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Abstract 

Social network analysis is the process of studying the relationships among individuals in order to 

understand them. The social network analysis techniques identify several characteristics of 

networks such as the role and the importance of individuals in the network and the groups with 

dense interactions among their members. Moreover, it examines the information diffusion 

throughout the network and it can identify individuals who are more influential within the 

network. Social network analysis has several applications and plays a major role in the 

telecommunications industry, among other areas. It can extract valuable information about the 

customers and their relationships and that can be exploited in improving business performance 

and marketing campaigns. 

The aim of this thesis is the social network analysis of a telecommunications’ company customers. 

We examine the relationships among the users and their characteristics to gain useful knowledge 

for the company. We identify the central customers based on network measures and the 

communities of users that communicate more frequently with each other. Furthermore, we find 

the members of the network that play a significant role in the spreading process of some business 

event by modeling the diffusion throughout the network over time. It is shown that the most 

central customers, based on the connections or the activity they have inside the network, are 

also the most influential. Hence, social network analysis exploits all patterns of the data that are 

useful for effective business plans and marketing strategies and helps companies to take the right 

decisions. 
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1. Introduction 
 

Social network analysis studies and measures the relationships among individuals to understand 

their behaviors. This mathematical framework, that can be easily visualized using modern 

software, provides significant information and insight about such relationships. It finds 

characteristics of the networks such as groups with intense interactions among their members 

and it measures the role, the importance or the influence of an individual using measures of 

centrality. Typical examples of social networks are networks of friends, family, classmates, 

customers, employees, disease transmissions. Due to technological advances, large amounts of 

data are available and thus the use of social network analysis is continuously rising. 

Social network analysis techniques have many applications in several areas, from sociology and 

economics to computer science. Recently they have been gaining ground in telecommunications 

industry. Traditional approaches, such as predictive models, examine only the personal features 

of individuals, while network analysis considers the social connections among the individuals and 

extracts different patterns from the data. In telecommunications, the voice calls and the 

messages delivered among the users offer a good understanding and knowledge of their social 

relations. In this way, network analysis methods may assist in improving the company business 

campaigns and help managers take effective decisions. 

The aim of this study is to analyze the individuals who are customers of a telecommunications ’ 

company from a network perspective. We examine the relationships among the customers and 

their characteristics in order to gain valuable insights for the company. We identify the central 

users in the network and the communities of people that interact more frequently. We also find 

the different roles that appear in the network, namely the leaders and the followers. Moreover, 

we model the way the information spreads through the network over time. This can predict the 

decisions the users will make as they make decisions based on the information they receive from 

people they interact with. It can also be extremely useful in improving marketing effectiveness. 

The second chapter of this thesis provides an overview of social network analysis and some 

related work in this area. The third chapter explains the challenges of social network analysis in 

telecommunications and some similar studies in this industry. The fourth chapter describes the 

data used in telecommunications. The fifth chapter describes the network creation and presents 

some network metrics and features. In the sixth chapter, the centrality measures are presented 

along with the results of our analysis. The seventh chapter describes the methods for community 

detection and presents the results. The models of information diffusion process and the results 

are introduced in the eighth chapter. The last chapter concludes the thesis and provides some 

directions for future work. 
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2. Overview 
 

This chapter is an introduction to social network analysis and some basic graph theory concepts. 

It provides information about the network models, the network metrics and the community 

detection algorithms. It also explains why social networks are considered dynamical systems and 

how information propagates within a network. 

 

2.1. Social Network Analysis 
 

Social network analysis has its roots in social science theory. The study of social life is based on 

the relationships among people. Social groups are studied and analyzed from a network 

perspective in order to understand the behaviors of individuals and the relations among them 

rather than the individuals alone. This point of view is used to identify the social interactions and 

their effect on a network (Pinheiro, 2011). Social network analysis is motivated by the availability 

of data, the technological advances and the increase of related methodologies (Cheliotis, 2010). 

Networks have been studied in many disciplines such as mathematics, physics, sociology, 

computer science, biology and economics and each one has established its theory of networks 

(Pushpa, et al., 2012). Networks consist of components that are connected by relations. A social 

network is a structure composed of social actors (individuals or organizations), a set of dyadic 

ties and other social interactions between actors (Wasserman, et al., 1994).  

Furthermore, social network analysis is used in real world networks to identify patterns and 

statistical properties in large amounts of data, design models and predict behaviors or actions. 

More specifically, the aim of the study of these structures is to recognize the influential 

individuals, the leaders, the followers and the communities, recommend friends or products, 

improve the structure and the communication flow of the network and examine network 

dynamics such as information cascades or innovations’ diffusion. 

The applications of social network analysis are continuously increasing. Social network analysis 

methods are implemented for a wide range of problems that have an underlying network 

structure. Different industries and organizations use this framework for business problems, 

especially to understand the customers’ behavior and connections (Pinheiro, 2011). Social 

networks arise in telecommunications, banking, insurance and other markets. After the 

formation of the network, different metrics and algorithms are evaluated in order to obtain 

beneficial results and improve business campaigns (Pinheiro, 2011). 

 Moreover, with the technological advances like smartphones and tablets, new types of 

communications and thus new types of connections among people are created continuously 

(Pinheiro, 2011). These relationships make telecommunication networks more complex and 
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simultaneously create more opportunities. However, the analysis of huge amounts of data and 

the pattern recognition become simpler representing the network as a graph (Pushpa, et al., 

2012).  

 

Social networks as graphs 

Social network analysis is based on social science and mathematical science. The mathematical 

science for analyzing networks is the graph theory (Pinheiro, 2011). Social networks are usually 

represented as graphs and several mathematical concepts and metrics are used for their studies.  

A graph G = (V, E) consists of a set of nodes or vertices V, connected by one or more edges or 

links from the set E that denote different types of interactions. Hence, a social network consists 

of a set of actors, groups, or organizations that are connected with various types of relations 

(Newman, 2003). An actor is a social entity, a person or a user and is represented by a node in 

the graph, and the relationship or interaction between two actors is called a tie, link or edge and 

may express friendship, information exchange, financial relationship (Pushpa, et al., 2012).   The 

edge weights can be used to represent the strength of the connections. For example, the weight 

of an edge connecting two nodes in a telecommunications network may express the frequency 

of communication between these nodes (Pinheiro, 2011).  

In Figure 1, we can see the “Kite Network” in which two nodes are connected if they talk to each 

other. For example, Andre talks to Beverly and thus they are connected. However, Andre does 

not talk to Jane and thus there is no link between them.   

 

Figure 1: The “Kite Network” 

 

Social network analysis focuses on the relations and ties among the interconnected nodes 

(Khatoon, et al., 2015). Thus, the role of the node and the strength of interactions are of great 
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importance. The social position or role of a node or the social groups that are formed within 

social networks can be evaluated by various measures such as degree, closeness, betweenness 

and eigenvector (Pushpa, et al., 2012).  

The edges of a graph can be undirected or directed, unweighted or weighted. A directed graph 

has edges with a single direction, indicating which node is flow the information, while an 

undirected graph has edges that are represented as bidirectional arcs, indicating that both nodes 

flow the information (Newman, 2003; Pinheiro, 2011). The edges of an unweighted graph have 

the same strength, denoted by their weight which is equal to 1. On the other hand, different 

values of the edges of a weighted graph represent the strength of each such relation (Pushpa, et 

al., 2012). 

In contrast to the traditional methods of data analysis that take into consideration individual 

attributes, social network analysis also exploits all the information derived by the relationships 

among the nodes (Pinheiro, 2011).  

 

                           

Figure 2: An undirected unweighted graph and a directed weighted graph 

 

Representation of social networks 
Graphs are mostly represented by a square matrix that is called adjacency matrix. The rows and 

the columns of this array depict the same nodes and the elements indicate whether the 

respective pairs of nodes are adjacent in the graph or not. The most common such matrices are 

binary matrices with elements 0 or 1. If nodes 𝑖 and 𝑗 are connected then the cell with coordinates 

(𝑖, 𝑗) contains the value 1, otherwise it contains 0. 

 

𝐴𝑖𝑗 = {
1,    𝑖𝑓{𝑖, 𝑗} ∈ 𝐸, ∀ 𝑖, 𝑗 ∈ 𝑉
0,                        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

 

If the graph is undirected, the adjacency matrix is symmetric. 
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In weighted graphs, the elements of the matrix can be filled with the weights of the relation, the 

edge weights (Pushpa, et al., 2012).  

For example, the adjacency matrices of the graphs in Figure 2 are the following. 

 

𝐴 = (
0 1 1
1 0 1
1 1 0

)            and              𝐴 = (
0 1 0
0 0 5
3 0 0

). 

 

Other types of representation of graphs are the adjacency list and the edge list. The adjacency 

list is a set of unordered lists. Each list associates a node in the graph with its neighbors. For 

instance, in an undirected cyclic graph with nodes a, b and c as shown in Figure 2, the adjacency 

lists for the three nodes are {b, c}, {a, c}, {a, b} respectively.  

The edge list is the list of edges for a graph, i.e. for the previous example the edge list is {a – b, b 

– c, c – a}.  

The representation depends on the analysis. For instance, in order to find all adjacent neighbors 

to a given node it is more convenient to use an adjacency list. On the other hand, whether there 

is an edge between two nodes can be found simply using the adjacency matrix (Cormen, et al., 

2009). In general, the adjacency list representation is preferred for sparse networks. 

 

Types of social networks  
There are two types of social networks, the homogeneous and the heterogeneous networks. 

Homogeneous or simple social networks have one type of relationship between the nodes, i.e. 

friendship. However, social networks are usually heterogeneous and they have more than one 

type of relations between the nodes at the same time. These networks are called multiple or 

multi-relational social networks. For instance, two nodes can be friends as well as colleagues.  

The challenge with multiple social networks is to combine the different relations that play a 

crucial role in social network analysis. Alternatively, aggregated edges can be used in order to 

combine multiple edges into one. These edges are represented with different color or width to 

contain all the information (Pinheiro, 2011). 
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2.2. Network Models 
 

Network models are representations of real-world complex networks. They are used to evaluate 

algorithms, extract mathematical properties and make predictions. Different network models 

have different characteristics and induce different probability distributions on graphs (Easley, et 

al., 2010). Some of these network models are presented below. 

 

Randomly generated networks 

A random graph is defined as a set of 𝑛 nodes connected by a set of edges which are chosen 

randomly from all possible edges (Bollobás, 1985). This is the simplest model of network in which 

the formation of the edges is a random procedure. Different random graph models create 

different probability distributions. One of the most popular models is the binomial random graph 

model. An edge between two nodes 𝑖 and  𝑗 in the network is created independently with a 

probability 𝑝, where 0 < 𝑝 < 1. The probability that a node has exactly 𝑑 edges is given by the 

degree distribution and most of the nodes have a degree close to the average degree of the 

network. This probability is described by a binomial expression. However, as the number of nodes 

becomes large, the binomial expression is approximated by a Poisson distribution. These graphs 

are the Poisson random networks, where each edge is created independently with the same 

constant probability (Jackson, 2008). 

One of the most studied random networks is the Erdős–Rényi model. In the Erdős–Rényi random 

graph model all graphs have a fixed number of nodes and edges. A graph is chosen uniformly at 

random from graphs with 𝑛 nodes and 𝑚 edges. An alternative form of the model is that a graph 

is produced by adding edges randomly. Each edge is added with a given probability 𝑝, 

independently from any other edge. An edge is formed between two nodes with probability 𝑝, 

where 0 < 𝑝 < 1. Hence, all graphs with 𝑛 nodes and 𝑚 edges have probability 

𝑝𝑚(1 − 𝑝)(
𝑛
2
)−𝑚 = 𝑝𝑚(1 − 𝑝)

𝑛(𝑛−1)

2
−𝑚. 

 

As the probability 𝑝 increases from 0 to 1, the graphs include more edges as one can see in Figure 

3 (Jackson, 2008). 
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Figure 3: Randomly generated networks with 100 nodes and 30 and 60 edges respectively 

 

Small world networks 

The Watts-Strogatz model is a variation of random networks. According to this model, a network 

can have a small number of edges in order to have a small diameter and concurrently high 

clustering (Jackson, 2008). For instance, in a ring network, in which each node is connected to 

two other nodes forming a circle, a node is connected with four nodes rather than two, as in 

Figure 4. 

 

                     

Figure 4: Watts – Strogatz small world with probabilities 0.1 and 0.6 respectively 

 

The concept in the small world network is that performing a random rewiring of few edges, a 

network with small diameter and significant clustering is produced. The rewiring can be done by 

disconnecting randomly an edge between node 𝑖 and node 𝑗 and then randomly connecting node 

𝑖 to node 𝑘. Node 𝑘 is selected uniformly at random from the nodes that are not connected with 

𝑖. Hence, this model of networks is of great interest, as clustering is retained while the diameter 

is reduced by the addition of random edges (Jackson, 2008). 
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Several real-world networks such as brain neurons and telephone call graphs, have a small 

average shortest path length and a high clustering coefficient which is greater than in randomly 

generated networks. Thus, in a small world network, the neighbors of a node are plausible to be 

neighbors of each other and most nodes can be reached by a few steps. As the topology of the 

network is homogeneous, the degree distribution is similar to that of a random graph and all 

nodes have almost the same degree (Barrat, et al., 2000).  

 

Scale free networks 

Scale free networks are networks whose degree distribution follows a power law distribution 

(Kiss, et al.). Some examples of such networks are the Internet, the World Wide Web and large 

telecommunication networks (Kiss, et al.). The degrees in a growing random network follow an 

exponential distribution and the fraction of nodes that have 𝑘 connections to other nodes for 

large values of 𝑘 is given by 𝑃(𝑘)~𝑘−𝛾 where the parameter 𝛾 is 2 < 𝛾 < 3. The new nodes of 

the network have low degree, while the old nodes have higher degree as shown in Figure 5 

(Jackson, 2008). 

The most well-known model of scale free networks is the Barabasi – Albert model that uses a 

preferential attachment process. Preferential attachment is a mechanism proposed by Barabasi 

and Albert that explains power law degree distributions in real networks (Jackson, 2008). 

The nodes created over time form edges with the old existing nodes of the network. These new 

nodes prefer to attach to nodes with probabilities proportional to their degrees, thus they attach 

to nodes well connected with high degree as shown in Figure 5 (Jackson, 2008). This procedure 

is called preferential attachment and it is different from the equivalent procedure of random 

networks that select nodes uniformly at random (Kiss, et al.). Hence, the nodes in these networks 

are coming and they grow over time with the oldest nodes having the highest degrees.  Large 

scale real networks have common characteristics such as the scale free distribution, growth and 

preferential attachment (Tang, et al., 2010). 

These models are also known as “rich-get-richer” models as the probability with which a node 

increases its popularity is directly proportional to the node’s current popularity (Easley, et al., 

2010). 
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Figure 5: Scale free network with 100 nodes  

 

 

2.3. Network Metrics and Measures 
 

There is a wide variety of measures that are used to characterize and summarize large complex 

social networks that are relevant to user behavior. These metrics express connections such as 

homophily, distributions such as bridges, centrality, density, distance, structural holes and tie 

strength or segmentation such as the clustering coefficient (Easley, et al., 2010).  

The centrality measures assess the structural importance or role of nodes in a social network 

(Kiss, et al.). Central nodes have more influence on other nodes of the network, thus central 

positions are considered as positions of great importance and power (Pushpa, et al., 2012). There 

are different approaches to evaluate the centrality of a node based on degree, betweenness, 

closeness, eigenvector and PageRank. 

The network metrics and the centrality measures are presented in the corresponding chapters of 

this thesis. 

 

 

2.4. Networks as Dynamical Systems  
 

Most of the traditional studies of networks in the literature focus on the study of static network 

processes over time. However, networks are continuously evolving and changing in time 

depending on the actions of the nodes (Pushpa, et al., 2012).  
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Social networks that are evolving over time become more complex, thus the understanding of 

social dynamics and topology becomes crucial. Social systems typically governed by dynamical 

processes such as opinion formation, spreading of ideas, influence, epidemics and community 

formation. Studies have shown that the network structure plays a significant role in the dynamics 

of information diffusion, innovations and computer viruses (Lymperopoulos, et al., 2013). 

Recent works consider networks as dynamical systems with the individual components as 

dynamical entities with their own behavior and their relations as the links between these entities. 

For instance, in a network with social interactions among the nodes, one could influence the 

behavior and beliefs and infect another’s opinion and thus he can change the probability of the 

information spreading. Such a network has certain topological and dynamical properties 

(Newman, et al.; Kolaczyk, et al., 2014).  

It is shown that social ties play an important role in the transmission of a disease or the diffusion 

of information (Newman, et al.).  

 

 

2.5. Community Detection 
 

One significant aim in social network analysis is to find communities in large graphs as it has a 

wide variety of applications, including customer segmentation, link prediction, recommendations 

and influence analysis (Khatoon, et al., 2015). The community formation and detection problem 

is related to the graph clustering. The main idea of community detection methods is to partition 

the network and find groups of nodes with edges dense within the group and sparse outside the 

group. The dense parts of the network represent groups of nodes that are closely related 

(Khatoon, et al., 2015). Thus, each node has more connections within the group than with the 

rest of the network (Yang, et al., 2016). The definition of a community depends on the types of 

interactions among the nodes.  

Most of the community detection algorithms focus on the static analysis and they do not consider 

that communities change over time. Nevertheless, community detection helps to understand the 

dynamic processes in a network (Yang, et al., 2016). Community structure plays a significant role 

in spreading processes of epidemics and innovation. Methods for community detection are 

presented in the seventh chapter of this thesis. 
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2.6. Information Diffusion 
 

One of the most common aims in social network analysis is the study of a disease spreading in a 

network (Jackson, 2008). Individuals can be infected randomly by their neighbors who are already 

infected, based on conditions depending on the disease. Thus, one can be infected with 

probability proportional to the number of neighbors who are infected. This procedure is 

equivalent to the diffusion of information, influence, opinions, behaviors, product purchasing 

and others.  

The stream of information is a flow of decisions, such as adopting a behavior or not, following 

the influence of the other individuals’ earlier actions. Hence, an information can spread through 

the edges of the network according to specific mechanisms (Guille, et al., 2013).  

Diffusion processes depend on the structure of the network and its dynamics. The evolution of 

diffusion over time is the number of nodes that adopt the information. The information spreading 

can easily be described as an activation process in the network, a node can be activated and 

propagate the information he has received or not (Guille, et al., 2013). Several models of diffusion 

processes have been proposed; the most important of them are presented in the eighth chapter 

of this thesis (Jackson, 2008).  

 

 

2.7. Visualization of Networks  
 

Visual representation and analysis of social networks is of great importance in order to 

understand them (Freeman). In social network analysis, the visualization and characterization of 

a network is one of the first steps in exploratory analysis. It combines several significant features 

of the network data in one figure and it is useful in gaining insight about the network structure 

and user behavior (Kolaczyk, et al., 2014; Pinheiro, 2011). 

There are many methods and software tools for network data visualization. Nodes can be 

represented by different colors, shapes, sizes and other features according to certain network 

metrics or centrality measures. The edges indicate the relations among the nodes and they can 

be depicted by different color or width according to their weight or the importance of the relation 

respectively.  

There is also a variety of force-directed graph drawing algorithms for the visualization of 

networks in a more pleasing layout. One of the most used force-directed layout algorithms is the 

Fruchterman-Reingold. These layouts form a graph with similar edges in length and try not to 

have several crossed edges (Ognyanova, 2016). The nodes are simulated as charged particles of 
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a physical system that are forced back, while the edges pull the linked nodes closer. In this way, 

the nodes are evenly spread in the graph. 

Moreover, network visualization is substantial to comprehend the complex network properties 

and topology, such as transitivity or clustering coefficient. However, some structural attributes 

can be better examined and explained using quantitative approaches (Kolaczyk, et al., 2014). 

 

 

2.8. Software for Social Network Analysis 
 

There are several tools available for network analysis. Some of these are software applications 

like Gephi and others are libraries in a programming language such as NetworkX in Python and 

igraph in R (Kolaczyk, et al., 2014). 

The programming language used in this thesis is R and the graphical integrated development 

environment RStudio. R is an open source programming language for data processing and 

statistical analysis that is used mostly by statisticians and data scientists. R and its libraries 

implement most of the statistical methods and produce high quality graphics. It has more than 

11,000 packages and it is being extended continuously. R uses a lot of memory as it loads and 

processes copies of the data as data frame objects; however, it has libraries that process large 

datasets without loading them all in main memory. Besides the statistical packages, there are 

several packages in R for network data analysis, manipulation and implementation of network 

algorithms.  

As a programming language, R has many possibilities for network analysis and visualization. All 

the existing graph theory packages have been extended with new algorithms for social network 

analysis. The most well-known library, used in a significant number of other R packages, is 

igraph. The igraph package offers implementations of standard and new algorithms for 

network analysis. Furthermore, it provides tools for manipulation and visualization of graphs, 

functions for generating graphs and functions for computing network metrics and centrality 

measures. It can also manage large graphs with millions of vertices and edges extremely well and 

fast.  

Another powerful package of R used in this thesis is the dplyr package. This package contains 

functions to perform common data manipulation operations such as transforming and 

summarizing data, filtering rows, selecting specific columns, group data and others. The functions 

are more consistent in syntax than base functions in R and they are targeted for data analysis 

using data frames.  

Another tool used for network visualization and exploration is Gephi. Gephi is an open source, 

user friendly software for graph and network analysis and visualization (Bastian, et al., 2009). It 
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is used for interactive exploration, manipulation and interpretation of networks. It provides easy 

access to network data for spatializing, navigating and export all types of networks. As an 

exploration tool, it offers features to analyze large complex datasets and produce useful 

visualizations and results. It also provides high quality layout algorithms, data filtering clustering 

and statistics.   
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3. Social Network Analysis in Telecommunications 
 

The telecommunications industry is becoming more and more competitive (Pinheiro, 2011). 

Companies need to improve their business operations to maintain customer loyalty, acquire new 

customers and increase their competition. There are several effective traditional approaches in 

this industry, however, social network analysis can provide valuable patterns of the customers’ 

behavior and can improve sales and marketing campaigns.  

The traditional analytical approaches in this industry are based on the examination of 

demographic data (Pinheiro, 2012). Services, average billing, frequency and duration of calls, type 

and amount of usage, payments, age and other personal features are analyzed to understand 

and predict the behavior of each customer. In addition, clustering algorithms are used to find 

groups of customers that have similar characteristics. Customers with common features are 

considered similar and they have the same value for the company. However, the behavior of 

these customers may be different. Supervised and predictive models that are based on past data, 

are also used to predict churn events or product acquisition.  

Conversely, social network analysis identifies patterns of the customers’ behavior and 

relationships in large amounts of data. Specifically, in telecommunications, the calls and the 

messages provide significant information and knowledge about the relations among the users. 

As it is an unsupervised exploratory method, previous data are not needed to understand 

customers’ behavior. 

Social network analysis takes into account the connections among the customers rather than 

their personal features. These relationships have different frequency, strength and importance 

(Pinheiro, 2010). Network analysis groups people based on their relations and their similar 

behavior in the network despite their characteristics. Analysis of the relationships offers valuable 

information about the customers’ behavior and the way they interact and they influence each 

other. Hence, this approach exploits all patterns of the data that are useful for effective 

marketing campaigns and helps companies to take the right decisions for spreading processes for 

product and service adoption, customer retention or acquisition. 

In telecommunications, the nodes usually represent telephone numbers, i.e. customers, and 

edges represent the calls, text messages or multimedia messages sent among the nodes 

(Pinheiro, 2011). Such social networks consist of many nodes and edges. The edges are 

considered directed, i.e. node A may call node B with different frequency than the one with which 

node B calls node A and the edges between them can have different weights according to the 

type, the frequency and the duration of the calls. Hence, the telecommunications networks are 

complex as they have various types of interactions and can be considered as multi-relational 

networks (Pushpa, et al., 2012). Different types of relations, such as calls and text messages, can 

be represented by a single edge having different weight of importance (Pinheiro, 2011).  
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In business terms, different edge weights should be used for specific purposes. For instance, to 

examine a call service, the weight of the edges based on voice calls should be considered more 

significant than the equivalent of text messages. The number or the duration of calls between 

two customers can reveal the strength of the relationship between them. High frequency and 

long duration calls indicate that two customers are strongly connected. For example, Pinheiro 

uses weighted edges based on the calls’ value, frequency and duration (Pinheiro, 2012). Dasgupta 

et al. use directed edges with weight equal to the sum of all calls in their analysis (Dasgupta, et 

al., 2008). On the other hand, Phadke et al. use undirected edges, as they consider that 

information flows in both directions, with weights based on the number of calls, their total 

duration and the number of common neighbors (Phadke, et al., 2013).  

A main principle in social network analysis is to identify the different roles within the social groups 

such as the influencers, the leaders and the followers (Pinheiro, 2011). It is of great importance 

to know these individuals for business plans. For instance, influential nodes have the power to 

influence and lead other nodes to acquire a new product or service. These roles may change for 

different subjects and thus it is crucial for companies to identify the leaders for a specific business 

campaign. For example, customers who make calls to many other customers of the same network 

operator can be considered as leaders, while customers who receive calls can be thought as 

followers (Pinheiro, 2011). Furthermore, customers who make several calls outside the network 

operator can be viewed as potential churners and customers who receive calls from outside the 

network can lead to new customers acquisition. 

Another important aim of the network analysis in the telecommunications industry is the 

community analysis. In this way, the groups of customers in the network are identified and the 

centrality measures of each member can be evaluated to estimate their power within the 

community. The members of a community have similar behavior, they are densely connected 

and each member has influence on the rest of them. Members, who have influence in more than 

one business events, are considered more significant to the company. Hence, communities are 

often analyzed over time for product and service adoption, diffusion or churn (Pinheiro, 2011). 

Moreover, the frequency of calls and messages within a community could be analyzed in order 

to discover patterns (Pandit, et al.). Then communities can be targeted for marketing events such 

as retention and sales campaigns to encourage more usage with reduced fees, i.e. for family 

packet services (Pinheiro, 2011). 

In telecommunications, it is common to find large communities with a power law degree 

distribution (Pinheiro, 2012). However, only few communities have many users which are 

connected with weak ties. On the other hand, most of the communities have a small number of 

users that are strongly connected. The number of communities and the number of members in 

them depends on business purposes. For instance, churn requires strong connections among the 

members, whereas product or service acquisition needs many members in the community so 

that the spreading may be more effective (Pinheiro, 2012). 
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The community detection in telecommunications has been studied by many researchers. For 

example, Pinheiro applied social network analysis and community detection to a 

telecommunications network to understand customers’ behavior and detect outlier customers 

in terms of usage  (Pinheiro, 2012). Pandit et al. identified the dense communities in a 

telecommunications network. They analyzed the call and the message networks of these 

communities and they showed that these networks are essentially different, i.e. voice calls bring 

users closer in comparison to messages. Nanavati et al. considered an undirected graph of 

telecommunications’ data and found cliques to offer discounts to their members (Nanavati, et 

al., 2006). In Richter et al, dense groups of customers were identified and the relation among 

their members was studied (Richter, et al., 2010). 

Furthermore, several business events start from particular nodes in the network and follow a 

chain process based on the nodes’ influence ability and the link weights (Pinheiro, et al., 2010). 

Telecommunications companies can gain important knowledge by understanding the relations 

among customers and the way they affect the process of these events. Thus, it is crucial to 

identify the powerful and influential customers inside the network in order to propagate the 

information (Pinheiro, 2011).  For instance, customers with many connections can diffuse their 

opinions more effectively in comparison to other customers. An example of such an event is the 

viral marketing (Bonchi, et al., 2011). The idea of viral marketing is based on targeting the 

influencers inside the network to activate a chain process of influence and word of mouth 

spreading events to acquire a new service or product. Thus, with small cost of marketing 

campaigns, a significant fraction of the network can be reached.  

Many studies have been made in this area in recent years (Easley, et al., 2010). For example, in 

Dasgupta et al., a diffusion model that is based on spreading activation techniques was used to 

identify potential churners by targeting customers whose friends churned (Dasgupta, et al., 

2008). Diffusion process starts with churners as seeds. A churner influences some of his neighbors 

to churn, the influence spreads to some other neighbor and so on, using a threshold based 

technique. At the end, the total amount of influence received by each node is evaluated. It was 

shown that social ties constitute a significant factor in affecting churn (Dasgupta, et al., 2008). 

Phadke et al. used an influence propagation model to understand the way influence travels from 

a churner to his neighbors based on a receiver centric model. The total amount of retained 

influence from a receiver is relative to the ratio of social tie strength to the tie strengths with all 

the neighbors (Phadke, et al., 2013). In Richter et al., a diffusion process was used to model the 

flow of information from churners to their neighbors inside the network (Richter, et al., 2010). 

Moreover, Pinheiro et al. presented a method to increase bundle diffusion and decrease churn 

in telecommunications (Pinheiro, et al., 2010). The influence factor they used reveals the 

customers who are able to impact on others when a business event is triggered in a chain process. 

In Kiss et al., a probabilistic model for the diffusion of messages was presented. The initial set of 

customers are selected according to a centrality measure (Kiss, et al.). 
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Furthermore, network metrics such as the average path length that connects the users, the 

distance among the users, the diameter and the clustering coefficient of the network should be 

calculated. The measures of centrality such as degree, closeness, betweenness and eigenvector 

should also be calculated for each customer and compared to each other. These metrics 

represent the value of the incoming and outgoing calls among the users and provide knowledge 

about the behavior in the network (Pinheiro, 2011). In addition, they indicate the customer value 

based on the structure of the network and their relationships. Hence, the central or strong nodes 

in the network can be found based on the network structure.  These customers are chosen as 

targets for campaigns and promotions to influence other customers in the network or the 

customers on their communities. 

For example, Pushpa et al. analyzed a multi-relational social network of telecom data. They 

considered friendship, frequency of calls and volume of calls as the multiple edges and they 

evaluated the centrality measures of the nodes (Pushpa, et al., 2012). In another study of Pushpa 

et al. they also used telecom data to find the influencers in the network based on the centrality 

measures to provide them services and prevent churn (Pushpa, et al., 2012). Kiss et al. used call 

data from a telecommunications company to find network metrics and compare different 

centrality measures for the diffusion of messages.  The out-degree centrality performed well and 

it was the most robust in network changes (Kiss, et al.). They also applied their method in power 

law simulated networks and they found similar results.  

In addition to graph theory and mathematical approach, statistical and data mining techniques 

can be used to understand the behavior of the network (Pinheiro, 2011). These techniques are 

used to predict business events like churn prevention, customer retention and bundle adoption. 

Predictive models based on supervised learning, such as regression and clustering, can give 

important insights for the evolution of networks over time and the chain processes. They are 

often used after the social network analysis to exploit the characteristics of the network and the 

correlation among business activities. Hence, the combination of traditional predictive methods 

and network analysis can lead to more accurate and effective results. For instance, in order 

companies to avoid churn and increase product and service acquisition, they target the most 

central and influential customers in the network for marketing campaigns. In this way, the 

campaign costs decrease. Another way to combine the two methods is to use the results of social 

network analysis as predictors. These attributes could be the number of neighbors who churned, 

the number of calls to churners, the calls to users outside the network and others.  

There are several studies that combine the predictive modelling with the social network analysis. 

Richter et al. using social network metrics identified the leaders in dense social groups of a 

telecommunication operator. Then the Network Key Performance Indicators, such as the number 

of group members, the average number of calls by group members, the number of calls made 

and received by the leader of the group, were used in a supervised model to predict churn. It was 

shown that the accuracy of the prediction is better using the social network analysis results 

(Richter, et al., 2010). 
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Furthermore, Phadke et al. implemented an influence propagation model to understand how 

influence travels from churners to a large telecommunication provider’s network. The model was 

receiver centric where the receiver of the influence decides how much of the influence to retain 

based on the social tie strength with its neighbors. They measured the total churn influence of a 

node as the sum of influences received from all churn events (Phadke, et al., 2013). Then they 

applied a classification technique to predict if a subscriber will churn or not, using as predictors 

the social influence, the number of neighbors who are churned, the number of calls to churners, 

distance from nearest churner, usage and bills to users who are outside the network and other 

demographic and personal attributes. The prediction was more accurate with the combination 

of predictive models and social network analysis. 
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4. Telecommunications’ Data 
 

Telecommunications’ companies produce and collect huge volumes of data. Databases of 

operators have billions of records about their customers and they are among the largest in the 

world (Weiss, 2005). These large-scale datasets are of great interest for data mining techniques, 

such as social network analysis, to gain great and valuable insights as the industry becomes an 

extremely competitive market. Telecommunications’ data contain customer personal data, call 

detail records with the calls made by the customers in the network and network data about the 

state of hardware and software equipment of the network. The data about customers and calls 

can be analyzed to understand the calling behavior of the customers and improve the marketing 

effectiveness. 

Information about the calls made in a telecommunications’ network is stored as call detail 

records (CDR). The size of call detail records that are generated and stored is tremendous. The 

CDR of each call contains information about the calling and called phone numbers and their 

operators, the service used (voice calls, SMS, etc.), the date and time of the call, the duration of 

the call and the total volume of downloaded and uploaded data in a data session (Weiss, 2005; 

Pushpa, et al., 2012). Other features of the CDR are the International Mobile Subscriber Identity 

(IMSI) and the International Mobile Equipment Identity (IMEI) of the mobile phone of the 

customer, the latitude and the longitude at the beginning of the call, an identifier of the Base 

Transceiver Station and an identifier for the Mobile Service Center servicing the call. The call 

detail records are produced in actual time and thus they are available for analysis.  

In addition to call detail records, telecommunications’ companies have information for millions 

of customers (Weiss, 2005). The data concerning the customers include information such as 

name, age, gender, marital status, address, payment history, service and contract information. 

Customer data are used in traditional predictive models and can be combined with social network 

analysis.  

All these data are in a tabular format, with rows representing the customers and columns the 

features. This information is used for the social network analysis. Telephone numbers or 

customers are the set of nodes and the edges are formed from the CDR features. Telephone 

numbers such as operator’s customer service numbers or other service numbers should be 

excluded from the network (Pinheiro, 2011; Pushpa, et al., 2012). 

Although the data analysis can give important insights, many times the access to data is difficult 

due to legal and ethical issues (Weiss, 2005). Telecommunications’ data contain personal 

information and therefore several restrictions apply to the way these data can be used. 
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As privacy laws become stricter (GDPR1), real datasets are not allowed to be used and the need 

for synthetic data is increasing at a great rate (Krings, 2016).  Synthetic data are the produced 

data that were not observed or measured. These anonymized data protect personal and 

confidential information and they are usually used for business operations to represent the 

authentic data. There are algorithms and generators that create synthetic data. The generation 

of synthetic data with similar properties as the real ones, cannot give the same results or the 

predictions as the observed data, as they can only simulate general properties (Krings, 2016). 

Moreover, the production of qualitative synthetic data is difficult for complex data as all 

attributes should be similar with the real ones. However, such data are used in data mining 

techniques to evaluate algorithms and make a basis for studying authentic data. The synthetic 

data are used to test the performance of new algorithms and for exploratory analysis. Moreover, 

the data and the results of an analysis can be shared, in contrast to real data and results.  

In their paper, Patki et al. describe a machine learning system that creates synthetic data as a 

solution to the lack of access to real data (Patki, et al., 2017). They gave to a group of data 

scientists original datasets and to three other groups synthetic datasets. The results indicated 

that more than 70 percent of the time there were no significant statistical differences among the 

groups’ solutions. Data scientists using synthetic data worked the same or better than those with 

the original datasets. Hence, it is shown that synthetic data can successfully replace real data in 

order to overcome the privacy issues.  

 

 

 

 

 

 

 

 

 

 

 

                                                             
1 General Data Protection Regulation (http://ec.europa.eu/justice/data-
protection/reform/files/regulation_oj_en.pdf) accessed on October 13th, 2017 

http://ec.europa.eu/justice/data-protection/reform/files/regulation_oj_en.pdf
http://ec.europa.eu/justice/data-protection/reform/files/regulation_oj_en.pdf
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5. Network Creation and Metrics 
 

5.1. Background 
 

The most frequently applied network metrics are described below. 

Homophily 

Homophily, also called assortativity, is the creation of social ties based on similarity. Similar nodes 

tend to attach to each other more than with different nodes (McPherson, et al., 2001). The 

similarity is defined by age, race, gender, occupation and other characteristics (Jackson, 2008). 

Density 

Density of a network is the proportion of the total number of edges in a network to the total 

possible edges. The density is used to measure the connectivity of the network and the speed of 

the information diffusion (Pushpa, et al., 2012). 

Distance / Geodesic Path 

A distance or geodesic path is the length of the shortest path through the network that connects 

two nodes or the minimum number of edges between two nodes. The distance between two 

adjacent nodes is 1. There can be more than one geodesic path between two nodes (Newman, 

2003). 

Average path length  

The path length between two nodes is the number of edges. The average path length in a network 

is the average of the minimum path lengths between all pairs of nodes (Kiss, et al.). 

Community 

A community is a group of nodes that have more connections among them than with the rest of 

the network (Onwuka, et al., 2016). 

Diameter 

The diameter of a network is the length (number of edges) of the longest geodesic path between 

two nodes; the distance between the two most distant nodes in the network. 

Bridge 

An edge between two nodes is a bridge, if deleting the edge, the two nodes lie on different 

components of the graph. This edge is the only path that connects these two nodes (Easley, et 

al., 2010).  

Tie strength 

The tie strength represents the frequency of interaction between two nodes. All edges in a social 

network are distinguished as strong and weak ties (Easley, et al., 2010). The weak ties are more 
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likely to form bridges between groups with few connections, while strong ties are associated with 

homophily and they have overlaps in their neighborhoods (Jackson, 2008). 

Structural holes 

A structural hole is the absence of edges between two parts in a network. The lack of connections 

causes the failure of diffusion between the groups of a network.  

Connected Component 

A connected component is a set of nodes that are linked to each other and can be reached by 

paths running along edges. In a directed graph, a node has an in-component and an out-

component, that are the sets of nodes from which the node can be reached and which can be 

reached from it respectively (Newman, 2003). 

Degree Distribution  

The degree distribution is the frequency count of the occurrence of each node degree. It 

describes the probability 𝑃(𝑘) that a node has exactly 𝑘 edges. It is shown that the degree 

distribution of most large networks follows a power law 𝑃(𝑘) = 𝑘−𝑎 (Kiss, et al.). 

Clustering coefficient 

The clustering coefficient measures the degree to which nodes cluster together and form groups 

that are called cliques. In these groups, every node is connected with every other node. This 

measure, also called transitivity, can be applied to both undirected and directed networks and 

evaluates the clustering globally and locally in the network (Wasserman, et al., 1994).  

Despite the global clustering coefficient, the clustering coefficient of the whole network can be 

evaluated as the average of the local clustering coefficient of all the nodes (Watts, et al., 1998). 

A large value of clustering coefficient indicates high ‘cliquishness’. That means that more nodes 

are connected to every other node (Hanneman, et al., 2011).  

 

 

5.2. Network Creation 
 

Due to lack of real telecommunications data for the social network analysis of this thesis, 

synthetic data were created. Using different distributions, we created CDR for 500 customers and 

for a period of two months. For each pair of customers, we created the type of communication 

(call or SMS), the number of communication day of the two months and the duration of call in 

seconds. The duration for SMS was considered equal to zero.  

Specifically, we chose 500 customers. Then for every customer, we chose a random number 

between 0 and 50 from a truncated normal distribution with mean equal to 30 and standard 

deviation equal to 30 (𝜇 = 30 and 𝜎 = 30). This is the number of persons a customer calls. For 
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instance, if this number for a customer is 10, we choose randomly 10 persons from the rest 499 

customers. Then for every person in the calling list of a customer, we chose a number of calls 

from a truncated normal distribution with mean equal to 30 and standard deviation equal to 30 

(𝜇 = 30 and 𝜎 = 30). As far as the SMS data are concerned, for every person in the calling list of 

a customer with probability 30% and for every other person with probability 10%, we chose a 

number of SMS from a truncated normal distribution with mean equal to 30 and standard 

deviation equal to 100 (𝜇 = 30 and 𝜎 = 100). In Table 1, the first rows of the data used in our 

analysis are presented.  

 

Caller Callee Type Day Duration 

1 268 Call 53 81 

1 268 Call 15 274 

1 268 Call 60 185 

1 268 Call 28 244 

1 268 Call 20 88 

1 268 Call 52 179 

1 104 Call 11 301 

1 104 Call 48 91 

1 104 Call 22 130 

1 205 SMS 51 0 

1 205 SMS 34 0 

1 205 SMS 29 0 

1 246 SMS 41 0 

1 246 SMS 45 0 
Table 1: Sample from the data 

 

Social network analysis modelling in telecommunications industry is based on the call detail 

records, i.e. on the relationships among the customers. As both incoming and outgoing calls are 

of great importance for network analysis, a directed graph is used to represent the customers 

and their relationships.  

The first step to create the network is to summarize the data and evaluate the frequency of 

connections among the customers. The number of communication days, the frequency and the 

total duration of calls (in seconds) and the frequency of text messages in the period of two 

months were estimated for each pair of customers to assign weight to the edges. Table 2 shows 

the number of days, calls, SMS and the duration of calls between the caller ‘1’ and ten different 

called customers.  
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Caller Callee Days Calls SMS Duration 

1 104 32 42 0 7710 

1 115 37 65 0 12649 

1 148 34 44 0 9084 

1 164 15 20 0 3730 

1 172 52 58 54 10966 

1 177 27 34 0 5887 

1 192 1 1 0 98 

1 200 37 33 27 5582 

1 205 42 13 62 2903 

1 239 53 0 132 0 
Table 2: Activity between two customers 

 

Then using the igraph library, a directed graph with telephone numbers as nodes and their 

relations as links was formed. The columns ‘Caller’ and ‘Callee’ were used for the graph’s nodes 

formation, while the sum of the columns ‘Calls’ and ‘SMS’ was used as the edge weight. 

However, different weights should be used for specific business purposes. The number or the 

duration of calls, the number of text messages, the number of days that two customers 

communicate with each other are some examples of tie strength. For example, to examine a call 

service, the weight of the edges based on voice calls should be considered, while the number of 

text messages should be taken into account to examine a text messages service. 

 

 

5.3. Network Metrics and Features 
 

Some network metrics were also calculated. The network consists of 500 nodes and 13917 edges. 

The average degree, the edge density, which is the ratio of the number of edges to the number 

of possible edges, the diameter or the longest path of the network, the average path length and 

the network clustering coefficient or transitivity, which measures the probability that the 

adjacent nodes are connected, are presented in Table 3. 
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Number of nodes 500 

Number of edges 13917 

Average Degree 55.67 

Edge Density 0.056 

Diameter 5 

Average shortest path 2.23 

Clustering Coefficient 0.122 
Table 3: Network Metrics 

 

In Figure 6, we can see the degree distribution of the network. It is noticeable that most of the 

customers have from 25 to 80 connections in the network. However, in a real dataset this number 

would be smaller. 

 

 

Figure 6: Degree Distribution in our network 

 

In addition to the network metrics, some features concerning the calls were evaluated. The 

average number of calls between two customers in the network for the two months is 36 and the 

average duration is almost 2 hours. Furthermore, the average number of SMS is 33, while the 

average number of days that two customers communicate with each other is 34.  

Telecommunications companies can exploit this information for business aims. Based on the 

number and the duration of calls or the number of text messages between two customers, they 

can offer some voice call or SMS packages to them. Moreover, if two customers communicate 
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almost every day they can be offered some days, weekends or several hours during some days 

of free usage or usage with reduced costs in order to encourage more usage.    

In Figure 7, the network visualization using the Fruchterman Reingold layout is displayed.  

 

 

 

 

 

Figure 7: Network visualization using the Fruchterman Reingold layout 
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6. Centrality Measures 
 

6.1. Background 
 

The most significant measures of a network are related to centrality. The different measures of 

centrality can highlight main features of the network based on customers’ behavior considering 

a business event. They can assess the importance of a node within a network and thus they can 

identify the leaders, the followers and the influential nodes that can diffuse information 

efficiently. The centrality measures are the following.  

Degree Centrality 

The degree centrality is the simplest measure and it is based on the idea that a node with many 

links is important. It represents the number of edges adjacent on a particular node, i.e. the 

number of nodes that are connected to it. Directed graphs and networks have both in-degree 

and out-degree for each node. In-degree is the number of directed edges that are incoming on a 

node, while out-degree is the number of edges originate at a node (outgoing). Nodes with high 

out-degree can influence other nodes in the network.  

Betweenness Centrality  

The betweenness centrality measures the times that a node occurs on shortest paths of all other 

nodes in the graph. The betweenness centrality of a node is proportional to all the shortest paths 

between any two nodes in the graph that pass through that node. Nodes with high betweenness 

centrality occur on many shortest paths and they are called key players as they control the flow 

between the nodes (Pushpa, et al., 2012).  

Closeness Centrality 

The closeness centrality represents how close a node is to all the other nodes in the graph using 

geodesic distances. The closeness centrality is calculated by the mean of the geodesic distances 

between a particular node and all other nodes that are connected with it. Closeness centrality is 

a directional measure as in a directed graph the distance from node 𝑖 to node 𝑗 may be different 

from the distance from node 𝑗 to node 𝑖.  

However, closeness centrality has a significant drawback as it depends on the network metrics. 

The average shortest paths of a node with zero degree is infinite and closeness centrality is 

undefined. As a result, closeness centrality is not defined if the graph is not strongly connected, 

i.e. there is path connecting node 𝑖 to node 𝑗 for all the nodes in the graph  (Wasserman, et al., 

1994).   

Eigenvector Centrality 

Another measure of importance of a node in a graph is the eigenvector centrality. The 

eigenvector centrality of a node is proportional to the sum of eigenvector centralities of its 

neighbors.  
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PageRank 

The most popular measure of importance is PageRank which is used for ranking web pages. 

PageRank of a web page expresses the probability that a random surfer following links at random 

reaches that page. The PageRank is passed from a source page to a link target and the value 

depends on the PageRank of the source page. Hence, the PageRank of a page is the sum of 

contributions of its incoming edges and a page is important if it is cited by other important pages 

link to it (Kiss, et al.). This metric describes how a node might be important by referring other 

nodes or being referenced (Pinheiro, 2012). 

 

 

6.2. Implementation 
 

Centrality measures can be calculated with or without the use of weights. In the first case, 

weights indicate the strength of the connection according to the features mentioned in the 

previous chapter (calls, SMS, duration, days) and they are taken into account in calculating 

centrality measures. In our analysis, we used the number of calls and text messages between two 

customers as the weight of their relationship. In the second case, all links are considered equally 

significant to all other links and their weights are set to 1.    

In order to calculate the centrality measures of the network, igraph functions for centrality 

were used for weighted and unweighted edges. The first centrality measured is the degree 

centrality. We calculated the in-degree, the out-degree and the total degree of each node with 

the corresponding igraph functions that return a numeric vector containing the degree values. 

The out-degree centrality of a node 𝑖 is given by 

𝐶𝐷𝑂
(𝑖) = ∑𝑎𝑖𝑗

𝑛

𝑗=1

 

where 𝑎𝑖𝑗  is the element of the adjacency matrix 𝐴𝑖𝑗. Thus, it is 1 if the edge between nodes 𝑖 

and 𝑗 exists. Accordingly, the in-degree centrality of a node 𝑖 is defined as 

𝐶𝐷𝐼
(𝑖) = ∑𝑎𝑖𝑗

𝑛

𝑗=1

 

where 𝑎𝑖𝑗  is the element of the adjacency matrix 𝐴𝑖𝑗   (Kiss, et al.). 

 

Then the betweenness centrality of each node was evaluated for both weighted and unweighted 

edges. The betweenness of a node is evaluated by   
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𝐶𝐵(𝑖) = ∑
𝑔𝑗𝑙(𝑖)

𝑔𝑗𝑙
𝑖≠𝑗≠𝑙

 

where 𝑔𝑗𝑙(𝑖) is the number of shortest paths between the nodes 𝑗 and 𝑙 containing node 𝑖 and 

𝑔𝑗𝑙  is the number of all the shortest paths between nodes 𝑗 and 𝑙. A numeric vector with one 

such value for each node was returned. 

The standardized closeness centrality of a node 𝑖 is given by  

𝐶𝐶(𝑖) =
(𝑛 − 1) 

∑ 𝑑(𝑖, 𝑗)𝑛
𝑗=1

 

where 𝑑(𝑖, 𝑗) is the distance from node 𝑖 to node 𝑗  (Wasserman, et al., 1994).  

The igraph function for closeness centrality of a node 𝑖 calculates the inverse of the sum of the 

shortest paths to and from all the other nodes  

1

∑ 𝑑(𝑖, 𝑗)𝑛
𝑗=1

, 𝑖 ≠ 𝑗 

where 𝑑(𝑖, 𝑗) is the distance from node 𝑖 to node 𝑗.  If there is no path between nodes  𝑖 and 𝑗  

then the total number of nodes is used instead of the path length. The in-closeness centrality of 

a node considers the paths that end to a node, while the out-closeness considers the paths that 

start from a node. The in-closeness, out-closeness and closeness centrality of all nodes for 

weighted and unweighted links were computed and were returned as numeric vectors. However, 

the average shortest paths of a node with zero degree is considered equal to the number of all 

nodes in the igraph function and the closeness centrality is close to 0.  

The eigenvector centrality scores correspond to the values of the first eigenvector of the 

network’s adjacency matrix. The eigenvector centrality for a node i is defined as  

𝐶𝐸(𝑖) = 𝑥𝑖 =
1

𝜃
∑𝑎𝑗𝑖

𝑛

𝑗=1

𝑥𝑗 

where x⃗  is the principal eigenvector corresponding to the maximum eigenvalue θ and aij is the 

element of the adjacency matrix Aij (Kiss, et al.). Hence, a node is central if it is connected to 

central nodes. The scores of the nodes were evaluated for both weighted and unweighted edges 

and returned as a vector. 

The PageRank function calculates the PageRank scores for all nodes assuming weighted and 

unweighted edges. The PageRank can be defined as  

𝑃𝑅(𝑖) =
(1 − 𝑐)

𝑛
+ 𝑐 ∑

𝑃𝑅(𝑗)

𝐶𝐷𝑂
(𝑗)

𝑗∈𝑀𝑖
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where 𝑛 is the number of nodes in the graph and 𝑐 is the damping factor with value 0.85. It 

depicts the probability that a random surfer will visit a page that is connected to page 𝑖. 𝑀𝑖 is the 

set of pages that link to page 𝑖 and 𝐶𝐷𝑂
(𝑗) is the out-degree of page 𝑗 (Kiss, et al.). The PageRank 

uses links to assess the importance of a node and the value passed by a node through an incoming 

link depends on the respective values passed to this node through its own incoming links and so 

on. The PageRank is a variant of the eigenvector centrality and their main difference is the factor 

1/𝐶𝐷𝑂
(𝑗). 

We also computed the aforementioned functions for a network2 of 2.394.385 nodes and 

4.659.565 edges. Except for the in-degree, out-degree and degree centrality measures, the 

computation of the rest centrality measures was extremely slow. Thus, the processing of a 

dataset with this number of nodes and edges could be implemented using Hadoop or Giraph 

frameworks to split and distribute the data and process them in parallel. 

 

 

6.3. Results 
 

A data frame with all centrality measures of the nodes was created. In Table 4, the degree scores 

for some customers are displayed. For each customer, the number of connections according to 

the incoming, the outgoing and the total number of calls was calculated. 

 

 

 

 

 

 

 

 

 

 

 

                                                             
2 Wikipedia Talk network (https://snap.stanford.edu/data/wiki-Talk.html) 
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Node In-degree Out-degree Total degree 

1 19 23 42 

10 32 51 83 

100 29 6 35 

101 29 28 57 

102 26 34 60 

103 30 22 52 

104 23 50 73 

105 31 37 68 

106 26 20 46 

107 23 46 69 

108 31 41 72 

109 20 11 31 

11 29 8 37 

110 38 2 40 

111 41 11 52 
Table 4: Degree Centrality of some customers  

 

In telecommunications, the in-degree and out-degree centrality are defined as the number of 

customers who make calls to a customer or receive calls from a customer respectively. The 

strength of the ties is not taken into account, as the degree is related with the number of 

customers one is connected to and not with the number of calls. Customers who make calls to a 

specific customer determine his in-degree centrality, whereas customers who receive calls from 

a specific customer determine his out-degree. The sum of in-degree and out-degree constitutes 

the total degree centrality. Thus, the degree centrality depicts the power of a customer based on 

the number of his connections in the network. 

Customers who receive more calls are referred to as “call receivers”, while customers who make 

more calls are the “call makers”. Additionally, customers who make calls to many other 

customers can be considered as leaders and customers who receive calls from leaders can be 

thought of as followers. 

The degree centrality is closely connected with the spreading process as the more relations a 

customer has, the higher the probability to diffuse his opinion. Customers with high degree 

centrality are able to spread the information inside the network effectively and they are 

considered powerful. In this way, customers with the same degree have the same chances to 

diffuse information through the network. Therefore, customers with many connections in the 

network can be viewed as influential with high probability to spread information for product or 

service acquisition more efficiently and they can be selected for viral marketing. 
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The betweenness centrality depicts the number of shortest paths which pass through a specific 

node. Thus, nodes with high betweenness centrality are considered central and powerful as they 

participate in several shortest paths in the network. In telecommunications, customers with high 

betweenness centrality are viewed as bridges between customers. These customers are 

important to the network because if they were removed, the rest customers would be more 

distant or isolated. Furthermore, customers with several shortest paths can diffuse information 

more effectively than the other customers. Hence, betweenness centrality indicates the spread 

of a message throughout the network. 

The closeness centrality is a measure of how close (in terms of topological distance) a customer 

is with respect to all other customers and is defined as the inverse of the average shortest path 

length between a customer and all other customers in the network. Specifically, the in-closeness 

is the inverse of the average shortest path length of the paths that start from a node, whereas 

the out-closeness is the inverse average shortest path length of the paths that end to a node. A 

long average length indicates that this customer is far from the others, whereas a short path 

shows that this customer is close to them. Customers with high closeness centrality need the 

minimum distance to reach other customers and thus they are central and important inside the 

network. Closeness centrality is a measure which describes the speed of the information diffusion 

from a customer throughout the network. Hence, customers with high closeness centrality 

spread information faster than the other customers. However, this measure depends on the 

network metrics and thus it is not a good choice when the graph is not strongly connected as in 

our case.   

The eigenvector centrality of a customer depends on the eigenvector centrality of its connected 

customers. Specifically, the eigenvector centrality is the closeness centrality measure based on 

the smallest average shortest paths from other customers depending on the size of the network. 

For instance, the eigenvector centrality is higher in networks, where the average shortest paths 

are greater, than in subnetworks, where the average shortest paths are smaller. Customers with 

the same closeness centrality but different eigenvector centrality should be viewed in another 

way, as customers with greater eigenvalue centrality can reach more customers with the same 

effort. Hence, these customers are important for diffusion processes such as marketing and sales 

campaigns. 

The PageRank value indicates the importance of a customer based on the importance of its 

incoming connections, thus the customers who make calls to this customer. Particularly, it is 

related with the time that customers may spend with a specific customer. In this way, it describes 

the significance and power of a customer in the network according to other important related 

customers. 
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Node Betweenness In - 
Closeness 

Out - 
Closeness 

Total 
Closeness 

Eigenvector PageRank 

1 284.8291 0.000374 0.000915 0.00104 0.418206 0.001186 

10 1267.518 0.000387 0.001035 0.001088 0.690468 0.002272 

100 106.7098 0.000388 0.000722 0.001032 0.628829 0.001669 

101 1028.126 0.000385 0.000943 0.001053 0.600755 0.003189 

102 565.6692 0.000381 0.000962 0.001064 0.522364 0.001574 

103 529.729 0.000387 0.000894 0.00105 0.658082 0.002232 

104 857.4792 0.000378 0.001015 0.001078 0.499782 0.001713 

105 849.3472 0.000387 0.000986 0.00107 0.663169 0.001929 

106 392.4193 0.000383 0.00085 0.001046 0.558626 0.001856 

107 760.0205 0.000381 0.001 0.001073 0.518989 0.001692 

108 1261.047 0.000387 0.000999 0.001076 0.670254 0.002752 

109 190.7407 0.000375 0.000844 0.001016 0.402473 0.001403 

11 180.2964 0.000385 0.000763 0.001033 0.63938 0.002085 

110 76.97763 0.00039 0.000691 0.001036 0.831693 0.002619 

111 308.0804 0.000393 0.000787 0.00105 0.89569 0.003217 
Table 5: Centrality measures of some customers considering the link weights equal to 1 

 

 

Node Betweenness In - 
Closeness 

Out - 
Closeness 

Total 
Closeness 

Eigenvector PageRank 

1 738.5 0.0000432 0.000065 0.000106 0.260753 0.001033 

10 2196.067 0.0000479 0.000065 0.000100 0.666876 0.002899 

100 8 0.0000517 0.000035 0.000098 0.540673 0.001766 

101 5304.167 0.0000516 0.000066 0.000116 0.341525 0.00249 

102 785.6 0.0000448 0.000063 0.000110 0.473246 0.001778 

103 37.33333 0.0000519 0.000041 0.000107 0.43513 0.002062 

104 496.3333 0.0000484 0.000052 0.000091 0.340267 0.001692 

105 3066.752 0.0000579 0.000064 0.000118 0.547691 0.002339 

106 423.1667 0.0000490 0.000056 0.000084 0.508031 0.002274 

107 2270.183 0.0000532 0.000059 0.000096 0.494119 0.002478 

108 4397.5 0.0000561 0.000069 0.000122 0.403543 0.002702 

109 0 0.0000389 0.000046 0.000068 0.316455 0.001605 

11 1735.533 0.0000597 0.000054 0.000108 0.454745 0.001806 

110 2 0.0000547 0.000029 0.000125 0.74273 0.002838 

111 143.75 0.0000519 0.000043 0.000100 0.779491 0.003602 
Table 6: Centrality measures of some customers considering the number of calls and messages as link 

weights 
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Centrality measures calculated without weights, as shown in Table 5, take into consideration the 

number of connections a customer has. On the other hand, centrality measures with weight, as 

displayed in Table 6, depend on the communication inside the network as weighted edges are 

used in order to distinguish their importance. The centrality value of a customer is measured 

according to the connections and the frequency of communication with them inside the network. 

For instance, a customer with the same number of connections with another customer, is 

considered more important if he has denser activity inside the network. Therefore, centrality 

measures with weights are not always correlated to centrality measures without weights.  

Depending on the business event, a different centrality measure should be chosen. In order to 

identify the customers with many connections, the customers who make calls to many other 

customers and the customers who receive calls from several customers, the degree, out-degree 

and in-degree centralities should be used respectively. Customers with high degree centrality can 

spread information effectively as the relations a customer has, the higher the probability to 

propagate a message. The betweenness centrality should be used to see how far a message can 

be spread within a network. Customers with high betweenness centrality can diffuse information 

more efficiently than other customers and control the flow between the customers. Closeness 

centrality describes the time a message will take to diffuse throughout a network. To increase 

the speed of the diffuse of a message, customers with high closeness centrality should be 

identified. Eigenvector and PageRank centrality measures should be used to identify the 

customers who are important whether they refer other important customers or they are referred 

by other important customers. 

In our analysis, we also examined the correlation between the measures of centrality. In Figure 

8, it is shown that out-degree and total degree centralities are correlated (r = 0.95), as the higher 

the out-degree the higher the total degree centrality of a node. In Figure 9, it is noticeable that 

the betweenness centrality without weights and the total degree are correlated (r = 0.93). This 

can be explained as the more people a customer is connected to, the more paths pass through 

this customer and the greater possibilities that he will appear in several shortest paths in the 

network. In addition to betweenness, closeness centrality without weights is also correlated to 

total degree centrality as one can see in Figure 10 (r = 0.98). A customer with high degree 

centrality has many connections and thus he has higher probability to have several close 

customers with short average distance between them. Out-degree and total degree are also 

correlated with out-closeness as shown in Figures 11 and 12 with r = 0.86 and r = 0.8 accordingly. 

A customer with high value of degree centrality and particularly high value of out-degree has 

higher probability to have many shortest paths that start from him. Moreover, in-degree and 

eigenvector centrality are correlated as shown in Figure 13 (r = 0.99). The eigenvector centrality 

of a customer is proportional to the sum of the centralities of its connections and specifically the 

incoming links. Thus, customers with high eigenvector centralities are the ones which have 

several incoming links, which have several incoming links and so on. On the other hand, one can 

see in Figure 14 that in-degree and out-degree are not correlated (r = 0.03). From the results, it 
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is noticeable that the most correlated centrality measures are the in-degree and eigenvector 

centrality. 

 

 

 

 

Figure 8: Out-degree and total degree correlation (r = 0.95) 
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Figure 9: Total degree and betweenness centrality correlation (r = 0.93) 

 

 

 

Figure 10: Total degree and Closeness centrality correlation (r = 0.98) 
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Figure 11: Out-degree and out-closeness centrality correlation (r = 0.86) 

 

 

 

Figure 12: Total degree and out-closeness centrality correlation (r = 0.8) 
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Figure 13: In-degree and eigenvector centrality correlation (r = 0.99) 

 

 

 

Figure 14: In-degree and out-degree correlation (r = 0.03) 
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7. Community Detection 
 

7.1. Background 
 

There are many methods for community detection that aim to identify communities with low 

computational complexity such as hierarchical algorithms and modularity maximization 

algorithms described below (Yang, et al., 2016; Bonchi, et al., 2011). 

 

Hierarchical partitioning algorithms  

Hierarchical algorithms have been used generally in sociology and they are based on hierarchical 

partitioning of the nodes in the social network (Bonchi, et al., 2011). These methods partition the 

network in a hierarchy of communities and subcommunities. The algorithms start by computing 

the similarity between every pair of nodes based on a certain similarity function and then it 

continues recursively. At the beginning, each node is on its own group and at each iteration the 

groups with the greatest similarity value are merged into one group and the similarity of the new 

group is computed. The procedure terminates when only one group is left (Bonchi, et al., 2011). 

In contrast to merging nodes in this bottom up process, a top down approach was proposed by 

Girvan and Newman. It is one of the most used techniques (Bonchi, et al., 2011). The algorithm 

starts with the whole network as a single community and at each iteration it removes one edge 

of the network. In this way, a connected component is split into smaller connected components. 

The removal of the edges is based on the edge betweenness, the number of pairs of nodes for 

which the edge is on a shortest path. The algorithm ranks and removes the edges in descending 

order of this measure. Thus, the edges between communities, which have large edge 

betweenness value, are removed first to expose communities (Bonchi, et al., 2011).  

Modularity Maximization algorithms 

The measure of evaluating the quality of the network partition into communities that Girvan and 

Newman proposed is called modularity (Bonchi, et al., 2011). Modularity is the fraction of edges 

that exist within communities minus the fraction of these edges if they were random. The 

optimization of modularity gives the number of communities in the network. The bigger the 

modularity, the best is the community distribution concerning the number of nodes (Pinheiro, 

2012). The modularity maximization is evaluated at the beginning and not at the end of the 

algorithm. Clauset, Newman and Moore improved the complexity of the algorithm proposed by 

Girvan and Newman. Many researchers have studied and improved the algorithms for the 

modularity optimization (Bonchi, et al., 2011). 
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There are several types of community detection algorithms that partition networks in short time. 

These algorithms have differences in predicting power and computing time. The most accurate 

state-of-the-art algorithms for community detection are the Infomap, the Label Propagation, the 

Multilevel, the Walktrap, the Spinglass and the Edge Betweenness (Yang, et al., 2016). In our 

network analysis, the computation time of these algorithms using igraph functions is less than 

one minute, except Spinglass and Edge Betweenness whose computation time is two minutes 

and more than 20 minutes equivalently.  

In telecommunications, networks are extremely large and the computation time should be 

considered. Hence, Spinglass and Edge Betweenness are not a good choice as the relation 

between size and time is cubic. In the paper of Yang et al., eight state-of-the-art community 

detection algorithms in igraph library are tested and it is shown that Multilevel is the most 

accurate algorithm and outperforms all the others.  

Multilevel is a heuristic algorithm that is based on modularity maximization (Blondel, et al., 2008). 

It is shown that it has the most effective computation time in comparison to all the other 

community detection algorithms and that the number of communities detected is very accurate 

based on modularity. The algorithm was proposed by Blondel et al. to identify communities in 

large networks in hierarchical way (Blondel, et al., 2008). 

The algorithm has two phases that are repeated iteratively (Blondel, et al., 2008). At the start, 

each node is assigned to a different community and thus the number of communities is equal to 

the number of nodes. In each iteration, every node is reassigned to communities in a greedy way. 

Each node is moved to the community for which the modularity is increased. If the gain in 

modularity is negative, then the node stays in the same community. The first phase stops when 

no other nodes can be reassigned.  

The second phase of the algorithm is the coarsening phase where the nodes of the network form 

the merged communities. The weights of the edges between the new nodes – communities are 

the sum of the edge weights between the nodes of the communities. When this phase is ended, 

the first phase is repeated and so on. The algorithm stops when there is no more change left in 

the communities or the modularity cannot be optimized anymore.  

The computational complexity of the algorithm is 𝑂(𝑛𝑙𝑜𝑔𝑛) where 𝑛 is the number of nodes. 

This is explained as a loop is implemented for n times in the first step to assign nodes to 

communities. Then an inner loop for n/2 times is executed for the second coarsening phase that 

merges the communities from the first step.  Thus, we have 𝑂(𝑛) × 𝑂(𝑙𝑜𝑔𝑛) → 𝑂(𝑛𝑙𝑜𝑔𝑛). 

The Multilevel algorithm has many advantages (Blondel, et al., 2008). Firstly, the implementation 

is simple and easy. Secondly, the algorithm is extremely fast and the computational complexity 

is linear as the computation of modularity is easy and the number of communities is reduced 

after few steps. Moreover, the speed of the algorithm can be improved with simple heuristics. 
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Lastly, the intermediate hierarchy levels may also have significant information and provide the 

examination of the network at any phase. 

Blondel et al. compared the algorithm with other community detection algorithms and they 

showed that in all tests, they achieved large values of modularity and short computation time. 

Even for very large networks with billion nodes, the algorithm outperforms all the others. They 

also applied the algorithm in a mobile phone network of 2.6 million customers and edge weights 

according to the total number of calls for six months.  

 

 

7.2. Implementation 
 

In our network analysis, an undirected graph was created to identify communities. The direction 

of links was not considered, as relations in communities are not viewed as straightforward and 

every member communicates with the others. Members of communities are closely related and 

communicate with each other and thus edges are taken as undirected. For instance, if at least 

one of them calls the other, it can be considered that they talk in both directions. Furthermore, 

multiple edges were removed. Nodes are linked with an undirected single edge with weight the 

sum of the initial weights of the directed edges. The undirected network consists of 500 nodes 

and 13517 edges.  

 

 

7.3. Results 
 

Then the Multilevel algorithm was applied to the telecommunications network and 9 

communities were identified with maximum modularity equal to 0.11. The number of 

communities can change considering different edge weights. For instance, the communities 

according to text messages are 13, while the communities according to calls are 12.  

We also executed the algorithm for a large network3 with 2.394.385 nodes and 4.659.565 edges. 

The implementation time for such large network was only 11 seconds and 2.841 communities 

were identified with modularity 0,58. 

Afterwards, records that correspond to the members of each community were extracted from 

the CDR and a directed graph was created for each community for further examination. Every 

community graph was created in the same way as the initial telecommunications graph, i.e. the 

                                                             
3 Wikipedia Talk network (https://snap.stanford.edu/data/wiki-Talk.html) 
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nodes are the community members and the edges represent the relation among them. In Table 

7, the number of nodes and the number of edges for each community are presented. 

Community Customers Relations 

1 25 104 

2 45 221 

3 56 357 

4 58 359 

5 55 354 

6 57 345 

7 75 563 

8 59 325 

9 70 493 
Table 7: Number of customers and relations for each community 

 

For each community the average number of calls, the average number of text messages, the 

average duration of calls (in hours) and the average number of communication days inside and 

outside the community were calculated. For the activity outside the community, the records 

made between the members of the community and customers outside the community were 

extracted from the CDR data. As one can see in Appendix, the number of communities and the 

activity inside and outside each community is different based on different edge weights such as 

the number of calls or the number of text messages. For example, for edge weight based only on 

the number of text messages, the number of communities is 13 and the communication with 

SMS is denser inside the community than outside.  

Therefore, telecommunications companies can compare the usage between communities and 

target them for marketing events. For example, they can identify the community with the most 

usage and make some offer with free or reduced fees. Additionally, they can make different 

offers for free call or text message usage according to the equivalent numbers of each 

community. The number of days that two customers communicate with each other should also 

be considered in order to offer them free usage or usage with reduced costs for some days.  

In addition to the activity of each community, the centrality measures for each member of 

communities were evaluated. In this way, a telecommunication company can identify the leaders 

and the followers in every group. This is of great importance as the influencers in these groups 

can be targeted for diffusion processes such as retention or sales campaigns.  

If we had more information for the customers and their communication activity, then we could 

examine some other patterns in the data. For instance, if we had the age for each customer, we 

could examine the average age in each community and the way they communicate with each 

other, i.e. voice calls or text messages. We could also analyze the usage of the whole network 
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according to the age distribution. Thus, customers could be targeted for different marketing 

events based on their age. 

At the same time, the date and time of communication between two customers could also be 

studied. For example, members of a community who communicate during working days and 

hours are possibly colleagues and thus some free time for these days and hours could be offered 

to them. On the other hand, people who do not talk or send text messages during working hours 

could be family, friends or students. These customers could be targeted for other offers 

depending on the communication among them, i.e. SMS package for a community of students or 

friends who communicate mostly with text messages. Moreover, pairs of customers who talk 

frequently could have a closer relationship and thus companies could give them offers for some 

days of the year or specific hours. 

In Figure 14, one can see the network and the communities with different colors, while in Figure 

15 one can see the graph of each community separately. In Figure 15, the node size is 

proportional to the degree centrality and the darker the node color, the higher the betweenness 

centrality. It is noticeable that the number of members and relations inside each community is 

different.   

 

 

Figure 15: Network visualization using the Fruchterman Reingold layout and the nine communities 
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Figure 16: Communities with node size proportional to degree centrality and node color darkness 
according to betweenness centrality 
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8. Diffusion 
 

8.1. Background 
 

Telecommunications companies can gain valuable insights from social network analysis as they 

can understand the way customers are related. Another aim of this thesis is the study of the 

diffusion of information. Product or service acquisition can be considered as a chain process that 

begins from several customers and spreads throughout the network.  

In business terms, a company could figure out how fast a marketing event could diffuse. This 

analysis could be performed considering as initial nodes (seeders) either the most influential or 

some random customers. Hence, the choice of the right customers could affect the speed of the 

message spread and improve the process and the effectiveness of the business campaigns. The 

importance and influence of a customer could be assessed based on the centrality measures that 

are computed in the corresponding chapter of this thesis.  

There are different models of diffusion processes (Jackson, 2008). Two types of models are the 

explanatory and the predictive models. 

The explanatory models examine the spreading process given an activation sequence (Guille, et 

al., 2013). The nodes are influenced by their activated neighbors independently with some 

probability. This probability decreases depending on the activation time. These methods consider 

that the network is static over time.  

On the other hand, the predictive models aim to estimate the way a diffusion process spreads in 

a network from temporal view based on past diffusions (Guille, et al., 2013). The most well-

known graph based models are the Independent Cascades (IC) and the Linear Threshold (LT). 

Both models assume that the structure of a directed graph is static and they focus on the 

dynamics of the process. The spreading process progress iteratively in a discrete time axis starting 

from several initial activated nodes. An activated node cannot deactivate. For the IC model, a 

probability to each edge needs to be specified, while for the LT model an influence degree and 

an influence threshold for each node are required.  In the IC model, the activated nodes at each 

step try to activate their neighbors based on the probability of the edges. In the LT model, at each 

step, the inactivated nodes are activated by their earlier activated neighbors if the sum of 

influence degrees is greater than their influence threshold. The diffusion ends when no other 

activation is possible (Guille, et al., 2013). 

Kempe, Kleinberg and Tardos showed that the optimization problem of selecting the most 

influential nodes in a network for both IC and LT models is NP-complete (Kempe, et al., 2003). 

They presented an effective greedy hill-climbing approximation algorithm for influence 

maximization with performance guarantee. They developed a diffusion model that generalizes 

the LT and IC models and they also provided experiments on large networks. They also showed 
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that their algorithm outperforms other heuristic algorithms based on targeting nodes with high 

centrality measures (Kempe, et al., 2003). Chen, Wang and Yang improved the effectiveness of 

the greedy algorithm proposed by Kempe et al. for the IC model (Chen, et al., 2009). The 

heuristics they proposed reduce the running time of the algorithm. 

There are several other studies on spreading processes. In their paper, Ball et al. examined the 

diffusion of disease in networks (Newman, et al.). The model of disease spreading they described 

is based on the susceptible, infective, removed model (SIR) which is the most used epidemic 

model. In this model, people can be in three different states. The first state is the susceptible (S) 

state where people can catch the disease, the second is the infected (I) state where people can 

infect others and the third is the removed (R) state where people have recovered and they cannot 

catch it again or they can infect others or they have died (Newman, et al.). The first state occurs 

with some probability over time according to the infected neighbors of a susceptible person, 

while the second occurs with the same probability. Persons who have already been infected 

cannot catch the disease again. Hence, the number of susceptible persons decreases over time 

in the network and thus the disease stops spreading at the end. From the results of the paper, it 

is shown that the spread of a disease among groups can cause epidemic occurrence even if the 

probability of the disease diffusion is small.  This occurs as the pass of the disease between people 

in groups like families happens with greater probability than the transmission among other 

people. Additionally, they showed the decrease of the spreading threshold over time and they 

found the expected number of infections. 

 

 

8.2. Implementation 
 

First, we implemented a diffusion process based on the Independent Cascades model.  The 

diffusion process starts from some initially activated nodes. All activated nodes activate their out-

neighbors with some diffusion probability. At each iteration the activated nodes try to activate 

their neighbors based on the probability corresponding to the edge between them. At each 

iteration, we generated a random probability from a uniform distribution for each edge. If the 

diffusion probability is equal or greater than the assigned edge probability, then the neighbor will 

be activated. In the next iteration, the activated nodes along with the newly activated nodes try 

to activate their neighbors and so on. The process ends when there is no new activation or all 

nodes are activated.  

From business perspective, we are interested in identifying the initial customers that increase 

the diffusion of a message. Thus, the spreading process depends on the out-going calls and text 

messages of a customer. This is the reason we chose only the out-neighbors in the infection 

process. 
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Secondly, we added a decay factor in our algorithm as in reality the diffusion probability 

decreases over time. Every activated customer starts with the same diffusion probability to 

activate its out-neighbors and at every time step this probability decreases. Specifically, the main 

difference in our implementation from the previous one is that the diffusion probability is 

multiplied by the 𝑑𝑒𝑐𝑎𝑦𝑡−𝑡𝑎𝑐𝑡 , where 𝑑𝑒𝑐𝑎𝑦 = 0.9 in our experiments, 𝑡 the current time step of 

the spreading and 𝑡𝑎𝑐𝑡  the time the customer got activated. Again, we run the algorithm for 

different numbers of initial activated nodes and for different diffusion probabilities. 

Lastly, in order to make our model more realistic we added another parameter. The main idea is 

based on the paper of Banerjee et al., where a person after it gets informed, it decides whether 

to participate or not. Banerjee et al. examined the diffusion of participation in a microfinance 

program and they showed that participation is higher when the initial seeders have higher 

eigenvector centrality (Banerjee, et al., 2012). In business terms, this is of great interest for a 

telecommunications company in order to know the way a message or a business event will spread 

and the number of customers that will participate in a campaign eventually. Thus, choosing the 

right customers the effectiveness of the campaign will be improved and the cost will be reduced. 

This model is a combination of the Independent Cascades and the Linear Threshold models and 

it was implemented without and with a decay factor. 

In our model, we used the same decay factor and the same diffusion probabilities as previously. 

At each iteration, an individual gets informed with some probability in the same way as in the 

previous model and it decides to participate if the ratio of its participated neighbors to all its 

neighbors is greater than a threshold. However, when a person participates, in the next iterations 

he diffuses the information with the initial probability, without a decay factor as he will not forget 

it. On the other hand, a person, who does not participate, diffuses the information with the initial 

diffusion probability multiplied by 𝑑𝑒𝑐𝑎𝑦𝑡−𝑡𝑎𝑐𝑡 . To compare our results, we chose the number of 

participants equal to the number of informed customers for all centrality measures. 

We executed these algorithms for different diffusion probabilities, different number of initial 

seeders without and with decay factor. The initial activated nodes were selected randomly and 

then based on the centrality measures computed in the sixth chapter. We chose the most 

important customers according to each centrality measure. The purpose of the analysis is to 

examine and compare the performance of the centrality measures for the diffusion of a message 

over time. Moreover, we examined the spread of an event when we change the number of initial 

nodes or the diffusion probability. The threshold for the participation process was selected equal 

to 0.07. The average number of neighbors in our network is approximately 55 and if we choose 

a higher threshold then only few customers would participate. Afterwards, we implemented the 

same algorithm without and with decay factor but the neighbors’ threshold for the participation 

process was chosen randomly from a uniform distribution for each customer. 

 

 



50 
 

8.3. Results 
 

We executed each algorithm 10 times and we computed the mean of the results. The following 

figures present the total number of activated customers over time. Moreover, from the 

comparison of the results, we can see that the most important customers based on specific 

measures perform better than the randomly selected customers.  

The centrality measures that play a significant part in the increase of the diffusion process are 

the out-degree, out-closeness, degree, closeness and betweenness. The more out-neighbors a 

customer has, the higher value of out-degree and the higher probability to propagate a message. 

Customers with high degree centrality are able to spread the information inside the network 

effectively. Customers with high out-closeness and closeness centrality need the minimum 

distance to reach other customers and thus more customers will be infected faster. Moreover, 

the higher value of betweenness centrality a customer has, the more control of the flow he has 

and the information will diffuse more effectively throughout the network. On the other hand, 

the centrality measures that do not play an important role in the diffusion are the in-degree, in-

closeness, eigenvector, PageRank and the random set of initial seeders. These centrality 

measures depend on the incoming links of a customer, thus taking into account the out-neighbors 

in the infection process, they do not perform well. 

According to Figures 17 – 19, it is noticeable that when we keep the probability of diffusion 

constant and we double the number of the initial informed customers, there is no significant 

change in the time steps required for all customers to be activated. On the other hand, keeping 

the number of initial activated customers constant and increase the spreading probability, has 

an extremely better performance in the speed of the diffusion. If the probability of spread is 

double the initial, the time steps required for the message to spread throughout the network are 

half the initials. As one can see in Appendix, the time steps required for the propagation decrease 

as the diffusion probability increases.  
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Figure 17: Diffusion model with 10 initial seeders and diffusion probability 0.01 

 

 

Figure 18: Diffusion model with 10 initial seeders and diffusion probability 0.02 
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Figure 19: Diffusion model with 20 initial seeders and diffusion probability 0.01 

 

 

 

 

In all cases, it is noticeable that the influence of the most central customers in the network, 

according to specific centrality measures, is higher than the influence of the random set of 

customers. Central customers are related to a greater number of customers and thus they are 

more likely to diffuse a message to a greater number of customers in a shorter time. Thus, there 

are significant insights from these models for business purposes. Business events such as 

marketing or sales campaigns can be improved effectively when targeting the right persons.  
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In the following figures (20 – 22), we can see the results with the decay factor. It is noticeable 

that more time steps are needed for the information to flow throughout the network. Moreover, 

not all customers get informed. Particularly, when we increase the number of initial seeders, the 

time of the diffusion process does not change significantly and the information does not reach 

all customers, in contrast to the model without decay factor. However, when we increase the 

diffusion probability all customers get informed and the number of time steps decreases. The 

centrality measures that spread the information more and faster are the closeness, out-

closeness, betweenness, out-degree and degree centrality.   Although we added the decay factor, 

we can notice that the performance of the centrality measures remained the same. 

 

 

 

 

Figure 20: Diffusion model with decay factor, 10 initial seeders and diffusion probability 0.01 
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Figure 21: Diffusion model with decay factor, 10 initial seeders and diffusion probability 0.02 

 

 

Figure 22: Diffusion model with decay factor, 20 initial seeders and diffusion probability 0.01 
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In Figures 23 – 25, the results from the model with participation without decay factor are 

presented. The centrality measures that increase the participation are again the out-closeness, 

out-degree, closeness, degree and betweenness centrality. We can observe that all the 

customers get infected. One can also notice that as we increase the diffusion probability, the 

spreading is faster but not many customers participate. On the other hand, as we increase the 

number of initial seeders and participants, there is a significant increase in the number of 

participants. Specifically, with 40 initial participants almost all customers participate. 

 

 

 

 

 

Figure 23: Informed and participants of diffusion model with 10 initial seeders and participants and 
diffusion probability 0.01 
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Figure 24: Informed and participants of diffusion model with 10 initial seeders and participants and 
diffusion probability 0.02 
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Figure 25: Informed and participants of diffusion model with 20 initial seeders and participants and 
diffusion probability 0.01 
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The results of the participation model using a decay factor are shown below in Figures 26 – 28. 

We can notice that as we increase the number of initial seeders and the diffusion probability, all 

customers get informed in 100 time steps. Moreover, it is noticeable that there is an important 

increase in the number of participants with the increase of the initial seeders and participants. In 

contrast, as the spreading probability becomes greater, there is no significant change in the 

number of participants. However, there is an important difference in the performance of the 

centrality measures. The centrality measures that lead to more participants are again the out-

degree, out-closeness, degree, closeness and betweenness centrality.  

 

 

 

 

Figure 26: Informed and participants of diffusion model with decay factor, 10 initial seeders and 
participants and diffusion probability 0.01 
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Figure 27: Informed and participants of diffusion model with decay factor, 10 initial seeders and 
participants and diffusion probability 0.02 
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Figure 28: Informed and participants of diffusion model with decay factor, 20 initial seeders and 
participants and diffusion probability 0.01 
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In the following figures (29 – 31), we can see the results from the previous model using a different 

random threshold for each customer for the participation process. Comparing the results with 

the equivalent of the model with the constant participation threshold, we can observe that the 

number of participants is greater in this model when the initial seeders and participants are 10 

and the diffusion probability is 0.01. The centrality measures that increase the participation are 

the same.  It is noticeable that increasing the diffusion probability, the information spreads faster 

but the same number of customers participate. However, as we increase the number of initial 

seeders and participants, more customers participate. As one can observe, the results are similar, 

either considering a constant participation threshold or a different random threshold for each 

customer. 

 

 

 

Figure 29: Informed and participants of diffusion model without decay factor, 10 initial seeders and 
participants, diffusion probability 0.01 and random participation threshold 

 

 

 



62 
 

 

 

 

 

 

 

 

 

Figure 30: Informed and participants of diffusion model without decay factor, 10 initial seeders and 
participants, diffusion probability 0.02 and random participation threshold 
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Figure 31: Informed and participants of diffusion model without decay factor, 20 initial seeders and 
participants, diffusion probability 0.01 and random participation threshold 
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In Figures 32 – 34, we can see the results of the diffusion model using a decay factor and random 

participation threshold from a uniform distribution. Again, increasing the diffusion probability, 

the spreading is faster and the number of participants does not change. In contrast, increasing 

the initial number of informed and participated customers, the number of participants increases. 

 

 

 

 

Figure 32: Informed and participants of diffusion model with decay factor, 10 initial seeders and 
participants, diffusion probability 0.01 and random participation threshold 
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Figure 33: Informed and participants of diffusion model with decay factor, 10 initial seeders and 
participants, diffusion probability 0.02 and random participation threshold 
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Figure 34: Informed and participants of diffusion model with decay factor, 20 initial seeders and 
participants, diffusion probability 0.01 and random participation threshold 

 

 

 

Summarizing the results, we can see that the centrality measures that increase the participation 

are the out-degree, out-closeness, betweenness, degree and closeness. In addition, increasing 

the diffusion probability, the information spreads faster throughout the network whether we use 

a decay factor or not. However, in order to increase the number of participants, it is better to 

increase the number of initial seeders and participants.   
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9. Conclusions and Future Directions 
 

This thesis examined customers of a telecommunications company using social network analysis. 

In this chapter, we summarize the aim and the results of this thesis. We also provide some 

directions for future work. 

 

9.1. Conclusions 
 

Social network analysis is a mathematical framework that examines the relationships among 

individuals to understand their behaviors. It assesses the importance of an individual using 

centrality measures and identifies the groups with intense interactions among their members. It 

also studies the way information spreads throughout the network over time and it provides 

insights about the decisions the nodes will make. Social network analysis techniques have several 

applications in a wide range of areas that have a network structure. One of these areas is the 

telecommunications industry.  

In telecommunications, social network analysis can provide useful knowledge of the customers’ 

relationships and behaviors and can improve business operations. In contrast to traditional 

analytical approaches, social network analysis considers the relationships among the customers.  

These customers’ connections have different strength and frequency and they can provide 

valuable insights into the way customers interact and influence one another. Therefore, this 

analysis exploits all patterns in the data that can improve the effectiveness of marketing 

campaigns and helps companies to make the right decisions regarding message diffusion such as 

product and service adoption or customer retention and acquisition.   

In this thesis, we created a network based on the CDR data of a telecommunications company. 

We considered the telephone numbers as the nodes of the network and the calls and text 

messages as the directed links between these numbers. In most related works, the edges have 

weights that are based on the number of calls, their duration and the number of messages. In 

our analysis, the weight of each edge was considered equal to 1 and then equal to the number 

of calls and messages. In this way, high frequency of calls indicates a strong relationship between 

two customers. However, different edge weights should be used for different business events. 

For instance, in order to study a text message service, the edge weight based on the frequency 

of SMS should be considered.  

After the network formation, we measured the importance of the customers based on centrality 

measures. Centrality measures, such as degree, betweenness, closeness, eigenvector and 

PageRank, were calculated for each customer and we showed the correlation between the 

different centrality measures. These measures represent the value of the customers based on 

the structure of the network and their relationships. Then we evaluated the centrality measures 
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for each customer taking into account the edge weights based on the number of calls and text 

messages. In this way, we measured the value of the customers considering not only the 

connections but also the activity they have inside the network. The centrality measures provide 

useful knowledge about the customers’ behavior in the network. Hence, social network analysis 

indicates the central customers and identifies the different roles such as the leaders and the 

followers. Customers who make calls to several other customers can be viewed as leaders, while 

customers who receive calls can be thought as followers. The most influential customers should 

be chosen as targets for business plans as they can affect other customers in the network or the 

customers inside their communities. For example, they can be targeted for campaigns and 

promotions and influence the other customers to adopt a new product or service.  

Another important principle of network analysis in the telecommunications industry is the 

community detection. Community detection has been studied by many researchers. For 

example, Pandit et al. identified the call and the message communities. Nanavati et al. considered 

the network undirected and found the communities to offer discounts to their members, while 

Pinheiro using community detection identified the outliers in terms of usage in the network. In 

our analysis, we identified the groups of customers that are densely connected considering the 

network undirected. Then we created a network with the members of each community as nodes 

and we evaluated the centrality measures of each member to estimate their power inside the 

community.  

The most influential customers inside a community are considered important for the companies 

as they can be targeted for business plans such as product or service acquisition or message 

spreading. Depending on the business event, different weight between the customers should be 

considered. For example, in order to offer some promotions for text messages, the communities 

that communicate more with SMS should be identified. Thus, only the number of messages 

should be considered as edge weight. In our analysis, we found different numbers of 

communities using different weights as one can see in Appendix. Furthermore, the activity inside 

and outside communities could be analyzed in order to find patterns. We showed that the activity 

inside the community is denser than outside using different edge weight. In that way, 

communities with dense activity could be offered call or message packages. Hence, the 

identification of communities inside the network is of great importance as they can be targeted 

for marketing, sales or retention campaigns to encourage more usage inside the community with 

reduced cost.  

Moreover, several business events follow a chain process. social network analysis and diffusion 

models are of great significance and can help companies improve their performance. The 

centrality measures are related to some business events such as product or service adoption as 

the influence of the central customers is higher than the influence of randomly selected 

customers. In this way, influential customers could be targeted for marketing campaigns. Most 

studies for information diffusion in telecommunications examined the influence on churn. 



69 
 

However, Pinheiro et al. and Kiss et al. studied the diffusion of a business event and the initial set 

of customers was selected according to a centrality measure.   

In our analysis, we implemented different diffusion models taking into consideration centrality 

measures. Specifically, we implemented three different models and we experimented with 

different parameter values. In all cases, we showed that most central customers spread the 

information faster throughout the network. The centrality measures that performed better in all 

our experiments and increased the spreading and the participation are the out-closeness, out-

degree, betweenness, closeness and degree centrality. In addition, more customers will 

participate in a business event when the number of initial seeders and participants is greater. 

Telecommunications companies can gain useful insights for business aims from the way the 

relationships among the customers affect the process of these events. Hence, it is extremely 

crucial to identify the more influential customers inside the network to propagate the messages. 

For example, central customers with many close connections can diffuse a business event more 

effectively in comparison to other customers. Telecommunications companies can target the 

influencers inside the network to start a spreading process with small cost of marketing 

campaigns. Thus, they can improve their performance and reduce the campaigns costs.  

 

 

9.2. Future Directions 
 

In this section, we provide some insights for future work. In our analysis, we used synthetic CDR 

data in contrast to most related works that used real data from mobile operators. To obtain more 

knowledge of telecommunications networks, social network analysis could be applied on real 

CDR data. However, due to privacy laws about real data, more realistic data could be used in the 

future in order to take more effective results. Real statistics about the connections of a customer, 

the frequency and the duration of calls and the number of messages should be considered for 

the creation of synthetic data.  

Moreover, information about the date of the call or message could provide useful knowledge 

about the hours and days of communication. In this way, companies could examine the patterns 

inside communities to understand the relationship among their members and make some offers 

for free usage or usage with reduced cost on specific days and hours a week. For example, 

members of a community who communicate with each other weekdays and during working 

hours could be colleagues and they could be offered some package of free communication during 

this period. On the other hand, members of a community that communicate more frequently but 

not during working hours, could have a closer relationship like family members or friends. These 

could be offered some different packages to encourage more usage. Using demographic data, 
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we could also examine the average age of each community to understand the role of age in the 

activity inside and outside the community. 

As far as the information diffusion is concerned, one could examine the diffusion inside the 

communities. Hence, the most influential customer from each community could be targeted to 

activate the spreading process throughout the entire network or the top influential customers 

based on the centrality measures of the network could be selected in such a way that each of 

them belongs to a different community. We could also use a linear combination of the centrality 

measures and target the most important customers to see if they perform better than the most 

important customers of each centrality measure separately or the randomly selected customers. 

Furthermore, we could add a self-learning parameter in the diffusion model. A customer could 

learn about a business event with some probability on his own. We could also introduce a 

recovery state, like in the SIR model, as customers could forget the message received over time. 

Additionally, we could use the edge weight as the edge probability in the spreading process. For 

instance, a customer could be informed if the value of the edge weight is greater than the 

diffusion probability. The diffusion models could be also examined using the centrality measures 

considering the edge weights.  

Social network analysis could also be combined with predictive modelling. The network KPIs 

could be used as predictors to improve the prediction of the models. Furthermore, social network 

analysis could be applied in telecommunications using big data. For example, Apache Hadoop or 

Giraph and MapReduce frameworks could be used in order to split and distribute the data in 

different parts and store them in separate hard drives. Hence, data can be processed in parallel.   

Lastly, social network analysis could be applicable to other networks. For instance, the network 

of bank customers could be analyzed to find the central customers in the network, the top 

influencers and the customers that provide cash flow. In this way, useful insights can be gained 

for the bank.  Another application could be in small business networks. The companies would be 

considered as nodes and the financial relationships between them as links. If one company 

defaults, one can test how this will affect the rest companies of the network. 
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Appendix 
 

Community detection results of the network with edge weight based on the number of calls 

between two customers. 

 

Community Customers Relations 

1 48 239 

2 41 180 

3 25 81 

4 51 259 

5 39 167 

6 49 251 

7 64 375 

8 39 167 

9 56 259 

10 19 59 

11 48 233 

12 21 66 
 

 

 Activity inside the community Activity outside the community 

Community Calls SMS Duration Days Calls SMS Duration Days 

1 47 32 2.5 36 34 36 1.7 34 

2 49 34 2.5 38 34 32 1.7 33 

3 55 32 3 39 34 33 1.7 33 

4 48 24 2.5 36 33 33 1.7 33 

5 48 20 2.5 35 34 34 1.7 33 

6 47 26 2.5 36 33 33 1.7 33 

7 43 32 2 37 32 33 1.7 33 

8 48 35 2.5 38 34 30 1.8 33 

9 50 33 2.5 39 34 34 1.7 33 

10 53 42 3 40 33 32 1.7 33 

11 47 26 2.5 36 33 34 1.7 33 

12 50 34 2.5 38 32 31 1.7 32 
 

 

 



76 
 

Community detection results of the network with edge weight based on the number of SMS 

between two customers. 

 

Community Customers Relations 

1 47 184 

2 23 47 

3 55 233 

4 29 82 

5 30 83 

6 40 127 

7 36 118 

8 29 78 

9 47 203 

10 33 103 

11 40 154 

12 37 137 

13 54 225 
 

 

 Activity inside the community Activity outside the community 

Community Calls SMS Duration Days Calls SMS Duration Days 

1 35 82 2 43 35 24 2 32 

2 30 116 1.5 47 36 25 2 32 

3 37 82 2 43 36 25 2 33 

4 29 108 1.5 45 36 27 2 33 

5 29 114 1.5 44 35 24 2 32 

6 33 92 2 43 36 24 2 32 

7 36 92 2 45 37 25 2 33 

8 33 108 2 43 37 24 2 33 

9 34 74 2 40 36 24 2 32 

10 36 91 2 44 35 25 2 32 

11 34 80 2 40 36 24 2 32 

12 36 87 2 43 36 25 2 32 

13 37 75 2 42 35 24 2 32 
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Results of diffusion model without decay factor 
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Results of diffusion model with decay factor 
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Results of diffusion model with participation without decay factor and threshold 
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Results of diffusion model with participation with decay factor and threshold 

 

 

 



87 
 

 

 

 

 



88 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



89 
 

Results of diffusion model with participation without decay factor and random threshold 
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Results of diffusion model with participation without decay factor and random threshold 
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