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Abstract 

 Community detection in a social network has become a very important step in the 

recognition of the structure and dynamics of networks in different areas. At present, overlapping 

community detection methods have become an important and challenging research field, as they 

have introduced the prospect of vertex connections in more than one community. As a result, 

many clustering methods have been proposed to discover communities in social networks. 

Conversely, conventional node clustering and comparatively novel presented link clustering 

techniques have some disadvantages during overlapping community detection. Existing 

agglomerative node clustering is insufficient to capture the persistent overlaps owing to the low 

throughput and unclear description of communities. Therefore, in this paper, a novel hybrid 

particle-based agglomerative hierarchical (HPAHC) clustering technique is presented for 

overlapping communities discovered in complex social networks. In the proposed hybrid 

clustering method, the node’s similar information or behavior and geometric structure (local and 

global structure) information is extracted from the link topology in social networks. 

Subsequently, the particle-based agglomerative hierarchical clustering method utilizes the 

extracted source information for community detection. In social networks, a significant similarity 

measure can be designed for every pair of objects by considering both the node behavior and 

geometric structural features. Thus, nodes with high similarity are preserved in a similar 

community, and our proposed technique will detect communities effectively whose boundaries 

cannot be simply divided. 

Keywords: Social network analysis, overlapping community detection, node similarity 

extraction, geometric structure extraction, hybrid clustering 
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1. Introduction 

  In society, a social network has been created for individuals with their interactions and 

individual relationships with other people. Social ties are represented and modelled by social 

networks among individuals. There has been a great increase in online communication among 

people with the rapid development of the web. Numerous social networking sites, such as 

Twitter and Facebook, are available to assist user communication [1][2]. It has become difficult 

to keep track of these interactions because the number of communications has enhanced multi-

fold. In general, social networks are considered difficult networks. In social media, the structure 

of the community is exhibited by its characteristic property [3-5]. The network can display a 

community structure when the network’s vertices are divided into either overlapping sets or 

disjoint vertices such that the number of edges within a set surpasses the number of edges 

between two sets by a few logical amounts [6]. A hierarchical community structure may also be 

exhibited in the community structure. The task of cohesive group or cluster identification in the 

network is called community detection, and key tasks of social network analysis (SNA) are 

performed by this process [7][8]. In social networks, community discovery is helpful in several 

applications where group decisions can be made; for instance, the message of interest is 

multicast to a community instead of transferring it to everyone in the set of products or a group 

to a community [9]. 

           Although the scope for research in social network analysis is high for many verticals,  

significant community discovery has been an attractive field for many researchers [10] [11]. 

Community detection is also known as graph clustering, in which the most basic and very 

important complex network analysis methods are employed for the structural design of network 

nodes. In a complex network, it is necessary to detect the numerous communities and the 

relationship of each node with additional connections among similar communities between 

community nodes and the remainder of the network. Their organization and concealed relations 

among their ingredients can be exposed by the community structures of complex networks. 

Consequently, the community detection process was measured as a significant difficulty in 

complex network analysis [12-15]. Within a larger network, a community acts as an 

impenetrable sub-network, such as the World Wide Web (WWW), contains a group of 

interconnected web pages. Since community members can be more likely to contain social 



functions and ordinary relaxations, the discovered communities have been exploited in the 

mutual suggestion, knowledge sharing, message dispersion, and other purposes that will be 

beneficial for users [16]. 

           Overlapping community detection can be the key research work for hidden knowledge 

and structure identification in social networks and is the pre-effort of propagation examination 

and link forecasting in complex networks [17-20]. Objects overlapping detection amongst 

communities will be utilized to know intensely possible information in complex networks; thus, 

it is considered as an important research topic in this paper. At present, the overlapping 

community discovery of difficult social networks is mostly considered in the industry and 

academic fields. Conversely, the scale of social networks can be slowly enhancing, and has 

become enormous since data have been collected. The edges between objects in complex 

networks within an identical community can be very intense, as the edges among objects in 

several interactions will be relatively light [27]. Therefore, this has directed to the difficulty, in 

which the overlapping community discovery of complex social networks is not determined 

among customary methods in terms of spatial and time consumption [28][29]. The process of 

cluster techniques and community structure discovery has been presented by many researchers. 

Several existing methods have not been leveled in the present large-scale social networks. 

Therefore, this paper proposes a hybrid clustering scheme to discover overlapping communities 

according to the similarity information of most nodes and geometric structure similarity 

measurement for large-scale networks.  

The contributions of this paper are given below: 

 The presented node similarity indicator can consider the communication behavior 

information of each node and the weights connected with the number of interactions 

between every node per unit time. Geometric structure information extraction considers 

the most similar nearest neighbor node.  

The hybrid clustering method combines node similarity and geometric structure information and 

uses them for community detection. Therefore, the presented community detection technique can 

acquire higher values for normalized mutual information (NMI) metrics compared to existing 

clustering methods.  



From the analysis, conceptual questions arise as to how to detect both communities and 

overlapping communities in SNA and the significant metrics for SNA, along with how to 

examine the SNA data to improve accuracy, and the design algorithms for community detection 

of this proposed research work focus on the above research questions to solve the overlapping 

community detection issues in SNA. 

 The remainder of this paper is organized as follows: In Section 2, related work is 

reviewed based on community discovery for social networks. In Section 3, the proposed 

community detection scheme is discussed in detail. Subsequently, the proposed method is 

evaluated and compared with other methods applied to social networks in Section 4. In Section 

5, the conclusions are stated. 

2. Related Works 

 Community discovery was done in [1] by the granular computing method in rough sets. 

A granular social network (GSN) was constructed as a rough set for community recognition, and 

this is called granular-based community detection (GBCD). In this method, two measures have 

been exploited: an object factor of the community and a granular factor of the community. 

However, the GBCD is not very efficient in large-scale social network analysis. The fuzzy sets 

and rough sets have been presented in [2], and it is known as a novel hybrid clustering technique 

that utilizes the fuzzy partitioning method to replace a traversal search technique to find 

structures of overlapping communities; however, Euclidean distance measures will unevenly 

heavy primary factors for the clustering process. A new trust-based community detection scheme 

was proposed in [3] and named TLCDA. Communities were discovered by TLCDA using 

coarse-grained K-Mediods clustering by customary trust calculation improvement with inter-

node qualified strength and likeness in social media. However, various results may have been 

obtained for various executions on a similar dataset because the first k-medoids can be selected 

arbitrarily, which may be very time-consuming. The overlapping community detection was 

performed in [4] with spectral and fuzzy c-means clustering (FCM). The similarity of nodes was 

estimated first depending on the manipulation of characteristic features on nodes. Subsequently, 

the similarity of node was used with the Jaccard similarity to generate a similarity matrix form. 

Feature decay was executed over the matrix using the DPIC (deflation-based power iteration 

clustering) technique. Finally, an improved FCM discovered overlapping communities. 



Conversely, fuzzy c-means clustering contains issues with high-dimensional datasets and a large 

number of prototypes for community detection. Voronoi diagrams and tolerance-based 

neighborhoods (VTNM) have been utilized in [5] to discover overlapping communities in social 

networks. However, communities have not been detected accurately. 

           An overlapping community detection technique was presented in [6] according to the non-

dominated sorting GA (NSGA)-II, which has two functions. The inner link compactness was 

maximized by the first function within the community by applying the values of fuzzy 

membership, whereas the outside link compactness of the communities was minimized in the 

second function. An algorithm was presented to discover overlapping communities in [7] that 

were constructed on a hierarchical divisive technique known as ST (AlgoCloud2018), initially 

implemented for disjoint community detection and with no important failure of information [7]. 

The process was performed according to the minimum spanning tree (MST) of the unique graph. 

A community detection algorithm was performed in [8], depending on the graph compression 

method. In particular, a compressed graph was acquired initially by amalgamation vertices with 

an amount of 1 or 2 into their neighbor nodes by means of a high amount. An algorithm OLPC 

(an overlapping community detection algorithm with label propagation control for complex 

networks) was presented for community discovery in [9]. In this algorithm, the labels are 

initialized first, and the equivalent space of storage is set for all nodes in the networks. 

Subsequently, several reserved labels were set in the tag storage space of the nodes. 

Nevertheless, the convergence speed of this algorithm can be very sensitive to the update order 

of the label data. An overlapping community detection method was presented according to the 

network representation learning and density peaks known as NRLDP [10]. The network 

representation learning method was utilized first for the unweighted network or weighted 

network representation by means of low-dimensional vectors. Afterward, the density peak 

clustering scheme was used to discover communities. However, computing overhead may have 

occurred during the overlapping detection. Computing overhead has become a part of 

community detection algorithms in recent times with high data dimensions [22]. The user’s 

dynamic involvement and nature in social networks bounds the process of detecting the accuracy 

of overlapping communities [23]. Many community detection processes seek information that is 

global; it is difficult, and in some cases, impossible to acquire such information; hence, local 

community detection has also gained importance [24]. Detection of communities on a large scale 



with an exponentially growing social network is a challenging process, and graph compression 

has also attracted many researchers towards solving the complexity [26]. 

           In the above existing clustering algorithms, every object can be accurately divided as one 

cluster, after which a sequence of non-overlapping separations has been produced. When a 

complex network is used with more communities that can be sensibly divided from each other, 

attractive consequences have been attained by conventional clustering schemes [25]. Conversely, 

a condition can be barely still encountered in real complex networks. An attractive result may not 

be simply attained by using existing clustering algorithms, while there can be overlapping 

essentials in complex networks.  
 

 

 

3. Proposed Methodology 
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Figure 1 Overall process of the proposed system 

 The overall process for the proposed community detection method is illustrated in Figure 

1. The proposed method is executed on the community structure of a complex social network. 

Two phases are utilized in the presented overlapping community detection method, the 

utilization of two phases makes the proposed methodology more robust and produces better 

results than  existing methods. Overlapping community detection was carried out after detecting 

the communities in the social network. To support efficient overlapping community detection, 

the hybrid fuzzy with a neural network approach was utilized in our proposed work. In a fuzzy 

neural network approach, overlapping nodes are detected based on the JS factor, overlapping 

coefficient, and modularity. In general, overlapping communities have a high correlation. Thus, 

the computation of similarity among the detected communities improves the detection accuracy.  

The proposed method is explained in the following subsections: 

3.1 Similarity Extraction 

 Similarity extraction makes clustering an omnipresent practice that can deal with a high 

volume of social network data. The nearest node for community detection was identified using 

similarity extraction. In the first phase, similarity extraction can be executed, in which the node’s 

information similarity extraction is performed based on its communication activities, and 

geometric structure information extraction is executed to find the nearest neighbor similar node 

for community detection. In the second phase, HPAHC can combine the extracted information 

regarding node similarity and geometric structure information for an efficient community 

partitioning process. 3.1.1 Nodes information similarity Extraction 

 In this process, node information similarity can be extracted according to the 

communication activities or behavior of each node in a complex social network structure. The 

similarity of the interaction between node 𝑥 and node 𝑦 is computed first and is given in equation 

(1): 

     𝑆𝑥𝑦 = 𝛼𝑊𝑥𝑦 + 𝛽𝐼𝑥𝑦                         (1) 



 In the above equation, 𝑊𝑥𝑦 denotes the edge’s weight, the edge of x and y is 𝑒𝑥𝑦 (𝑒𝑥𝑦 ∈𝐸(𝐺𝑡))in the connected graph, and its value can be the number of  interactions between node 𝑥 

and node 𝑦 within a known occasion window, the number of streams produced, 𝐼𝑥𝑦 denotes the 

number of occurrences wherever the similar node is linked by node 𝑥 and node 𝑦, and 0 ≤ 𝛼 ≤ 1, 

0 < 𝛽 ≤ 1 can be regulation coefficients, where  represents the weight assigned to 𝐼𝑥𝑦 in the 

similarity assessment, and  𝛼 denotes the weight of the edge allocated to 𝑊𝑥𝑦 in the similarity 

evaluation. Here, 𝑆𝑥𝑦 values have to be higher than zero when nodes 𝑥 and 𝑦 contain a 

communication connection. Consequently, the 𝛼 value must be larger than 0 in useful 

applications. In this method, the components 𝐼𝑥𝑦 and 𝑊𝑥𝑦 can structure n × n symmetric matrices 𝐼 and W when |𝑉(𝐺𝑡)| = 𝑛 correspondingly. The node 𝑥 similarity will be described as the sum 

of node 𝑥’s similarities of the communication actions and every other node in the complex social 

network using the following equation: 

                                   𝑆𝑥 = ∑ 𝑆𝑥𝑦 = ∑ (𝛼𝑊𝑥𝑦 + 𝛽𝐼𝑥𝑦)𝑛𝑦=1𝑛𝑦=1                                                      (2) 

 In equation (2), the components 𝐼𝑥𝑦 and 𝑊𝑥𝑦 form an n × n symmetric matrix S. The 

similarity of communication activities between nodes 𝑥 and 𝑦 can be 0 when the shortest path 

length from node 𝑥 to node 𝑦 is higher than 2 based on the description of the similarity of 

interaction behavior in related graph theory and community theory. Therefore, the similarity of 

node information will be based exclusively on nodes with shortest path lengths equal to 1 or 2.  

Therefore, the indicator can also characterize the local significance of nodes from the standpoint 

of the standard community theory. 

 The communication activities similarity between node 𝑥 and 𝑦 is defined by the 

following equation: 

     𝑆𝐵𝑥𝑦 = ∑ 𝐵𝑥𝑧𝑆𝑥𝑧𝑧∈𝐶𝑦                             (3) 

 In equation (3), the communication activities similarity between nodes  𝑥 and 𝑧 is 

denoted by 𝑆𝑥𝑧, where 𝐵𝑥𝑧  has the value ‘1’ when edge 𝑒𝑥𝑧 exists; otherwise, 𝐵𝑥𝑦 takes value ‘0’. 

In this process, the communication activities between one node and its adjacent nodes are 

enhanced as the sum of the node’s communication activities similarity enhances, which, in turn, 



indicates that the node is more likely to be in a similar community as its adjacent nodes. This 

type of node information similarity extraction can be utilized for community detection.  

Example 

 Assume a network contains seven nodes P, Q, R, S, T, U, V, and times t−1, and t 

correspondingly denote the start and end times of the time window 𝑊𝑖𝑛 (𝑡 − 1, 𝑡). The following 

communication relations occur within Win (t−1, t) in chronological 

order: 𝐹𝑙𝑜𝑤(𝑃, 𝑄), 𝐹𝑙𝑜𝑤(𝑃, 𝑅), 𝐹𝑙𝑜𝑤(𝑅, 𝑄), 𝐹𝑙𝑜𝑤(𝑇, 𝑄), 𝐹𝑙𝑜𝑤(𝑇, 𝑅), 𝐹𝑙𝑜𝑤(𝑅, 𝑄), 𝐹𝑙𝑜𝑤(𝑆, 𝑄),  𝐹𝑙𝑜𝑤(𝑇, 𝑈),  𝐹𝑙𝑜𝑤(𝑆, 𝑈), 𝐹𝑙𝑜𝑤(𝑉, 𝑈), 𝑎𝑛𝑑 𝐹𝑙𝑜𝑤(𝑆, 𝑈). A sample network communication 

relationship graph is illustrated in Figure 2.  In Figure 2, the graph’s given vertices correspond to 

communication nodes, and the communication relationships are denoted by edges existing 

between the nodes within 𝑊𝑖𝑛 (𝑡 − 1, 𝑡). The numbers specified at the edges denote the weights 

of the edges, representing the number of communication activities between the constituent nodes 

of the two edges. 

 

 

 

 

 

Figure 2 Sample network graph for similarity estimation 

 The communication activities similarity of the above graph is extracted in the following 

phases: 

Step 1: Obtain the weight matrix W within Win (t − 1, t) in the above network communication 

Figure 2. In Figure 2, 𝑊𝑃𝑄 is equal to 1 because nodes P and Q interact only once within 

Win (t−1, t). Hence, W is calculated in the following form: 
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             𝑃𝑄𝑅𝑆𝑇𝑈𝑉 [  
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                                          (4) 

 

Step 2: To obtain the common interaction node number matrix A in Figure 2, 𝑊𝑃𝑄 can be equal 

to 1 as the number of nodes that nodes P and Q can interact with throughout the interval Win (t − 1, t) is 1, and that node can be R. Therefore, P can be given as follows in 

equation (5): 

 

 

                                       (5) 

 

Step 3: Obtain the communication activity similarity matrix S through matrices W and I. The 

matrix S has been attained by using equation (2) and is given by 

                                                     𝑆 = 𝛼𝑊 + 𝛽𝐼                                                                           (6) 

 In equation (6),  𝑊𝑥𝑦 and 𝐼𝑥𝑦 are assumed to be evenly significant in estimating 𝑆𝑥𝑦 by 

setting the values of 𝛼 and 𝛽 as 1. Consequently, the similarity matrix S from the network 

communication relationship graph shown in Figure 2 is given by equation (7): 
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                𝑃𝑄𝑅𝑆𝑇𝑈𝑉 [  
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Table 1 Information similarity of nodes 

Nodes P Q R S T U V 𝑺𝒙 7 11 10 8 10 7 3 

 

 Table 2 displays the communication activities similarity of every node in Figure 2. 

3.1.2 Geometric Structure Extraction 

 In general, in the area of manifold learning, it is considered that the presentation of the 

clustering process will be considerably improved when the geometrical structure of the unique 

high-dimensional data space is employed. The overlapping community detection in a complex 

social network can also be the difficulty of clustering data in the high dimensional space. 

Consequently, the geometric structure information extraction of the complex network can make 

full use of it could be possible to develop the performance of community detection in complex 

social networks. The following steps were utilized to extract geometric structure information: 

Step 1: To choose ‘m’ most similar nodes as its adjacent neighbors 𝑁𝑚(𝑣𝑥) for any node 𝑣𝑥 in 

the given complex social network with the help of the node similarity matrix S. That is, if 𝑣𝑝 can be one of top ‘m’ most similar nodes of 𝑣𝑥, after that it will be added into 𝑁𝑚(𝑣𝑥). 

Step 2: Construct the m-nearest neighbors (m-NN) graph through link generation from every 

node to its m-nearest neighbors. 

Step 3: Encoding the geometric structure information through the weight matrix 𝑀 =[𝑀𝑥𝑦]𝑛×𝑛 of the m-NN graph, which is given in equation (8):  

                               𝑀(𝑥, 𝑦) = {1, 𝑖𝑓 𝑣𝑥 ∈ 𝑁𝑝(𝑣𝑦)𝑜𝑟 𝑣𝑦 ∈ 𝑁𝑝(𝑣𝑥)0,                                     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                               (8) 

 

 M can be utilized as symmetric, and is made only by applying the link topology 

information depiction matrix A. 



 In addition, when two nodes can be the nearest neighbors to each other, they are very 

likely to be in a similar community. Consequently, the geometric structure information M might 

be the constriction employed to direct the community detection process. Thus, the node 

similarity information and geometric structure information were extracted fundamentally from 

the link topology information without applying outside information. 

3.2 Partitioning a community into various communities 

 Within the overlapping area of communities, the objects cannot be unambiguously 

allocated to an exact community. As an alternative, making a significant attempt to examine 

overlapping objects should be more important to understand the entire structure of a complex 

social network and also to estimate the complex network’s stability in the real world. In the 

second stage, HPAHC was applied to detect the community. The proposed hybrid algorithm can 

use both the extracted node similarity and geometric structure information for community 

detection. In this process, the community is divided into various clusters based on the extracted 

information about the node and geometric structure using particle swarm optimization in an 

agglomerative hierarchical manner. The instinct of clustering can be used to divide nodes into 

several groups according to their extracted similarity information. 

           The presented HPAHC is performed according to the modeling of every cluster centroid 

through an individual particle, and thus, the total swarm can represent the resolution of the 

clustering difficulty. The following algorithm can be utilized to detect communities based on the 

extracted information, and then the complex community structure is partitioned into various 

groups based on similarities. The proposed research work is mainly applicable to real-time 

recommendations in digital marketing. In particular, finding people with the same interests and 

tastes helps to promote products for a particular community. Let us consider mobile product 

distributors. The main concern of these distributors is to find the optimum set of people who will 

buy the product for achieving high sales. For this purpose, the proposed community detection is 

useful. 

Algorithm: 

Step 1: Provide extracted features into the space of HPAHC, in which the particle contains two 

dimensions: velocity and particle position. 



Step 2: To compute fitness value using the following equation (9): 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑓𝑓= 𝛾1 ∑ 𝑑(𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑛𝑜𝑑𝑒,𝑚𝑒𝑚𝑏𝑒𝑟 𝑥)𝑛𝑥=0 𝑛+ 𝛾2 ∑ 𝑆(𝑚𝑒𝑚𝑏𝑒𝑟 𝑥)(𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝑖𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛)𝑛𝑥=0 𝑆(𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑛𝑜𝑑𝑒)  

                                                     +(1-𝛾1 − 𝛾1) 1𝑛𝑜.𝑜𝑓 𝑛𝑜𝑑𝑒𝑠 𝑐𝑜𝑣𝑒𝑟𝑒𝑑 𝑏𝑦 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑛𝑜𝑑𝑒                              (9) 

 In equation (9), 𝛾1 and 𝛾2 represents the weighing parameters (normalized values), S 

denotes the extracted node similarity information, and 𝑛 represents the members enclosed inside 

the cluster. 

Step 3: To compute the novel velocity, the given particle’s present velocity can be measured to 

the rate at the particle’s location, which is modified as follows: 𝑉𝑒𝑙𝑜𝑐𝑖𝑡𝑦 = 𝜔∗𝑜𝑙𝑑 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 + 𝜔1(𝑙𝑜𝑐𝑎𝑙 𝑏𝑒𝑠𝑡 𝑝𝑙𝑎𝑐𝑒 − 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑏𝑒𝑠𝑡 𝑝𝑙𝑎𝑐𝑒) +         𝜔2(𝑔𝑙𝑜𝑏𝑎𝑙 𝑏𝑒𝑠𝑡 𝑝𝑙𝑎𝑐𝑒 − 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑏𝑒𝑠𝑡 𝑝𝑙𝑎𝑐𝑒)                                          10)           

 where 𝜔 denotes the inaction weight, and 𝜔1 and 𝜔2 can be the fundamental particle 

alteration parameters. 

Step 4: Compute the new location of the particle using Equation (11): 

       𝑛𝑒𝑤 𝑝𝑙𝑎𝑐𝑒 = 𝑛𝑒𝑤 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 + 𝑜𝑙𝑑 𝑝𝑙𝑎𝑐𝑒                                                     (11) 

Step 5: To estimate the fitness value for novel particles. 

 The fitness value of the novel particles was computed by applying the equation of the fitness 

function  (9) with the new place and velocity. 

If 𝑛𝑒𝑤 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑣𝑎𝑙𝑢𝑒 > 𝑜𝑙𝑑 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑣𝑎𝑙𝑢𝑒 

  choose new particle; 

 else 



  the old particle can be forwarded to the next iteration. 

Step 6: Select an optimal solution for every iteration as a local optimal solution. 

 The particle containing the highest fitness function value in the iteration is preferred as 

the local optimal solution. The fitness function values of the new and old particles can be 

compared, and the best one is chosen for the next iteration. 

Step 7: From every iteration of the particle, the local best solutions that have the utmost between 

all solutions will be chosen as a global optimal solution. 

Step 8: The particles are merged to minimize the iterations according to the average attribute 

values, and this is expressed by 

                                                   𝐴𝑥 = 𝐴𝑥(𝑛𝑒𝑎𝑟𝑒𝑠𝑡)+𝐴𝑥(𝑙𝑜𝑠𝑒𝑟)2 ,                                                         

(12) 

 where  𝐴𝑥 denotes the recently generated particle after merging, 𝐴𝑥(𝑛𝑒𝑎𝑟𝑒𝑠𝑡) can be the 

winner particle (most similar node and very nearest neighbor), and 𝐴𝑥(𝑙𝑜𝑠𝑒𝑟) represents 

the particle that is less similar. 

This clustering method works in an agglomerative hierarchical manner beginning from a 

comparatively large number of particles and grouping to only one final particle. First, every 

particle includes a small number of connected data vectors, whereas the final particle has the 

entire dataset. The main generation particles can regulate their positions by iterating them for an 

exact number of iterations, depending on the fitness values. The sample social network graph for 

clustering is illustrated in Figure 3. The results of the HPAHC clustering for community 

detection are shown in Figure 4. 
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Figure 3 Sample Social Network for clustering 

  

 

 

 

 

 

 

 

Figure 4 Detected communities at various levels in hierarchical structure 

 

 

4. Results and Discussions 

 The performance of the proposed overlapping community detection method is estimated 

and compared with existing community detection methods in terms of precision, recall, F1-score, 

NMI (normalized mutual information), and computation time. Six real networks and LFR 

(Lancichinetti–Fortunato–Radicchi) benchmark networks have been chosen as experimental 

data. The LFR benchmark network [14] can be utilized in most datasets in the present 

examination of community detection. LFR networks can serve as benchmark networks that 

8,9,10, 11, 12, 13, 14 1, 5, 7 2, 3, 4, 6 

10, 14 8, 9, 13 11, 12 1, 5 2, 3, 4, 6 

10 14 
11 12 1 5 2 3 4 6 

0.5 0.48 

0.833 0.67 0.68 
0.68 1.875 

{7} 

8 9 13 

Agglomerative Hierarchical level 2 

Agglomerative Hierarchical level 1 



contain definite real-world properties, which involve power-law distributions for community 

sizes and nodal degrees. The performance of the presented overlapping community detection 

method is evaluated through six real datasets that are listed in Table 1 and are openly available in 

[21].  

Table 1 Dataset of huge real world and social media 

Dataset  Number of 

nodes 

Number of Edges Description 

wiki-topcats 1,791,489 28,511,807 Hyperlinks of Wikipedia 

YouTube 1,134, 890 2,987,624 Social network of YouTube 

Google 875,713 5,105,039 Web graph of Google 

programming contest 

Amazon 334,863 925,872 Product network of Amazon 

email-Eu-core 1,005 25,571 Network of Email 

Gowalla 196, 591 950,327 Gowalla users’ Friendship network 

Orkut 3,072,441 117,185,083 Social network of Orkut 

 

 

4.1 Precision, Recall, and F1-Score 

Precision 

The precision of the presented overlapping community detection method and 

existing community detection methods were computed through the values of properly 

clustered communities with node similarity and geometric structure out of every detected 

community and is given by 

         𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑉𝑎𝑙𝑢𝑒𝑠 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦  𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑒𝑑 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑡𝑒𝑠 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛  𝑡ℎ𝑒 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑉𝑎𝑙𝑢𝑒𝑠 𝑜𝑓 𝑎𝑙𝑙 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑡𝑖𝑒𝑠 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛  𝑡ℎ𝑒 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦                        (13). 

Recall 



The recall of the presented and existing community detection methods is 

computed by discovering the values of accurately partitioned communities from the 

definite LFR benchmark dataset, which is calculated by applying the following equation 

(14): 

             𝑟𝑒𝑐𝑎𝑙𝑙 =  𝑉𝑎𝑙𝑢𝑒𝑠 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛  𝑡ℎ𝑒 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟′𝑠 𝑟𝑎𝑡𝑖𝑛𝑔𝑠𝑉𝑎𝑙𝑢𝑒𝑠 𝑜𝑓 𝑎𝑐𝑡𝑢𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑜𝑑𝑒𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑜𝑐𝑖𝑎𝑙 𝑐𝑜𝑚𝑝𝑙𝑒𝑥 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑡𝑦 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒          (14) 

F1-Score 

The presented and existing community detection methods’ F1-score can be 

computed with precision and recall, applied in the process of best-partitioned 

communities according to the combined node similarity and geometric structure 

information of all communities present in a given dataset, and is given by 

                               𝐹 − 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =  2(𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙)𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙                                         (15) 

 

 

 

 

Table 2 Precision, Recall and F1-score comparison analysis 

Metrics 
Proposed HPAHC 

(%) 

Coarse-grained K-

Medoid clustering 

(%) [3] 

Fuzzy C means 

Clustering (%) [4] 

Precision 91.8 87.4 88.5 

Recall 90.4 85.7 89.6 

F1-score 91.04 86.54 89.03 



 Table 2 shows the precision, recall, and F1-score of the proposed HPAHC and 

existing clustering methods for overlapping community detection. From this comparison 

analysis, the presented HPAHC method has high percentage values for precision, recall, 

and F1-score compared to existing methods such as coarse-grained K-medoids clustering 

[3] and fuzzy C means clustering [4] to discover overlapping communities in the social 

network. As a result, the presented overlapping community detection can provide the best 

performance during community detection in complex weighted social networks compared 

to existing clustering methods. 

4.2 Normalized Mutual Information (NMI) 

 This metric has been applied to compute the quality of discovered overlapping 

communities for given datasets with the help of recognized communities. The quality of the 

community was estimated using this metric concerning the labels of certain data. The measure of 

the amount of statistical information can be estimated by NMI effectively through arbitrary 

variables denoting the allocation of grouping objects and the label allocation of predefined 

objects. Let a graph 𝑔 = (𝑉, 𝐸) , which contains ′𝑛′ vertices or nodes and ′𝑚′ edges. Assume 𝐶 = {𝐶1, 𝐶2, … , 𝐶𝑘} and 𝑃 = {𝑃1, 𝑃2, … , 𝑃𝑘′}  denote community sets discovered via the 

community discovery method, and ′𝑛′  vertices’ ground-truth communities. NMI is estimated 

using equation (16): 

                                           𝑁𝑀𝐼 = ∑ ∑ 𝑛𝑖,𝑗𝑙𝑜𝑔𝑛.𝑛𝑖,𝑗𝑛𝑖𝑐.𝑛𝑗𝑝𝑘′𝑗=1𝑘𝑖=1
√∑ 𝑛𝑖𝑐𝑙𝑜𝑔𝑛𝑖𝑐𝑛𝑘𝑖=1  .∑ 𝑛𝑗𝑝𝑙𝑜𝑔𝑛𝑗𝑝𝑛𝑘𝑖=1                                                       (16) 

where 𝑘 and 𝑘′ are the numbers of communities C and 𝑃, 𝑗 represents the vertices in community 𝑃𝑗 ,  𝑛𝑖,𝑗 represents the number of ordinary vertices in the ground-truth community 𝑃𝑗 and 

community 𝐶𝑖   𝑎𝑛𝑑  𝑛𝑖𝑐 denotes the number of vertices in the process of community 𝐶𝑖   . 



 

Figure 5 NMI Accuracy with respect to overlapping nodes 

Figure 5 shows the NMI accuracy of the proposed overlapping community detection method and 

the existing community detection methods. The single examination methods are unable to 

provide better accuracy in the case of a small number of overlapping nodes. In the real-world, it 

is not necessary that there will be a large number of overlapping nodes. Thus, the accuracy must 

be the high even for a small number of overlapping nodes. Figure 5 shows that the presented 

HPAHC provides a high NMI accuracy compared to existing community detection methods such 

as standard coarse-grained K-medoids clustering [31] and Fuzzy C means clustering [4]. Thus, 

the proposed HPAHC system can provide high values of correctly detected communities in 

complex social networks. 

4.3 Computation Time 

Figure 6 shows the computation times of the proposed and existing community 

detection methods. In this type of estimation, the node’s similarity extraction, geometric 

structure extraction, and partitioning communities’ time were computed based on the 

total computation time on a given LFR benchmark dataset. The computation time was 

calculated in milliseconds. Figure 6 shows that the presented HPAHC clustering method 

takes less time to perform overlapping community detection according to the best-

extracted similarity information. Thus, the proposed overlapping community detection 

process can take less computation time for community detection and overlapping 

70

75

80

85

90

95

2000 4000 6000 8000 10000

A
cc

u
ra

cy
 o

f 
N

M
I 

(%
)

Number of Overlapping nodes

Fuzzy C means clustering

Coarse-grained K-medoids

Clustering

Proposed method



communities’ partitioning process compared to the existing clustering methods, coarse-

grained K-medoids clustering [3], and fuzzy C means clustering [4].  

 

Figure 6 Computation Time 

5. Conclusion 

 In this study, improved overlapping community detection was presented in a weighted 

complex social network by applying hybrid agglomerative hierarchical clustering. In this work, 

the agglomerative hierarchical clustering method was enhanced with some modifications to 

effectively detect and partition the overlapping communities. Initially, the node’s similarity 

information was extracted according to the node’s communication activities, and geometric 

structure information was extracted for the most similar nearest neighbor node information.  The 

presented HPAHC clustering method utilizes both the extracted node similarity and geometric 

structure information to partition the communities into different approximations according to 

their similarities. In the presented clustering method, the similarity information is combined with 

the help of the particle swarm optimization method with a high fitness value function to detect 

overlapping communities effectively. Community detection was performed in an agglomerative 

hierarchical manner (bottom-up). From the analysis of accuracy, it is clear that the dual 

examination process improves the overall accuracy better than a single examination process. In 

the community detection process, informative examination is an important process along with 

structural examination. Single examination processes generally involve structural examination, 
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which results in a lower accuracy level. With the involvement of dual examination processes, we 

achieved an accuracy above 90%. 

 Finally, the performance of the HPAHC technique was evaluated and compared with existing 

clustering techniques such as coarse-grained K-medoids clustering and fuzzy C means clustering. 

6. Future Scope 

A community detection algorithm with high accuracy is achieved using enhancements 

and hybrid examining strategies, but the computational overhead is still a concern. With 

the exponential growth of data in social network analysis, efficient techniques for 

community detection become inefficient within a short span of time. The proposed 

technique will be enhanced by dynamic computing[32] overhead reduction in the future. 
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