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Abstract 

 

Computational Social Networks are represented as a 

graph consists of nodes and vertices. Nodes represent 

users and vertices are the relations among the users in 

the network. Some users are active and popular in the 

network having more number of friends and followers 

in the network. Structurally these types of users 

establish vertices connection with more number of 

nodes in the network. Conversely, more number of 

users also establishes incoming vertices connection 

towards these types of popular actors. So from these 

users interaction structure point of view, these nodes 

are regarded highly popular and influential actors 

having high prestige values. In this paper, social 

network data normalization, centrality and prestige 

computation and clustering of users are done using 

graph theoretical methods to analyze the users’ 

influence in social networks. 

 

Keywords: Degree centrality, betweenness centrality, 

closeness centrality, degree prestige, proximity 
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Introduction  

To study the user’s arrangement and influence among 

them by one another, it is mandatory to compute the 

user specific parameters to classify them. These classes 

will contain all the similar nodes that influence the 

other nodes in the network in a certain way. To analyse 

the influence, more prominent parameters such as 

centrality values and prestige computations are done to 

rank the users. Once the ranking is computed, 

classification is performed to analyze the users’ 

influence in the whole network. Again, there are few 

nodes called celebrity node, having prestige values far 

more than most of the other nodes that bias the overall 

influence analysis of the network. Again, there are few 

other nodes called dormant nodes that have very 

minimal interaction in the networks. This dormancy 

can be computed by looking at the degree of the node 

in the network. To avoid the bias analysis results for 

the whole network, these non-active nodes must be 

discarded to guaranteebias free users’ influence 

analysis of the social network. Few publicly available 

social network data sets are used to test the results 

compared to other contemporary works. Social 

networks are consists of many different types of users 

such as regular visitor, visitor at a certain interval or 

visitor in a long interval irrespective of their degree in 

the graph. Hence users with similar centrality values 

and prestige count will surely exhibit different level of 

influence in the network.  Since social network consists 

of many different kinds of groups and structures, so 

exhibition of influence by users in groups and as a 

single entity will depend on the type existing 

community structures such as heterogeneous structures 

or homogeneous structures. Again, position of a node 

in the network, such as whether it is a bridge node or a 

last node of the group, matters a lot in information 

propagation process. There by these type of nodes will 

surely show different types of influence behaviour in 

the network.Here in this work we are to explain how a 

single node and a cluster of similar nodes shows 

influencing behaviour with rest other nodes in the 

network with respect to different scenarios. 
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Related Work 

Users structural influence behaviour is analysed from 

the social network graph data represented as nodes 

(users) and edges (relations). We know that users 

establish connections with the adjacent users based on 

interactions in the network. So, based on the interaction 

activities, a user has relations with as many other users 

in the network. A user become influential when it 

establish more number of direct connections with other 

users in the network compared to rest other in 

connected component of the network. So it becomes 

influential node which attracts other nodes to interact 

with. Again position of the node in the network also 

determines its centrality and popularity. Hence 

centrality measures are applied to compute the 

influential behaviour of a user in the network. Another 

measure called prestige, computed based on the 

shortest paths and direct interactions of a node with the 

other nodes in the strongly connected components of 

the network.  

So, two commonly used metrics are computed in social 

network to indicate an actors’location in the structural 

pattern of a network: centrality and prestige.  Ausers’ 

centrality (out-degree) represents direct contact with 

others in the network. Specifically, centrality is a 

measure of potential influence and importance based 

on interaction within the social network [5]. A user 

with a large degree of centrality is in direct contact 

with many others in thenetwork, who play active role 

in information diffusion in the network [6]. An actor 

with alow degree of centrality resides on the periphery 

of the network and is not active in the relational 

process (Wasserman & Faust, 1994). Centrality has 

been linked to job performance (Sparrowe, Liden, 

Wayne, &Kraimer 2001) as well as course satisfaction 

and performance for MBA students (Baldwin, Bedell& 

Johnson 1997).  Ausers’ prestige (in-degree) represents 

the degree to which others seek out a particular actor in 

a social network. These influential users are more 

frequently the object of communication than the source 

of communication (Knoke& Burt,1983). Agnieszkaet. 

al. [8] have described applications of prestige and 

centrality in social networks very nicely. Qazi, Jasim 

[9] has described the influential positions of users in 

social networks using centrality measures.K. Das and  

S. K. Sinha [10] has successfully applied centrality 

measures to find the most important and less central 

nodes in social networks.B. Hajian and T. White [2] 

has applied centrality measures for modeling the 

influential users. 

 

Methods for Influence Analysis using Centrality 

Measure 

Centrality measures helps in detection of either 

the most important user in the social network. Using 

this measurement, we are to find out centrality measure 

values for every node in the network to detect whose 

centrality measure is very high to find out the 

influential user in the network.Centrality can be 

defined as the measure of how importance a node is in 

a network.Calculation of various centrality measures 

for every node in a network is explained with the help 

of the following network diagram.  
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Fig-1: A network example to explain centralities 

 

Degree Centrality (DC): It represents the simplest 

centrality measure and determines the number of direct 

contacts as an indicator of the quality of a node’s 

interconnectedness [4]. Degree Centrality is 

represented using following formula: 

 

In the above diagram, DC value for the node V6 is 3 

(highest) and v1 is 1 (lowest). 

Closeness Centrality (CC): This centrality measure is 

based on the idea that nodes with a shortest distance to 

other nodes can spread information very productively 

through the network [1] [2]. In order to calculate the 

closeness centrality of a node v, the distances between 

the node v and all other nodes of the network are 

summed up [16]. By using the reciprocal value we 

achieve that the CC value increases when the distance 

to another node is reduced, i.e. when the integration 

into the network is improved. Closeness Centrality is 

represented using following formula: 

 

In the above diagram, CC value for the node V6 is 1/19 

(highest) and v1 is 1/34 (lowest). 

 

Betweenness Centrality (BC):Betweenness centrality 

measure of a network node is considered to be well 

connected if it is located on as many of the shortest 

paths as possible between pairs of other nodes. The 

underlying assumption of this centrality measure is that 

the interaction between two non-directly connected 

nodes u and v depends on the nodes between u and v 

[3]. According to Freeman [8] the BC of a node v is 

therefore calculated as 

 

 

In the above diagram, BC value for the node V6 is 21 

(highest) and v1 is 0 (lowest). All the centrality metrics 

computations are described in the following table: 

 

Nodes v1 v2 v3 v4 v5 v6 v7 v8 v9 v10 

DC 1 3 2 3 2 3 3 1 2 2 

CC 1/34 1/26 1/27 1/21 1/19 1/19 1/23 1/31 1/29 1/25 

BC 0 8 0 18 20 21 11 0 1 6 

 

Table-1: Centrality Metrics Computation  

 

Methods for Prestige Analysis 

Prestige can be defined as measures of prominence. 

Prestige is applied only on directed graphs.A user 

accepted as friends by many other users have a 

remarkable structural position in the network. Prestige 

becomes salient under certain conditions when positive 
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structural in-degree connections are not reciprocated. 

For example, if every other nodes in the network 

establishes in-degree connections with themost central 

node in a cluster, but it does not establishes out-degree 

connections with all of them. Prestige metrics to be 

effective and a strong measure, network structural 

connections must be established among the nodes in 

reciprocate ways. Few prestige metric computations 

are described below. 

 

Degree prestige 

Number of users that are adjacent to a particular user of 

the community [7] is called in-degree prestige of the 

user. So, influential users can draw other users towards 

them. It can be represented using the following 

formula: 

 

But here all the adjacent vertices are in-degree 

(incoming) towards the target node whose prestige is to 

be computed. All these nodes must be in the influential 

domain of the target node.The influence domain of a 

node in a directed network is the number of all other 

nodes which are directly connected by a shortest path 

in the network.Proportion of all the directly connected 

nodes in the influence area of the network is computed 

by dividing it total number of nodes by n − 1. But this 

prestige measure is more effective in strongly 

connected component of the network.In the above 

network example figure, v2, v4, v6, and v7 nodes have 

higher degree prestige values as they are structurally 

situated in the influence domain of the network. On the 

other hand, v1 and v8 are not situated in the influential 

domain of the network and hence they have less degree 

prestige value. 

 

Proximity prestige 

Proximity prestige is analogous to closeness centrality. 

It considers the proximity of actor i to other actors in 

its influence domain, the set of all network actors that 

can reach actor i, directly and indirectly [8].Proximity 

prestige of a node is computed by dividing the 

influence domain of a node by the average distance 

from all the nodes in the network. 

 

A larger influence area and a shorter distance provide a 

higher proximity prestige value. Maximum proximity 

prestige value is achieved if a node is directly 

connected by all other nodes in the network. Then, the 

proportion of nodes in the influence domain is 1 and 

mean shorter distance from these nodes is 1, so 

proximity prestige value becomes 1. Network nodes 

without influence domain carry minimum proximity 

prestige value.   

In the above figure, all nodes at the extremes of the 

network (v1 and v8) have empty influence domain, 

hence they have lowest proximity value 0. On the other 

hand, nodes v5 and v6 have maximum proximity 

prestige values as they are structurally situated in the 

influential domain of the network. 

All the prestige metrics computations are described in 

the following table: 

 

 

 

Prestige Metrics 

Nodes V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 

Degree 

prestige 

1 3 2 3 2 3 3 1 2 2 

Proximity 

prestige 

1/34 1/26 1/27 1/21 1/19 1/19 1/23 1/31 1/29 1/25 

 

Table-2: Prestige Metrics Computation  
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Experimental results: 

We have collected publicly available twitter data set 

from UCI net data repository. It consists of near about 

2,00,000 nodes & 10,00,000 edges. We have 

normalized the data set discarding those nodes having 

more than 100 edges & less than 10 edges to maintain 

the bias free data set in our study. Finally it consists of 

number of nodes: 26,491, number of edges: 32,688 and 

with no missing values.  

A node is an entity that exists in a network 

graph. Each Twitter user is a node in this network. 

Each node can have a set of attributes and related 

network metrics that measure their position within the 

larger network. We have applied NodeXL simulator for 

the experiments. It combines centrality and prestige 

metrics it calculates about each node in the network 

with the said data set. We have calculated the 

following network metric as described below: 

Unique Edges : 32688 

Edges with Duplicates : 0 

Total Edges : 32688 

Self-Loops : 0 

Maximum Nodes in a Connected Component : 

26491 

Maximum Edges in a Connected Component: 

32688 

Maximum Geodesic Distance (Diameter): 6 

Average Geodesic Distance: 3.734586 

Graph Density: 9.31618E-05 

Modularity: 0.738719 

Various centrality measures are computed using 

NodeXL Version 1.0.1.245 as follows from the 

experiments. 

From our analysis we have found out following 

degree centrality measure value of the network. 

Minimum Degree= 1 

Maximum Degree= 8571 

Average Degree= 2.468 

Median Degree= 1.000 

So, a node having degree more than the average 

degree centrality value may be considered as 

influential and prestigious nodes in the network. 

We have obtained the following betweenness 

centrality measures. 

Maximum Betweenness 

Centrality=186548573.796 

Average Betweenness Centrality= 36221.464 

So, a node having Betweenness Centrality more 

than the average value has been considered as 

influential and prestigious nodes in the network.  

Closeness Centrality represents the mean of the 

geodesic distances between some particular node and 

all other nodes connected with it. In our network we 

have found out the closeness centrality values as given 

below: 

Minimum Closeness Centrality =0.003 

Maximum Closeness Centrality =0.005 

Average Closeness Centrality= 0.004 

Median Closeness Centrality= 0.004 

So, a node having Closeness Centrality more 

than the average value is considered as influential and 

prestigious nodes in the network. 

Clustering coefficient: The cluster coefficient 

represents the number of existing connections that a 

particular node can have from all possible connections 

in its neighborhood. This measure describes the 

relative strength of connectivity. We have computed 

the clusters out of the given Twitter data set based on 

centrality and prestige metrics. Hence those clusters or 

connected component in the network whose clustering 

coefficients are more, are considered as influential and 

prestigious components in the network. 

From our data analysis, total number of 

connected components is 20. 

G1, G2, G3 are the users of elite groups who are 

well connected among themselves & take parts in all 

the tweeter network activities such as follows, replies, 

mentions and tweets. Users in these clusters are 

computed based on high values of centrality and 

prestige values.  
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G4, G5, G6,G7,G8,G9,G10 & G11 are the 

groups of users having less centrality measures and 

prestige values and take part in some of the activities of 

twitter networks. Hence these users can’t be considered 

as influential or prestigious users. 

G12 to G20 are the groups of less number of 

members having prestige and centrality values are very 

less or near to zero. 

Accuracy of the above computed metrics are 

listed in the following table. 

 

Name of the Metrics Data set used Accuracy 

Degree Centrality UCI-Twitter Data Set 89% 

Closeness Centrality UCI-Twitter Data Set 85% 

Betweennness Centrality UCI-Twitter Data Set 89% 

Degree Prestige UCI-Twitter Data Set 87% 

Proximity Prestige UCI-Twitter Data Set 85% 

 

Table-3: Centrality and Prestige Metrics Computation Accuracy 

 

Conclusion 

Computation of prestige metrics is very complex as 

these parameters depend on the direction of the 

connection among the users. Prestige metrics 

determine a user whether it take parts in different 

activities to establish connections among the like-

minded users or not. Conversely, it also tells us that an 

influential user receives many in-degree connections 

from other users in the network. Again, it has been 

observed that a user with high centrality value meaning 

a user having strong connections among the other 

users, also holds high prestige metrics values. It has 

been proved even in the example network explained in 

the previous sections. So, from our analysis, we could 

demonstrate that there few cluster of users who are 

structurally influential in the social network. This idea 

of structurally influential user identification and 

analysis, we want to implement in multiple social 

network platforms with different number of real data 

sets in future.We are also planning to propose some 

hybrid prestige metrics to find out influential users 

based on their some specific activities in multiple 

social networks. 
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