
  

  
Abstract—Social network analysis has gained importance in 

the current era of online networks. Companies nowadays are 
using the social network analysis tools and techniques to 
enhance their business positions. Analyzing the social networks 
provide the massive amount of useful information for the 
business. In this paper, we have analyzed the online social 
networks of leading mobile phone company Huawei. The 
importance of any individual (Node) can be determined by the 
participation and behavior of the node in the OSN. Centrality 
measure is the key factor to visualize any social network. 
Centrality in term includes Density, Closeness Centrality, 
Degree Centrality, Eigenvector Centrality and some other 
metrics such as Coefficient Clustering, Page Rank. These 
metrics can be used to determine the most important node (key 
player) in a network. Visualization of the social network is a 
complicated task as it is expanded every minute as thousands of 
users join the social network daily. We have put an effort to 
analyze the social network and determine the influential node 
with the calculation of above-mentioned metrics. The overall 
aim of our research is to improve the business by identifying the 
most influential node. The experimental results and a detailed 
quantitative analysis show that this is the more efficient and 
effective way to detect the influential nodes in an online social 
network. 
 

Index Terms—Social network analysis (SNA), data mining, 
community detection, online social network (OSN), online 
business communities, centrality measures, performance, 
efficiency, business improvement, crawling. 
 

I. INTRODUCTION 
The number of users and the content shared on the social 

network by these users shows the significance of the 
networks on the internet. About 2/3 of the internet users visits 
the social websites weekly this testifies the importance of the 
social media [1]. Online shopping websites have been 
evolved after the emergence of the web 2.0. These days 
customers can interact on the social media sites and share the 
thoughts by sharing pictures and videos, post comments, 
provide reviews, as well as provide or get advice. A social 
network consists of a group of users which are also called 
social actors. The visual representation of the social network 
provides vertices and edges. Users (nodes) are represented by 
the vertices and the relation between the nodes is represented 
by the edges between the vertices.  

The term key player refers to the nodes which are most 
active in the social network, with respect to the business 
community the key player or key customer is the one which is 
the most prominent user in their business. In other words, the 
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key customer is one which is most beneficial for the company 
in the terms of their business. Various methods have been 
defined in the modern era to visualize and analyze the social 
networks. In a complex social network, the user is defined by 
hundreds of attributes. The complete set of user attributes is 
of no use, some of the attributes are incomplete or do not 
have relevant information with respect to our research are 
discarded and the only the metrics that are related to our 
analysis are kept under consideration. Fig. 1 shows the visual 
representation of the social network. 

 

 
Fig. 1. Showing nodes and their relationships. 

 
Detection of the key player in a social network is an old 

and well-known problem, it is no different than finding a 
needle in a haystack. To detect the key players in any social 
media centrality measure is important. 

Social network analysis is being used in the modern era for 
various applications some of them include; fraud detection, 
terrorist activities in covert networks, military surveillance 
for enemy activities. The private companies are using the 
SNA methods to analyze the customer behaviors and relative 
users for marketing campaigns [2]. 

 

II. LITERATURE REVIEW 
The Researchers have used the social network analysis 

techniques and methods to analyze the different social 
networks for broad applications. Most of the research has 
been carried out on organized criminal networks to detect the 
most influential nodes (leader of the criminal network or 
Disseminator). 

But in the recent years, the business communities have 
started using the SNA methodologies to enhance their 
business by detecting the key players, developing the 
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marketing campaigns, detecting behaviors of their customers, 
predicting the customer’s churns, developing recommender 
systems etc. 

Leidys del Carmen measured the clustering and 
association rules with a famous CRISP-DM method to 
analyze the behaviors of the customers of the fashion industry 
in the Instagram social network, which provided the industry 
with the handful of important information regarding their 
products and their trends and likeness among their customers 
[3]. The number of new users joins the social network daily, 
few of them are new while the some of them are the 
individuals which are already present in the social network. 
Pasquale De Moe et al. [4] defined a new approach to predict, 
whether the new user is already a node in the social network 
by comparing the social events and user interest. 

Microblogging websites are gaining more and more 
attention of the people around the globe. Twitter is the most 
commonly used microblogging forum, in which users 
interact and show their expression (sentiments) towards any 
event or person by tweeting. Agarwal et al. proposed a 
framework to analyze the tweets and classify them into 3 
main categories i.e. positive, negative or neutral on the basis 
of sentiment [5]. 

The diverse amount of research has been carried out in the 
area of social network analysis, a new approach to study the 
viral nature of the content on the social media is defined by 
Mills [6] which is executed on the basis of four elements: 
nexus, integration, spread ability, and propagativity, 
Abhishek et al. [7] presented the new system to calculate the 
virality of the information on the online social media. 

To detect the key player various network metrics are kept 
under consideration, which includes Degree, Geodesic 
Distance (GD), Eigenvector Centrality (EC), Closeness 
Centrality (CC), Clustering Coefficient (CC), Degree 
Centrality (DC), Graph Density (GD), Betweenness 
Centrality (BC) and Page Rank. These metrics can be 
calculated with the wide range of the applications that are 
available i.e. Gephi, Cytoscape, KeyLines, Linkurious, 
Neoclipse, Polinode, Wandora, Socilyzer. 
 

III. PROPOSED SCHEME 

A. Multilayer Dataset 
The multi-layered system is defined by the many names 

e.g. Multi-relational, Multi-dimensional term, multi- slice, 
multilevel and multi-type networks. Although the Multi- 
layered network is most commonly used. In social networks, 
accounts of the individuals are present rather than themselves. 
The most significant part of this analysis is to map the nodes 
of two different layer in multilayer network. Multiple 
accounts of one node in SN are merged or one account is said 
to be official and the other ones are ignored. 

Fig. 2 depicts the three layers of the social network. The 
three layers include one layer of Facebook, Instagram, and 
Twitter. 

B. Dataset Description 
The data is crawled with the help of APIs from the online 

social forums of Huawei Mobile PK i.e. Facebook, Instagram 
and Twitter. The data consist of 210 individuals interacting 
with each other in the comments section. There are three 

layers of the social network i.e. Huawei Instagram Page, 
Huawei Facebook Page, Huawei Twitter Page. The dataset 
consists of directed relationships. Anyone who replies to 
someone’s in the comments is considered to be in a 
relationship in with the one who commented. It is obvious 
that the person who commented is also in relation with the 
one who replied e.g. if A is in relation to B, then B is also in 
relation to A. 

 

 
Fig. 2. Structure of the Multilayer social network. 

 
The Gephi Graph Visualization tool was used to represent 

the dataset extracted from the Huawei online forums. The 
dataset consists of 425 nodes and 17842 edges showing the 
relationships between the nodes. Fig. 3 below shows the 
graphical representation of the dataset generated by the tool. 

 

 
Fig. 3. Graphical Representation of multilayer social network. 

 

C. Degree Centrality (DC) 
Degree Centrality defines the direct contact of an 

individual. The higher direct contacts mean higher degree 
centrality and vice versa [8]. As mentioned earlier, DC is the 
measure of the direct nodes or links of the selected node. The 
Degree Centrality is directly proportional to the connectivity, 
higher the DC, well connected the node is in the network. The 
formula to calculate the degree centrality is given as: 

 
𝐷𝑣 = 𝑎𝑖𝑣 𝑖=1𝑛  (1) 

 
where σ x is DC (Degree Centrality) of individual x and 
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calculated with the help of adjacency matrix axi. 

1) Centrality 
Determining the key player (influential individual) in the 

social media/network is the commonly used application of 
the graph theory. The extent to which a node is in the center 
of a network is defined by centrality. 

Various techniques are used to define the centrality of a 
node. The most crucial measures to define the centrality are 
Betweenness, Degree and Closeness Centrality. 

2) Betweenness Centrality (BC) 
Two nodes in the network that are not directly connected 

don’t mean they do not interfere. Entities which have not 
been in direct relation to each other may communicate 
through other nodes in the network, especially through the 
nodes that act as a bridge on the paths. The nodes 
Betweenness Centrality is said to be high if it is present in 
many other nodes. We can represent Betweenness Centrality 
as:  

 
 CB𝑣 =  σst 

(v)
σst

 (2) 

 
where σst represents the all the shortest distances from a node 
s to a node t and σst (v) is the count of the paths that pass 
through v.  

3) Closeness Centrality (CC) 
The only shortcoming of the degree centrality is it only 

considers the direct attached nodes and links to the account. 
While Closeness Centrality calculates the shortest path of the 
selected node and other nodes in the nodes in the network. 
We can also say Closeness Centrality is the aggregate 
distance between the individual and social media. The CC is 
termed as the inverse of two nodes distant [9], [10] that is: 

 
 𝐶𝑥 =  1

𝑑(𝑦,𝑥)𝑦
 (3) 

 
where d(y,x) is the measured distance between the x and y. 
Closeness Centrality (CC) can also be defined as a time taken 
to disperse the information from one node to the whole 
network. 

4) Eigenvector Centrality (EC) 
Measuring importance of a node in a social media refers to 

an Eigenvector Centrality. It is proportional to the sum of all 
centralities of node’s neighbors. This causes the node to gain 
high importance either by connecting to the nodes that are 
highly important nodes themselves or by connecting with 
many other nodes. Eigenvector Centrality (EC) prefers to 
pinpoint the most connected intermediary [11]. To attain the 
high Eigenvector Centrality the node has to connect itself to 
other nodes which also have higher eigenvector [12] Google's 
Page Rank and Katz centrality are the examples of the 
eigenvector centrality. 

Vertex v whose Eigenvector Centrality is given as [13], 
[14]: 

 
 𝐸𝐶𝑣 = 𝑣𝑥 =  1

𝜆max (𝐴)
 𝑎𝑗𝑥𝑗=1

𝑛 𝑣𝑗 (4) 
 

whereas 𝜐= (𝜐1, 2,…, 𝜐𝑛)𝑇 refers an eigenvector for the 
maximum eigenvalue 𝜆max(𝐴) of the adjacent matrix A. 

5) Clustering Coefficient 
Clustering Coefficient measures the likeliness of the nodes 

which are associates among each other. The Node who has 
high clustering coefficient indicates greater ‘cliquishness’. In 
a graphical theory, a clustering coefficient measures the 
degree to which all participating nodes in a graph cluster 
together. We can calculate the average local clustering 
coefficients of all vertices n [15], [16]. 

 
 𝐶 =  1

𝑛
 𝐶𝑖𝑖=1

𝑛  (5) 
 

IV. RESULTS AND DISCUSSIONS 
The detailed results and quantitative analysis of our 

proposed schema are discussed in this portion of the paper. In 
order to evaluate our proposed schema, we have measured 
the following metrics; In Degree, Out Degree, Degree, 
Weighted Degree, Weighted Out degree, Weighted In Degree, 
Eccentricity, Closeness Centrality, Harmonic Closeness 
Centrality, Betweeness Centrality, Page Rank, Clustering, 
Eigenvector Centrality to pinout the influential nodes from 
the Huawei online social network. 

Below Fig. 4 depicts the graphical information of complete 
network metrics. To explain the network metrics this Fig. 4 is 
divided into six different sub figures, which are; Degree, 
Closeness Centrality (CC), Betweeness Centrality (BC), 
Eigenvector Centrality (EC), Clustering Coefficient (CC) and 
Page Rank. Each one is labeled and has different parameters 
on x and y-axis. 

 

 
Fig. 4(a). Degree distribution. 

 

 
Fig. 4(b). Closeness centrality distribution. 
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Fig. 4(c). Betweenness centrality distribution. 

 
Fig. 4(d). Clustering coefficient distribution. 

 
 

 
Fig. 5. Metrics calculation of Huawei network. 

 
All the graphs (Sub Figures) were produced using the 

Gephi graph visualization tool. The graphs show the Network 
Metrics of Huawei Dataset extracted from the online social 
forums of the Huawei. 

Fig. 4(a) shows the degree distribution (edges attached) to 
any node. Nodes are represented on x-axis and number of 
direct contacts on the y-axis. The higher the number of nodes 
attached the higher is the degree. Fig 4(b) depicts the 
Closeness Centrality Distribution of the nodes present in the 
network. The x-axis portrays the nodes while y-axis reveals 
the closeness path to the whole network. Fig. 4(c) illustrates 
the Betweenness Centrality Distribution of the node. Nodes 
are represented on the x-axis and the number of betweenness 
nodes on the y-axis. Fig. 4(d) illustrates the Clustering 
Coefficient Distribution of the node. 

Fig. 5 shows that Huawei Mobile PK (Row no 1) is the 
Key Player (Influential Node) in whole network and feature 
values of its metrics is high as compared to other nodes. The 
degree of this node is 280, Betweeness Centrality is 7606.121, 
Closeness Centrality is 0.7464, Eigenvector Centrality is 
0.7769, Page Rank is 0.0142 and Clustering Coefficient is 
0.132. Network The Above figure shows the top 3 influential 
nodes in the whole social network of Huawei. The most 
influential node is Huawei Mobile PK followed by Akhtar 
Munir and Shoaib Khan respectively. 

V. CONCLUSION 
Every day number of people are joining the social 

networks so detection of influential nodes in such a network 

is not easy. Thus our paper proposed a schema to identify the 
most influential nodes that are based on network measures 
that include Degree, Betweenness Centrality, Closeness 
Centrality, Eigenvector Centrality, Page Rank and Clustering 
Coefficient. The proposed method has been tested using a test 
case. The experimental results and a detailed quantitative 
analysis show that this proposed schema is a more efficient 
way for identifying influential nodes in a large OSNs. 
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