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Abstract 
Information networks where users join a network, publish their own content, 
and create links to other users are called Online Social Networks (OSNs). 
Nowadays, OSNs have become one of the major platforms to promote both 
new and viral applications as well as disseminate information. Social network 
analysis is the study of these information networks that leads to uncovering 
patterns of interaction among the entities. In this regard, finding influential 
users in OSNs is very important as they play a key role in the success above 
phenomena. Various approaches exist to detect influential users in OSNs, start-
ing from simply counting the immediate neighbors to more complex ma-
chine-learning and message-passing techniques. In this paper, we review the 
recent existing research works that focused on identifying influential users 
in OSNs. 
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1. Introduction 

Since its creation, the Internet has become a major source of news. The Internet 
has spawned many information-sharing networks, the most well-known of which 
is the World Wide Web. Recently, a new category of information networks known 
as “Online Social Networks (OSNs)” has exploded in popularity and now rivals the 
traditional Web in terms of usage. The advent of Online Social Networks (OSN) 
has been one of the most exciting phenomena in the past decade partially due 
to the increasing proliferation and affordability of Internet-enabled devices, 
such as personal computers, mobile devices, smartphones, tablets, etc. This is 
evidenced by the immense popularity of many online social networks, such as 

How to cite this paper: Ferdous, M. and 
Anwar, M.M. (2023) Identification of In-
fluential Users in Online Social Network: A 
Brief Overview. Journal of Computer and 
Communications, 11, 58-73. 
https://doi.org/10.4236/jcc.2023.117005 
 
Received: June 1, 2023 
Accepted: July 25, 2023 
Published: July 28, 2023 
 
Copyright © 2023 by author(s) and  
Scientific Research Publishing Inc. 
This work is licensed under the Creative 
Commons Attribution International  
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/4.0/  

  
Open Access

https://www.scirp.org/journal/jcc
https://doi.org/10.4236/jcc.2023.117005
https://www.scirp.org/
https://doi.org/10.4236/jcc.2023.117005
http://creativecommons.org/licenses/by/4.0/


M. Ferdous, M. M. Anwar 
 

 

DOI: 10.4236/jcc.2023.117005 59 Journal of Computer and Communications 
 

Twitter1, Facebook2, LinkedIn3, Flickr4, Google+5, etc. 
Unlike the traditional Web, which is largely organized by content, OSN em-

bodies a social structure consisting of a set of users and the ties between them. 
Users can join a network and create links with other users in the network. This 
basic user-to-user link structure facilitates online interaction among people in 
which they produce, share, and exchange user-centric data in a wide variety of 
scenarios (such as online gaming, instant messaging, and content sharing) in 
virtual communities and networks. While OSN is mostly used for everyday chat-
ter, it is also used to share news and other important information [1] [2]. Now, 
many people consider OSN as their source of news [3] [4], this is especially 
true for breaking news, where people crave rapid updates on developing events 
in real time. Kwak et al. [4] have shown that over 85% of all trending topics6 
on Twitter are headline or persistent news. Mobile technologies offer easy access 
everywhere and events are reported while happening [5]. The ubiquity, acces-
sibility, speed and ease of use of OSN have made them invaluable sources of 
first-hand information. Therefore, we can observe a huge amount of data be-
ing produced at incredibly rapid rates while information becomes faster and 
outdated. 

Social Network Analysis (SNA) has become a rapidly emerging research dis-
cipline in the last decade because of the social and informative properties of the 
social network. The methods and techniques of SNA involve a variety of areas, 
including mathematics, statistics, and computer science [6]. Due to its relevance 
to various processes taking place in society, SNA finds significant applications in 
different domains, such as sociology, biology, communication, geography, social 
computing, and business [7] [8] [9]. SNA concentrates on techniques to analyze 
the relationships and information flows, between nodes/interacting units (people, 
groups, organizations, etc) in OSN, and produce formal models that facilitate 
understanding of the structure of a social network. 

Nowadays, social network data is everywhere due to its roles as both a media 
and communication channel. For example, there is data about user-to-user 
friendship, chat, affiliation, co-author, movie and music networks, etc. Again, 
data collection is becoming very easy using the API and WebPages provided 
by those OSN services. The enormous growth of social networking sites and 
user engagement in these platforms has attracted significant interest from all 
walks of life. For-profit businesses are tapping into social networks as both a 
rich source of information and a business execution platform for product de-
sign and innovation, relations management and marketing between consumers 
and stakeholders. For politicians and governments, social networks represent 
the ideal information base to gauge public opinion on policies as well as to build 

 

 

1http://www.twitter.com/. 
2http://www.facebook.com/. 
3http://www.linkedin.com/. 
4https://www.flickr.com/. 
5https://plus.google.com/. 
6Trending topics are those topics being discussed more than others on Twitter. 
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community support for candidates running for public office. 
The analysis of OSNs data sets is turning out to be non-trivial, since on the 

one hand, they are typically large-scale and thus it is difficult to directly apply 
the traditional analytics methods to them; on the other hand, some analytic me-
thods that are borrowed from the other domains fail to accurately measure the 
characteristics and properties of OSN. 

Each social networking site includes different gatherings where users can im-
part their insight, spread data, or convey it to others. This has created a new way 
to copy genuine human interaction. For example, Twitter has become one of the 
biggest and very well-known microblogging sites on the internet. Twitter allows 
registered users to post and receive short messages of up to 140 characters. This 
feature that allows Twitter users to publish short messages, in a faster and sum-
marized way, makes it the preferred tool for the quick dissemination of informa-
tion over the web. These messages are called tweets and they can be posted via 
the Twitter website, short messaging services or third-party applications. Impor-
tantly, a large fraction of the tweets are posted from mobile devices and services, 
such as Short Message Service (SMS) messages. A user’s messages are displayed 
as a stream on the user’s Twitter home page. 

As the social networking site (like Twitter) coordinates a massive number of 
users and the most significant part of the cases is that the users send the follow-
ing request to others who have comparative similar topical interests with the us-
er—the idea is known as homophily [10]. This social platform can be used as a 
robust marketing platform undoubtedly. The efficiency of online social interac-
tions draws the attention of researchers to discover influential users. Finding in-
fluential users can help by highlighting the products in viral marketing or con-
veying opinions on different social topics among their followers. For example, 
Sam, a sports enthusiast, posts a lot about trending games, and all his posts are 
paid close attention by a large number of people. A sports company can easily 
target Sam to collaborate to achieve their marketing objectives. This is also called 
influencer marketing. There are significant impacts of influential users in real 
life. Some of them are: 
• Remarkable impact in viral marketing and social decisions, like elections, do-

nations, etc. 
• Anticipating target customers and enhancing customer engagement. 
• Analyzing the trends and behavior of people towards any event. 
• Tracking down the collective identity and role models in social movements. 

In this paper, we review the existing research works to find influential users in 
OSNs. The rest of the paper is categorized as follows: Section 2 includes the re-
levant research works in this field with a brief overview. Section 3 covers the 
common approaches/methodologies in recent times to find influential users in 
OSNs. Section 4 shows comparisons over some existing research methods con-
sidering different attributes and performance strategies, and Section 5 concludes 
our review work with the direction of future research scope. 
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2. Related Work 

The social networks are becoming complex, and directly reaching out the users 
is becoming more challenging. As a result, finding influential users has become a 
key issue in viral marketing. An online relationship refers to user’s virtual social 
relationships in social networks, such as the following relationships on Twitter. 
They can be typically expressed as directed edges between each pair of users in 
social graph. 

Figure 1 shows a directed social network comprised of four nodes with their 
related messages. This representation reveals that, for example, the user named 
“u1” is exposed to the content produced by “u2” and “u3”. It also indicates that 
none of the three other nodes are exposed to the information shared by “u4”. 

Every user-generated content contains one or more topics. Usually, the con-
tents published by the users of OSNs are viewed as a stream of messages. Figure 
1 represents the stream produced by the members of the network depicted in the 
previous example. That stream can be viewed as a sequence of users’ activities. 

Social Influence: A social phenomenon that individuals can undergo or exert, 
also called imitation, translating the fact that actions of a user can induce his con-
nections to behave in a similar way. Influence appears explicitly when someone 
shares or like content posted by someone else for example. 

Existing methods of finding influential users in OSNs can be generally grouped 
into two categories: structural and hybrid methods. In the following, we review 
these two categories. 

2.1. Structural Methods 

Social connections among the users can be used to measure the popularity or in-
fluence of users, in which high-degree node (user) is assumed as the authority 
for the largest information dissemination [11]. These social connections can be 
either directed (for example, follower/followee) or undirected (friendship rela-
tions in Facebook). In-degree centrality refers to the number of edges that con-
nect to the node, whereas out-degree centrality indicates the number of edges 
that originate from the node. In directed networks, in-degree centrality usually  

 

 
Figure 1. The stream of messages produced by the users of the social network. 
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refers to the popularity of a user, whereas out-degree centrality typically indi-
cates the sociality of a user [12]. 

Again, betweenness centrality of a user is calculated by the counts of the short-
est paths that pass through that user to identify influential users in OSNs. For 
example, Catanese et al. [13] have applied betweenness centrality to Facebook 
social graph to identify the central nodes of the network. Similarly, Katz [14] de-
termined centrality’s influence on the node by all network links that pass through 
the node. 

The TURank algorithm [15] studies the relationship among users along with 
the users’ posts by taking into account the relationship graph network of us-
er-to-tweets. The TwitterRank algorithm [16] uses the topics discussed on Twit-
ter along with the network structure to rank user influence on Twitter. 
• Freeman [17] considered nodes’ (users’) degree centrality, i.e. the more neigh-

bors a node (user) has, the higher is its influentiality. 
• Kitsak et al. [18] chose k-shell centrality which is a k-shell index that is as-

signed to each node indicating its distance to the network core. Nodes with 
higher k-shells are considered more influential as they are closer to the graph 
core. 

• Sheikhahmadi et al. [19] proposed a method that considered user’s connec-
tions in different shells along with the k-shell and degree measures for pres-
entation of a hybrid measure for determining spreading capability. 

• Chen et al. [20] proposed an improved version of the degree centrality meas-
ure. The algorithm is iterated k times to select k nodes, and the node with the 
highest degree is selected and added to the seed set in each iteration. The 
edges between the selected node and the other network nodes are disregarded 
in specification of spreading capability of the nodes. 

• In [21], authors proposed a method where nodes are first colored such that 
nodes of the same color will have distance which is higher than a certain thre-
shold value. Then, the nodes are grouped and ranked based on their color and 
their degree. Finally, the top-k nodes with highest degree within the group 
are selected as the most influential nodes. 

2.2. Hybrid Methods 

Awan et al. [22] have predicted the stock market using big data retrieved from 
social media like Yahoo!, daily newspaper, and Twitter. Even policing protests in 
the United Kingdom are analyzed by social media data [23]. Additionally, cyber 
risk management [24], mental health condition [25], suicide rate and causes [26], 
box office’s profit [27], etc. are predicted through social media analysis. The 
prominent Influencers’ impact on consumer behavior is evaluated in the work of 
Pick [28]. The effectiveness of sponsors and influential users’ in multiple domes-
tic and business sectors are analyzed in the work of Feng et al. [29]. The study of 
Anuar et al. [30] has found out the cause of being influenced by Instagram in-
fluencers in regards to purchasing intention of fashion items. 
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Earlier approaches focused on the immediate neighbors (for example, count-
ing the neighbors) for detecting influential. One of the first studies that at-
tempted to find the parameters of this approach was taken by Zhang et al. [31]. 
They have considered users’ retweet behavior patterns to investigate how friends 
in one’s ego network influence retweet behaviors. In this model, the designs in-
corporate the social influence locality into a factor graph model, further leve-
raging the network-based correlation. Weng et al. [16] have suggested a measure 
named TwitterRank based on the idea of PageRank to compute users’ topical in-
fluence in Twitter. This approach is based on the topic query set and it shows the 
relevance of link structure and the similar interest of users. Al-garadi et al. [32] 
have calculated the users’ interactions and modeled the social graph using the 
weighted k-core decomposition method to identify the influential spreaders in 
OSNs. To identify top-k significant users in social networks, Alshahrani et al. 
[33] have proposed an efficient algorithm based on centrality measures. Moreo-
ver, Zareie et al. [34] have proposed a method to select the influential users 
based on the interest value of friends’ interests and connected neighborhood. A 
new approach named Temporal Topic Influence (TTI) has been proposed by 
Wang et al. [35] states that analytical applications in online social networks can 
be generalized as the influence evaluation problem, which targets at finding most 
influential users. This model is dependent on time interval, content, and struc-
ture-aware. Othman et al. [36] have investigated the effect of topic familiarity on 
listening comprehension and how far certain aspects of the language would like-
ly be influenced by topic familiarity. The UIRank algorithm is based on the 
commitment of the user’s tweet and the attributes of information dispersal in the 
microblog networks. It computes user influence score iteratively by user follower 
graph [37]. Most of them ignore the time factors in their work. 

To discover highly reliable domain-based influencers at different time inter-
vals, Abu-Salih et al. have suggested a framework with the help of semantic 
analysis and machine learning modules [38]. Again, there is an on-Demand In-
fluencer Discovery (DID) model, which employs an iterative learning process 
incorporating the language attention network as a subject filter, proposed by 
Zang et al. that can identify influential users on any subject regardless of its de-
mand on social media [39]. Their influence convolution network is built on user 
interaction. But they did not suggest any rank for their influential users. The re-
search of Mittal et al. has discovered and ranked significant users (topic wise) 
[40]. Their proposed Aggregation Consensus Rank Algorithm (ACRA) is ap-
plied on time intervals to generate top-ranked influential users’ lists using dif-
ferent Twitter metrics. They analyze the connection between users and graph 
database to find this significant user. In a framework named Personalized Page-
Rank that also identifies influential topical users based on both information ga-
thered from the network and the data retrieved from user actions [41]. Addition-
ally, fake influencers can be a threat to marketing and advertising. A trust-based 
method for identifying these inorganic users is proposed by Dewan [42] using 
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decision tree and machine learning. 
Among the recent research, Li et al. [43] work on sensitive influence maximi-

zation on the different interesting topics of different users. Their proposed algo-
rithm is based on graph pruning and a three-stage heuristic optimization strate-
gy. Mandal et al. proposed Social Promoter Score (SPS)-based recommendation 
[44]. Kumar et al. [45] found Top-k influential nodes in a community using label 
propagation. They claimed their work using several real-life data. Another ap-
proach of influence maximization is proposed by Li et al. [46]. Their framework 
is based on a meta-heuristic search algorithm. In a social network, Shi et al. [47] 
proposed a community detection algorithm established on Quasi-Laplacian cen-
trality peaks clustering. 

But, most of the existing approaches overlooked the combination of analyzing 
trending topics and the temporal factor, which significantly affects the ranking 
of the influential users. Our current proposed method is the extension of Topical 
Influential Users Detection (TIUD) algorithm [48]. This is also defined as find-
ing significant users for a set of trending topics and listing the top significant 
users at different specific time intervals considering familiar neighbors. 

3. Overview of Research Method 
3.1. Problem Formulation 

We first give some fundamental concepts related to the task of identifying in-
fluential users in OSNs. 

Social Graph: An attributed social graph manifests as ( ), ,G U E A= , where 
U symbolizes the set of social users or twitterers (nodes), E means the group of 
links (edges) in the users and { }1 2, , , nA T T T=   is the set of topics contemplated 
by the social users in G [49] [50] [51]. 

Topic: Any specific keyword or a set of related words which illustrates equal 
thought can be assessed as the topic [52] [53] [54]. For instance, when health is a 
topic, words linked to health are like doctors, hospital, pandemic, corona, etc. 

Trending Topic: A trending topic is a concern that meets an inundation of 
popularity, often advancing around widespread contemporaneous phenomenons. 
For example, celebutantes’ pronouncements, breaking news, social affairs, etc., for 
a limited range of time [55] [56] [57] [58]. 

Activity: Social users execute actions (e.g. posting tweets on Twitter) at vari-
ous time points. This activity is recorded as an activity tuple ( ), ,

ii u nu tΨ  where 

iuΨ  exemplifies the set of the high-ranked trending topics which is covered by 
the working that is conducted by iu  at time nt  [59] [60] [61]. 

Query: An input query { }qQ = Ψ  assimilates a set of query topics qΨ . 

3.2. Topic Modelling 

Social media like Twitter contains more compact messages so generally one 
tweet is the reflection of one topic. Here, users normally tweet by using hashtags 
(for example, #Obama, #Ronaldo, etc.). Topic modeling is an unsupervised learn-
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ing that generates information and analyzes words from documents by linking 
words with the same features and differentiates across the uses of words with var-
ious meanings. To retrieve the textual content from a tweet, Twitter LDA [62] 
(T-LDA), an effective extension of LDA is used here for topic distillation. Twit-
ter-LDA is better in topic semantic coherence by presuming the ratio between 
topic and background words is indifferent for each user’s tweets. The graphical 
representation of T-LDA is shown in Figure 2. The formulation of T-LDA [63] 
is given below: 
• Every individual user’s topical interest iφ  is represented by a distribution 

over N topics. 
• Each word is implied by topic N is analyzed from a background word distri-

bution represented by bwθ  or topic word distribution kwθ . 
• If The latent value 0y = , it verifies that the word is from background word 

distribution bwθ  and if 1y = , it is from topic word distribution kwθ . 
• y is altered based on the ratio of background words and topic word denoted 

by π . π  is the common factor where the rate of kwθ  and bwθ  is same. 
• DT, a D × T matrix, where D is the number of Twitter users and T is the 

number of topics. ijDT  contains the number of times a word in twitterer 

is ’s tweets has been assigned to topic jt  [16]. 

3.3. Influential User Detection Approach 

Recent methodologies usually apply PageRank-like algorithm [64] to find in-
fluential users in an online social attributed graph G for a given query Q. The 
framework has the following steps (depicted in Figure 3): 
• Identify the set of topics using tweets of different users over different time 

periods. 
 

 
Figure 2. Graphical depiction of Twitter LDA model. 
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• Modify the original social graph G by constructing topic specific relation 
among users. 

• Apply TwitterRank on the modified social graph in order to detect the in-
fluential user. 

3.4. Topic Distribution 

One needs to apply Twitter LDA [62] (T-LDA) in order to extract the topics dis-
cussed by the users in Twitter. Table 1 represents sample word-topic distribution  

 

 
Figure 3. Workflow for identifying influential users in OSNs [56]. 
 

Table 1. Sample word topic modeling in Twitter LDA. 

Topic I Topic II Topic III Topic IV 

1. Sandwich 1. YouTube 1. Flickr 1. Ronaldo 

2. Eggs 2. Twitter 2. iPad 2. Football 

3. Coke 3. Facebook 3. Watch 3. FIFA 

4. Puffer Fish 4. Fun 4. Tweet-bot 4. Cup 

5. Butter 5. Instagram 5. Desktop 5. Badminton 
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after applying Twitter-LDA in our experimental dataset. Topic I, Topic II, Topic 
III, and Topic IV denote the topics about food, entertainment, technology and 
sports respectively [61]. 

4. Comparison 

In this section, we present a very brief comparison of some existing methods in 
Table 2 by considering different characteristics, such as identification algorithms, 
performance evaluation (artificial/manual/direct comparison) and attributes. 

 
Table 2. Comparison of the identification of influential users in OSNs [65]. 

Research 
Method 

Technique/Alg Attribute Evaluation 

Degree 
Centrality 

Betweenness 
Centrality 

Page 
Rank-like 

Network Content 
Artificial 

Model 
Manual 

Annotation 
Direct 

Comparison 

Cha et al. [66] √ - - √ √ - - √ 

Kim et al. [67] √ - - √ √ √ - - 

Catanese et al. [13] √ √ - √ - - - √ 

Li et al. [68] - - √ √ - √ - - 

Cossu et al. [69] √ √ √ √ √ - √ - 

Sun et al. [70] - - - √ √ - - √ 

Zhuang et al. [71] - - - √ √ √ - - 

Tan et al. [72] - - - √ √ √ - - 

Weng et al. [16]  - √ √ √ - - √ 

Gomasta et al. [61]  - √ √ √ - - √ 

Xia et al. [73] - - - √ √ √ - - 

Sheikhahmadi et al. [19] - - - √ √ √ - - 

5. Conclusion 

In this paper, we briefly review existing research works on finding influential users 
in OSNs. Earlier methods mostly focused on social connections with less atten-
tion to the content generated by social users. Later approaches considered both 
network and content in order to get topic-oriented influential users. But, the 
major limitation of those approaches is that they overlook the combination of 
analyzing trending topics and the temporal factor, which significantly affects the 
ranking of influential users. Most recent works now pay more attention to dy-
namic networks to track time-based user activities to rank the most influential us-
ers in OSNs. In addition, social users have different degrees of interest in different 
topics that vary over time and as a result, users’ social influences also change over 
time. Researchers need to focus more on dynamic social graphs where the tempor-
al factor has a great impact on both the social connections and users’ activities in 
order to find temporal influential users on trending topics. 
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