at 2, 3, 10, 11 based on their BC values 
as the results are shown in Table 2. Similarly, two major 
influencer users with the in-degree values of 5613, 4335 and 
the out-degree links 8 and 2 were identified for the retweet 
network. These users rank at positions 8 and 10 in the net-
work based on their BC values as shown in Table 2. From 
the subgraphs of influencers for all three kinds of networks, 
a similar sort of pattern is depicted.

4.4  Active engager user

An active engager has very less in-degree links and plenty 
of in-degree. For mention network, a user with an in-degree 
value of 24 and out-degree value of 169 is an active engager. 
It is ranked at the fourth position in the online discussion 
network based on the value of its betweenness centrality 
which is 26,829,538.854 as in shown Table 3. In a retweet 
network, the user is active engager with the betweenness 
value of 8,065,069.849. It has the in-degree value of 11 and 
out-degree links are 48 as demonstrated in Table 3. Further-
more, the user is ranked at the 23rd position based on the 
value of its BC.

(2)Bk =

n
∑

i

n
∑

j

gikj

gij
, i ≠ j ≠ k
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4.5  Network builder and information bridge user

For Retweet Network, a center node is a network builder as 
shown in Fig. 4a. The size of the node in Fig. 4a indicates 
its degree centrality, a node with a high value of degree 
centrality is bigger in size and vice versa. The arrow going 
out from a node indicates its out-degree link, while the arrow 
coming towards the node indicates its in-degree link. The 
central node has only 2 in-degree and 19 out-degree con-
nections. Although, the network builder has only 2 in-degree 
connections and 19 out-degree connections, but is ranked 
23 among 256,491 nodes in the network. The reason that 
it has got a major position in the network is that it is con-
necting two influencers with degree 2803 (in-degree = 2802, 

out-degree = 1) and 1677 (in-degree = 1668, out-degree = 9), 
respectively.

For the mention network, a node with ID 110,903 acts in 
the capacity of both network builder and as well as an infor-
mation bridge. In spite of having very less value of degree 
centrality which is 70 (in-degree = 39, out-degree = 31). This 
node is ranked 7th in the network with the value of between-
ness centrality 22,887,429.871. While it acts as a network 
builder, it connects two influencers which are ranked at the 
3rd and 10th positions in the network. The node acts as an 
information bridge as it connects an active engager ranked at 
the 4th position and an influencer ranked at the 3rd position 
in the network. The connection pattern for the node with ID 
110,903 is shown in Fig. 4(b). Furthermore, nodes having 

Table 1  Presentation of ‘tweet type’, ‘node id’, ‘subgraph’, ‘in-degree’, ‘out-degree’ and ‘betweenness centrality’ for nodes that play a part as 
‘Conversation Starter’ within the Higgs network

Tweet type ID In-degree Out-degree Betweenness Rank Subgraph

Reply network 677 1206 7 1216103.466 2

Mention network 88 11953 7 51202891.041 1

Retweet network 88 14060 3 44671510.507 2
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a lot of in-degree and out-degree links with one another are 
shown with a thick line among them.

5  Community detection for analysis 
of overall networks

Figure  5a demonstrates the pattern in which the users 
interact with each other in the reply network. There are 
certain prominent communities (Akar and Mardikyan 
2018) surrounding conversation starter and influencers. 
These detected communities help in the fast dissemination 
of information in the network (Lambiotte and Panzarasa 
2009). Furthermore, many users having lower degree value 

are connected with conversation starter and influencer, we 
may say that these opinion leaders (conversation starter and 
influencers) have the tendency to keep connected many low 
degree users. The low degree users connected with opinion 
leaders do not share the information with each other. How-
ever, they are in connection with opinion leaders because 
they want to get the updated information from the highly 
influential users. In Fig. 5a, the graph visualization for the 
complete reply network is demonstrated by using a stand-
ard community detection algorithm called Louvain (Blon-
del et al. 2008). The deployment of the Louvain algorithm 
results in 10,696 communities. Many isolates can be seen 
at the edge of the graph as they are not linked with any 
key node in the network. Communities around conversation 

Table 2  Presentation of ‘tweet type’, ‘node id’, ‘subgraph’, ‘in-degree’, ‘out-degree’ and ‘betweenness centrality’ for nodes that play a part as 
‘Influencer’ within the Higgs network

Tweet type ID In-degree Out-degree Betweenness Rank Subgraph

Reply network 13808 46 9 1,427,809.475 1

Mention network 64911 436 23 5027,9287.657 2

Retweet network 677 5613 8 18,914,597.087 8
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starter and influencer are identified and due to the presence 
of conversation starter and influencer, the diffusion of infor-
mation within the community is very fast. In Fig. 5b, the 
network is filtered for better visualization and only eight 
communities are remaining. After filtering, the isolates and 

weak communities are removed from the network. Although 
there are less than 1% of communities left, it still consists of 
more than 15% of the nodes and 21% of the edges. In Fig. 5c, 
the left column shows the number assigned by the Gephi 
(Bastian and Heymann 2009; Cherven 2015) to identify that 

Table 3  Presentation of ‘tweet type’, ‘node id’, ‘subgraph’, ‘in-degree’, ‘out-degree’ and ‘betweenness centrality’ for nodes that play a part as 
‘Active Engager’ within the Higgs network

Tweet type ID In-degree Out-degree Betweenness Rank Subgraph

Mention network 89805 24 169 26,829,538.854 4

Retweet network 27705 11 48 80,650,69.849 21

Fig. 4  a Network builder’s connection pattern for the retweet network. The middle node is the Network Builder. b Connection pattern for the 
Network Builder & Information Bridge for the Mention Network. The middle node is acting as both the Network Builder and Information Bridge
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specific community and in the right column, it shows the 
percentage covered by that specific community.

The Louvain method is used to calculate the modularity. 
The modularity value of all three network types is shown 
in Fig. 6. The modularity values for the reply, mention and 
retweet network are 0.963, 0.829 and 0.797, respectively. 
The modularity algorithm searches for the nodes that are 
attached to each other more densely than to the remainder 
of the network. The strength of information dissemination 
is high when the modularity value is high. Moreover, when 
all communities have the same attractiveness, there is no 
diffusion of information within the network (Cui and Zhao 
2017). A similar sort of pattern is identified for the mention 
and retweet network as shown in Figs. 7 and 8, respectively. 
All three kind of networks shows a similar sort of behavior.

Fig. 5  Graph visualization of Reply Network by deploying Yifan Hu Algorithm in Gephi. a Whole network, b filtered network with only 8 Com-
munities. c Constitution of different Modularity classes

Fig. 6  Modularity values of the networks (i.e. Reply, Mention and 
Retweet)

Fig. 7  Graph Visualization of Mention Network by deploying MultiGravity ForceAtlas 2 Algorithm in Gephi. a Whole network, b filtered Net-
work with only 9 Communities. c Constitution of different Modularity classes
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The Network Splitter 3D (Barão 2014) applied after the 
Yifan Hu algorithm results in Fig. 9a and Network Splitter 
3D applied after MultiGravity ForceAtlas2 Layout results in 
Fig. 9b, c. In Fig. 9a, the purple node having the highest peak 
is the conversation starter for the reply network. It has the ID 
677 and degree centrality of 1213 (In-degree = 1206 and out-
degree = 7) and lies at rank 2 in the network based on the high 
value of BC which is 1,216,103.466. The second peak is of 
the influencer. In Fig. 9b, the blue node mounting at the top is 
the conversation starter for the mention network and is ranked 
at 1 in the mention network based on the highest value of BC. 
Two influencers ranked at positions 2 and 10 also have minor 
blue peaks. In addition, one influencer with rank 3 occupies 
the grey peak. Finally, the red node with ID 677 mounting 
up is the influencer. As stated in Table 2, this node has an in-
degree of 3906 and out-degree of 14. In addition, this node 
is at rank 11 based on the BC value of 16,531,206.031. In 
Fig. 9c, the node at the top of the highest peak is the conver-
sation starter node for the retweet network. The node ID is 

88 and stands at the second position in the network on the 
basis of the high value of BC which is 44,671,510.507. Two 
influencers already identified and shown in Table 2 occupy 
the other two peaks as shown in Fig. 9(c). These influencers 
with the ID 677 and 1988 have value of degree centrality of 
5621 (In-degree = 5613, out-degree = 8) and value of degree 
centrality of 4337 (In-degree = 4335, out-degree = 2) respec-
tively. Furthermore, these influencers rank at position 8 at 10 
out of 256,491 nodes in the network.

6  Discussion

Our findings show that all kinds of users found by the Feng’s 
may not exist in every network (Feng 2016). The detailed 
discussion about these identified users from the used dataset 
is demonstrated in this section. In addition, we have assessed 
the roles of these central users in the Twitter network.

Fig. 8  Graph Visualization of Retweet Network by deploying MultiGravity ForceAtlas 2 Algorithm in Gephi. a Whole network, b filtered net-
work with only 8 Communities. c Constitution of different Modularity classes

Fig. 9  Graph visualization by using network 3D splitter layout for a reply network, b mention network and c retweet network
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Conversation starter user has the highest rank (first or 
second) in all kind of networks (RP, MT, and RT) and is 
the most central participant in all considered networks for 
this study as shown in Fig. 10. An influencer has many ‘in-
degree’ connections and some ‘out-degree’ connections. 
Conversation starter and influencer are opinion leaders and 
many isolates mention them or retweet their tweets. Opinion 
leaders generate extensive content in order to influence other 
users’ opinions. However, the impact of opinion leaders is 
inconsistent. Making the comparison of Information diffu-
sion among all three networks, information within the com-
munities is diffused fastly for reply network due to the high 
value of modularity as shown in Fig. 6. The links among the 
communities are very less which shows weak ties among 
the communities. Users tend to cluster around conversa-
tion starter and influencers and soon the users become less 
independent for the reply, mention and retweet network as 
modularity value decreases (Xu et al. 2017).

A user with an abundance of ‘out-degree’ and few or none 
‘in-degree’ is an active engager in the network (Feng 2016). 
Active engager for the reply network is not found, whereas 
these are identified for the mention and retweet network. 
Active engager does not have the tendency to become an 
opinion leader as none of the users from the network men-
tioned active engager in his/her tweet.

A network builder has some ‘out-degree’ connections and 
few or none ‘in-degree’ connections (Feng 2016). The key 
role of the network builder is to connect two or more influ-
ential users. Although the in-degree of network builder is 
two, still its rank is 23 among the network of 256,491 nodes 
for the retweet network as shown in Fig. 10. For mention 
network, the rank of network builder is 7. Influencers users 
do not necessarily mention or retweet the network builder, 

therefore, the contribution of network builder in opinion 
formation is petite.

The information bridge contains some ‘in-degree’ and 
‘out-degree’ connections in the network. Information bridge 
is only identified for the mention network and connects an 
active engager and an influencer. In summary, the conver-
sation starter and influencers are the sources of informa-
tion within the network while the active engager, network 
builder and information bridge act as a bridge connecting 
communities with one another and diffuse the information 
among them.

The findings from our work are significant, but still some 
limitations of this study are that the used dataset consists of 
the tweets from 1 to 7 July 2012. The dataset covers the time 
span before, during and after the discovery of the particle 
having the resemblance with the Higgs Boson. The analysis 
of only 7 days dataset would not be enough to make the 
exact connection pattern analysis of the identified users. So, 
a dataset consisting of a longer duration is recommended 
for future studies. Furthermore, this study does not use out-
degree centrality as a measure to rank the user. In future 
studies, more variables may be included to make a model 
that is associated with the out-degree links of the users.

In spite of these limitations, this work contributes and 
advances the knowledge to identify the central users within 
the online discussion network. Also, the study unveils the 
connection patterns of the identified users and provides the 
motivations for future research directions.

7  Conclusion

In this study, we identified the different kinds of prominent 
users in the online discussion network and their associated 
connection patterns are visualized. Betweenness centrality 
measure was used to rank the users within the network. The 
in-degree and out-degree connections of a user help to iden-
tify the position of a user in the network, the central users are 
identified based on these centrality measures. More impor-
tantly, this sort of study helps in spreading the information 
in an efficient way in the marketing campaigns by identify-
ing opinion leaders like conversation starter and influencers. 
Although the opinion leader (conversation starter) cannot 
control the opinion of masses participating in the discus-
sion but the discussion started by the conversation starter 
was rapidly distributed within the network by the other four 
central users (influencer, active engager, network builder and 
information bridge).

Influencer usually has a high level of credibility among 
the masses. Network builder mention or retweet other influ-
encers and opinion leaders in their tweets. While the infor-
mation bridge seeks information in a regular manner and 
acts as a source of information provider for other users.
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In future studies, the contents of the tweets may be 
included to get a better idea of the relationship among the 
participants of the online discussion network. Furthermore, 
positive and negative opinions from the tweets can be segre-
gated to construct the classified communities to show their 
trend. Also, we have identified and ranked the opinion users 
based on their centrality value, but in the future, some more 
variables can be added to this model.
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