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ABSTRACT 

Complex networks are a powerful tool for understanding the mechanisms of various systems. These networks are 

complex graphs with high local density and low overall density. We are interested to study the problematic of 

community detection and more specifically the detection of leaders’ nodes in complex network. Those nodes have high 

connectivity with the others nodes, and represent an optimization of the network while maintaining the same 

characteristics of the network. The major drawback of most of the proposed approaches is that they require knowledge 

of k communities to detect. In this paper, we introduce a new approach to detect communities and leaders nodes in the 

network without a prior knowledge of k nodes to detect, and by taking into consideration a fundamental property of this 

type of networks, which is the overlap between the communities. 

 

Keywords- Complex networks, community detection, centrality, leader node, overlapping. 

 

 

I. INTRODUCTION 

Complex networks have been used in very different application domains, such as physics, biology, social science or 

computer networks, it can be described in terms of graphs, whose vertices denote players phenomenon and links denote 

the interactions between these entities. These networks have a high local density and low overall density. 

The problem of modeling and studying the structure of networks attracted the attention of a huge amount of work in 

several areas, and led to the discovery of unexpected properties: the distances are often low and the distribution of 

degrees is very heterogeneous. In addition, although generally very sparse, they behave locally as cliques: two nodes 

connected to a node have a very high probability of being connected by two knots against random will almost never do. 

Another way to see this property is to consider that these networks consist of communities: A community is formally 

defined as a sub-structure present into the network that represents connections among users, in which the density of 

relationships within the members of the community is much greater than the density of connections among 

communities. From a structural perspective, this is reflected by a graph which is very sparse almost everywhere but 

dense in local areas, corresponding to clusters (i.e. communities). 

The discovery of these communities would considerably help for understanding the structure of the network; it is a task 

that can be closer to unsupervised classification. Community detection is also important for identifying modules and 

their boundaries, allows a classification of vertices, according to their structural position in the modules. Vertices lying 

at the boundaries between modules play an important role of mediation and lead the relationships and exchanges 

between different communities. 

These interaction networks, i.e. social networks play a fundamental role in the diffusion of information, ideas and 

innovation, this advantage has been the subject of various parts that have moved towards these networks to achieve 

advertising goals (ads on Facebook), educational (LinkedIn), or political (Election A new approach to detecting nodes 

leading USA on Twitter). What makes these networks a powerful tool to influence the choices and direct ions of their 

users. We are looking to examine how e-commerce websites can take advantage of services and detailed data of social 

networks to identify “influential” individuals those who are likely to effectively encourage product adoption amongst 

their peers and susceptible peers that are likely to respond positively to influence. The notion that influential exist and 

that such individuals are catalysts for promoting diffusion of opinions, innovations and products is a popular one [1]. 

The complementary notion, however, that susceptible may be even more critical to product diffusion and the formation 

of widespread contagions, has been systematically understudied in the literature [2]. As Watts and Dodds note: “In the 

models that we have studied, in fact, it is generally the case that most social change is driven not by influential but by 

easily influenced individuals influencing other easily influenced individuals”. 

Study the influence of role models can help us to better understand why some trends or innovations are adopted more 

quickly than others and how we can help advertisers and marketers to design more effective campaigns. Hence the 

detection of the influence or detecting leaders of these networks i.e. specifically detect leaders trying to select a set of 

users that could influence many others to choose a product, where the influence works mainly by 'word-of-mouth'. 

II. RELATED WORKS 
The community detection algorithms have been the subject of several research papers. Most studies classify articles and 

research methods depending on the type of the algorithm. The communities’ detection algorithms belonging to two 
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main types of approaches namely graph partitioning and classification. The major drawback of methods based on the 

partitioning of graphs is that they require a prior knowledge of the number and size of groups to determine [3]. 

Reihaneh Rabbany Khorasgani et al. suggest a new approach to detect leader’s nodes that takes into account the nodes 

that are not associated to no leaders. This algorithm is inspired from k-means; the k nodes to be detected will be 

randomly selected. Other nodes will be assembled at their closest leaders to form communities, and then find new 

leaders for each community around which gather followers until no node moves. For each community, the centrality of 

each member is calculated and the node with the highest degree is chosen as the new leader [4]. Another algorithm 

proposed based on partitioning of graphs, tries to find a section of the graph minimizing the number of edges between 

partitions by trading vertices between these partitions. The results of this algorithm are generated by introducing the 

size of each partition [5]. The results of these two algorithms vary according to the size and number of partitions which 

are introduced. This method of leader nodes detection requires a prior knowledge of this information. Other proposed 

studies use classification. The classification was introduced to analyze the data and partition based on a measure of 

similarity between partitions. The problem of communities’ detection can be seen as a problem of data classification for 

which we need to select an appropriate distance [6]. Indeed, the classification methods are generally appropriate for 

some networks that have a hierarchical structure. The result obtained by these methods depends on choice of similarity 

measures that used initially. 

Blondel et al. have proposed the Louvain method that put each node in a vertex. Other approaches are based on 

partitioned classification which is like the partitioning of the graph requires prior knowledge of size and number of 

communities to detect. Another study focuses on the spectral classification. There are two types of cuts used in the 

graphs of spectral clustering: RatioCut and NCUT. These functions are minimized when nodes are grouped into larger 

communities with few inter-edges. In the Leader-Follower algorithm, we define some internal structure of a 

community. A community should be a clique and is formed of a leader and at least one "loyal follower" which is a node 

in the community without neighbors in any other community. The leader is a node whose distance is less than at least 

one of its neighbors. The nodes will be allocated to the community in which a majority of its neighbors belong by 

destroying the links arbitrarily. However, parasites communities i.e. leaders without loyal follower assigned will be 

removed from the network. This can cause a loss of information [7]. The same approach in the eagle algorithm, we 

detect the cliques, and we apply an agglomeratif algorithm to merge cliques [8]. Another research propose a greedy 

algorithm based on user preferences (GAUP) to operate the top-k influential users, based on the model Extended 

Independent Cascade (EIC said that an active node v is active in t-1, has only one chance to activate all inactive 

neighbors). During each cycle i, the algorithm adds a record in the selected set such that the vertex S with the current set 

S maximizes propagation of the influence. This means that the vertex selected in round i is the one that maximizes the 

incremental propagation influence in this cycle. This algorithm calculates the user's preferences for different subjects, 

and combines traditional greedy algorithms and preferences calculated by LSI user and calculates an approximate 

solution of the problem of maximizing the influence of a specific topic. This algorithm provides a good result if k 

exceeds a certain threshold k≥ 15 and it is of complexity O (n3) [9]. More recently, in [9], the authors derive an upper 

bound for the spread function under the LT model. They propose an efficient UBLF algorithm by incorporating the 

bound into CELF. Experimental results demonstrate that UBLF, compared with CELF, reduces Monte Carlo 

simulations and reduces the execution time when the size of seed set is small. Recent research found that the location of 

the node in the network topology is another important factor when estimating the spreading ability. According to that, 

[14] propose a new approach to identify the location of node through the k-shell decomposition method, by which the 

network is divided into several layers. Each node corresponding one layer and the entire network formed the core-

periphery structure. K-shell decomposition method indicates that the inner the layer is, the more important the node. 

However, in practical applications there are often too many nodes having the same index value by employing these two 

methods to distinguish which node is more powerful. Generally speaking, DC and k-shell decomposition are suitable to 

measure the spreading ability of nodes quickly but not very accurate. Another proposed algorithm use both global and 

local methods of centrality measures to effectively identifying the influential spreaders in large-scale social networks. 

The main idea, that it reduces the scale of network by eliminating the node located in the peripheral layer (namely 

relatively small ks value) that will not have much spreading potency comparing with the core node in general, and vice 

versa. This algorithm uses the k-decomposition centrality to deal only with the nodes in the core of the network. Hence, 

it reduce the scale of the network by ignoring the nodes whose ks value is small and the links connected them and retain 

the nodes in the core layers. At last, the global methods (i.e. betweenness centrality and closeness centrality) are used to 

rank the most influential spreaders [15]. A novel approach to detect communities and important nodes to community 

using the spectrum of the graph defines the importance nodes to community as the relative changes in the c largest 

eigenvalues of the network adjacency matrix upon their removal. It has two types of nodes, the core nodes who are the 

central nodes and the most important for the community, and the bridges node who connect the communities to each 

other’s. The main drawback of this approach, it is that to have a better result, they need to know the number of 

partitions in the network and It cannot identify the important nodes in the small communities when the communities are 
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in very different size has the same size. It cannot identify the important nodes in the small communities when the 

communities are in very different size [16]. 

Community and leader nodes detection approaches are diverse. Therefore, these methods lead to incomplete coverage 

of the network. Each proposed algorithm brings a new idea or improvement of existing algorithms. But, it is impossible 

to be compliant with all types of networks. We will propose a new approach to detect communities and leader nodes in 

complex networks, especially social networks. 

 

III. PROBLEM FORMULATION 
Social network is represented by a social graph which is an undirected graph G = (V, E) where the nodes are users. 

There is an undirected edge between user’s u and v representing a social tie between the users. The tie may be explicit 

in the form of declared friendship, or it may be derived on the basis of shared interests between users. 

There are a number of conflicting ideas and theories about how trends and innovations get adopted and spread. The 

traditional view assumes that a minority of members in a society possess qualities that make them exceptionally 

persuasive in spreading ideas to others. These exceptional individuals drive trends on behalf of the majority of ordinary 

people. They are loosely described as being informed, respected, and well-connected; they are called the leaders, 

innovators in the diffusion of innovations theory [10], and hubs, connectors, or mavens in other work [11]. The theory 

of influential is intuitive and compelling. By identifying and convincing a small number of influential individuals, a 

viral campaign can reach a wide audience at a small cost. The theory spread well beyond academia and has been 

adopted in many marketing businesses [12] [13]. 

We seek to find the partition P = {C1, C2,…. Cn} of all nodes forming communities that can overlap with each other, i.e. 

the node can belong to a community or more. For example, if a computer science article was referenced in the computer 

section and the community of mathematical article, so the two communities overlap (ⱻCi∩Cj ≠ Ø, i ≠ j) community. 

And for each community, we detect the central node or leader, as in figure 1. 

 

FIG. 1 – Example of two communities overlap in the blue node, A and H are central nodes 

 

IV. OUR CONTRIBUTION  
There are two key contributions of this work. First, using insights from social networks, we propose a certain natural 

internal structure for a community. Second, we provide an algorithm that uses this internal structure to find these 

communities and leader of each community. 

Using social networks, we define two structural properties one would expect a community to possess. These properties 

are essentially internal to the community, and are invariant to the density of inter-community edges: 

 

- First, the most of community nodes are connected to each other. While in the first level, everyone in a community 

should know each other, or more formally, the community should be a clique.  

- Second, each community should possess distinguishing members. More formally, each community must have at least 

one node with no neighbors in any other community. Those nodes are what provide to the community a 

distinguishable identity. 

  Our contribution has roughly three stages.  

 

1. Detecting maximal cliques-  inspired from, Kerbosch Bron (1973) algorithm,  we break the graph into maximal 

cliques:  

 

- A clique is a subset of the graph whose vertices are adjacent. The maximal clique of a graph is a clique that supports 

the largest number of vertex and is not a subset of another clique.  

- Neglecting subordinate maximal cliques: they are the maximal cliques that have nodes of another large maximum 

clique.  
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FIG.2 – A maximal clique made up of nodes A, B,D. 

 

2. Detecting communities 

 

- We will apply agglomerative approach. The agglomerative methods attempt to recursively merge small communities 

into larger by making choices based on a measure of proximity between communities, with the starting point of the 

atomic communities containing only one node. In our case, we will consider each clique found as a node. 

- Select randomly two nodes; and we will calculate the similarity function of each one. 

- Join repeatedly communities in pairs, choosing at each step the join that results in the largest increase (or decrease) 

the smallest Q. We will stop once the modularity is maximal and does not change more.  

 

 

With:  is the number of communities to which x belongs.  is the element is the adjacency matrix of the network.  is the 

degree of x. m is the total number of arcs in the network. 

- Detecting overlapping communities. For duplication, we will use the modular overlap to assign the node to the 

community that suits him. 

 
FIG.3 – Example of a dendrogram “agglomerative method”. 

 

Detecting leaders’ nodes- For each community found, we calculate the centrality of each of its nodes, and we will 

choose the one with the high degree centrality as "Leader" of the community. 

 
 

FIG.4 – Steps of our approach. 



[Ahajjam, SESA2014: February 2015]  ISSN 2348 – 8034 

 
 

     (C) Global Journal Of Engineering Science And Researches 

 
 

44 

V. CONCLUSION 
This paper presents a study of different detection algorithms communities and especially the leader nodes in social. The 

idea is to group objects based on certain criteria. The interest shown by the research in this area is the fact that the 

dissemination of information i.e. the distribution of influence in complex networks is an element both strategic and 

particularly sensitive to their use. Thus, we have proposed a new approach for detecting community leaders that unlike 

existing algorithms do not require prior knowledge of k nodes to detect leaders, and take into account the overlap of the 

communities which characterize the interaction network.   
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