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Abstract: Advancements in web technologies in conjunction with 

the advent of social media facilitate online users to share contents 

and interact on a shared platform. Social media mining allows 

users to visualize, evaluate, analyze, and extract meaningful 

patterns and trends over the social network. Numerous methods 

and algorithms have been presented for the massive investigation 

of social media data. Community detection over social media is the 

most attracting field of interest for researchers in the area of 

social media mining. Community detection is a process of 

identifying densely connected network nodes and forming a group 

or community based on the density of interconnection among 

them. Detection of such communities is very crucial for a variety 

of applications in order to analyze the social network. This paper 

provides a brief introduction of social media, social media mining, 

and highlights prominent and recent research works done in the 

field of community detection. The paper presents the taxonomy of 

various algorithms and approaches for community detection over 

social media. The paper also includes in-depth details of extent 

community detection methods devised in the literature to detect 

communities over social media. 

Index Terms: Community detection, Community structure Social 

media, Social media mining, Social network, Survey. 

I. INTRODUCTION 

Today, social media have become the most powerful mean to 

share information and interact with online users. Social 

media is defined as a collection of applications and websites 

that facilitate online users to generate and share content, and 

to participate in social networking [1]. Boyd and Ellison [2] 

defined social media as a “platform to create profiles, make 

explicit and traverse relationships”. Social media exploits 

web-based technology to spread user contents, information, 

and knowledge to a huge number of users. There are many 

popular sites in the web world for social media where users 

can make different social relationships and groups of 

different people of different thinking and views. Such sites 

are known as social networking sites. Here, users can share 

contents and resources. Some common examples of social 

networking sites include facebook, twitter, friendsnet and so 

on.  

Social networking can be defined as the use of dedicated 

social sites for communication with other users, or to figure 

out users having a similar interest. Kaplan and Haenlein [3] 
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argued that user’s content should meet the following 

requirements:Content must be published to all web users or to 

a selected group excluding emails and instant messages. 

a) It should be creative and original not the replica of 

another’s content of the other user. 

b) It should be created apart from professional routines and 

not used for commercial purpose. 

Kietzmann et al. [4] defined social media using a framework 

consisting of seven building blocks as follow: 

a) Identity: In this block, user needs to represent their 

personal information such as name, gender, age, profession, 

location and further detail which user wants to disclose. 

b) Conversations: In this block, user is allowed to 

communicate with other users on the basis of their interest 

and own pace. Many social networking sites have provided 

the facility for conversation among individuals and groups. 

There are some reasons for providing this block such as 

people tweet, blog, and people can meet new people of 

same-minded.  

c) Sharing: It is the main feature of word social. One could be 

social when it shares ideas and views. This block provides 

the extent to which user can exchange, receive and 

distribute content. Term sharing often implies an exchange 

between people. That is the reason for user to meet online 

and associate with each other. 

d) Presence: This block of the framework shows an extent to 

user through which he/she can know if other users are 

accessible. It includes knowing where other users are, in 

both the worlds virtual and real.  

e) Relationship: It represents the connectivity of users in 

social media. There are several types of relationships in 

social media such as it’s a community where a group of user 

shares and converse on a particular topic, it may be a fan 

club, or it can be simple friendship. 

f) Reputation: In social media, reputation means those users 

who have a profile on social site which is original or fake. 

Most of the work is done in this segment but still, it is a 

virtual world so, it’s quite difficult to get 100 percent 

trustworthiness about user.  

g) Groups/communities: Groups and communities mean a 

certain number of users connect closely. Size of the group 

and community depends on the friends, contact, and 

follower and most important interests. 

 Social media can be broadly categorized into the following 

types [3]. 

a) Collaborative project: These projects are joint projects in 

that users have permission to add, remove and change 

contents; in other words, it is just a form of social 

bookmarking, it also allows users to rate internet links or 

media content.  
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b) Blogs: It is the earliest form of social media. In this 

category, users have their own web page and it is displayed 

with date-stamped entries in reverse sequential order. 

Through blogs, text-based variety of social media is very 

popular. 

c) Content-communities: The main purpose of this category 

is to provide a platform where they can share media content 

not only in text format but, also includes photographs 

(Flickr), videos (e.g. YouTube) and PowerPoint (Slide 

Share) and a user does not require creating any profile for 

sharing the things. 

d) Social networking sites: In social networking sites, user 

wanted to create their personal profile after that he/she 

connects to other users. In these sites, user can invite their 

colleagues and relatives to access their profile. It also 

allows for sending emails and instant messages. The profile 

contains photographs, videos, audio files, blog and so on. 

e) Virtual game world: It is a platform that replicates a 3-D 

environment in which user can appear in the form of avatars 

and interact as per the rules of the game. These types of 

virtual games get popularity with the support of some 

devices such as Microsoft’s X-Box and Sony’s PlayStation. 

Example of this game world is Warcraft.  

f) Virtual social world: It provides users to freely choose 

some behavior and live in a social virtual world similar to 

real life. Example of virtual Social world is Second Life. 

Social media is a big virtual world where users have their 

profile and are connected to a different type of groups. Thus, 

it is quite difficult to systematically classify social media 

because many new sites develop every day. This brings social 

media as an emerging area of interest for researchers. 

I. COMMUNITY DETECTION 

 Social networks are generally represented by a graph 

consisting of a set of nodes and edges that connect the nodes. 

Community detection refers to the process of finding nodes in 

a graph that belongs to the same group. Community detection 

aims on identifying highly connected groups of nodes, and 

such groups are referred to as communities [5]. Numerous 

community detection techniques have been devised in the 

literature to detect communities in the social network. 

Community detection can be broadly categorized into 

member-based community (MBC) detection and 

group-based community (GBC) detection as shown in figure 

1. MBC is based on the characteristics of the member and 

GBC is based on the interest of the user [6]. Rest of this 

subsection includes a brief description of MBC and GBC 

methods. 

 

 
Figure 1: Classification of community detection 

algorithms 

A. Member-based Community Detection  

Member-based community detection is carried out based on 

the characteristics of the members as similar members 

generally belong to the same communities. A community 

consists of closely connected nodes that form a cycle. A 

sub-graph is considered to be a community based on the 

following characteristics: 

a) Node degree: Node degree, also known as a clique, is a 

complete sub-graph, in which all the nodes and pair of 

nodes inside the sub-graph are connected. Two different 

algorithms namely brute-force clique identification and 

clique-percolation method have been presented to find out 

the cliques from the network. Brute-force identification 

begins with a stack of nodes forming clique, and then a 

clique is popped out from the stack. This process is 

continued until no more nodes are added to the popped 

clique. This algorithm works efficiently on a smaller 

network however, it is not suitable for a larger network. 

Clique-percolation method begins with finding the cliques 

of size k. A graph is generated where cliques are rendered 

as nodes. All cliques that share k-1 vertices are then 

connected via edges.  
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b) Node reachability: Reachability refers to the pairs of nodes 

that are in reach of one another. A pair of nodes are said to 

be reachable when there is a path between them (without 

concerning about the distance and they are close enough to 

be an immediate neighbor. Node reachability is achieved 

whenever nodes belong to the same community. There are 

predefined sub-graphs for node reachability as follow: 

o K-clique: In K-cliques, nodes with the shortest distance or 

shortest path must not necessarily be part of sub-graph. 

o K-club: In K-club, nodes that lie on the shortest path are a 

part of sub-graph. 

o K-clan: It is a type of K-clique, where all the nodes of the 

shortest path are within the sub-graph, and distance is less 

than or equal to K. 

c) Node similarity: Node similarity refers to the process of 

calculating the similarity between the two nodes. Two 

nodes are considered to be in the same community when 

they are similar enough based on their attributes. 

B. Group-based Community Detection 

Group-based community detection considers the 

characteristics of the group and requires the whole group to 

satisfy a certain condition such as the group density should be 

greater than or equal to a given threshold. This category of 

community detection mainly consists of the following 

communities: 

a) Balanced communities: Balanced communities are based 

on graph-based clustering [7] which cuts the graph into 

several smaller partitions, and such partitions are 

represented as communities. Here, the minimum-cut 

method is used to find the balance communities via 

dividing the network into a predefined number of parts, 

approximately of the same size.  

b) Robust communities: Robust communities attempt to find 

out the sub-graph which does not disconnect if one edge or 

node is removed. In robust communities, there are at least 

m-independent paths among a pair of nodes.  

c) Modular communities: Modular communities are 

communities that are identified based on modularity. In 

modular communities, an undirected graph G(V, E), |E|=m 

is considered where the degree of the node is known but 

edges are unknown.  

d) Dense communities: In dense communities, interaction is 

frequent, and is formed based on the similar interest. 

Typical examples of dense communities include cliques, 

clans, clubs, and complete connected sub-graph/clique. 

e) Hierarchical communities: Hierarchical communities have 

their own sub/super communities. Such communities use 

hierarchical clustering algorithm which divides the network 

equal to the number of nodes. Adjacent communities are 

then combined into a new community. Typical examples 

include Walktrap algorithm, Spineglass, and 

Edge-Betweenness. 

II. LITERATURE REVIEW 

This section briefly reviews prominent and recent community 

detection methods presented in the literature for community 

detection in social networks. 

Kafeza et al. [8] presented Twitter Personality based 

Influential Communities Extraction (T-PICE) system via 

considering user personality as the main characteristic to 

identify influential networks. The objective is to gain 

appropriate features from social media data that represent a 

complex relationship which is used to identify influential 

communities. T-PICE extended the approach presented in [9] 

via addition of users personality relationship among the 

nodes at a preprocessing step in order to remove graph edges 

on the basis of users' behavior. T-PICE is capable to identify 

the networks having maximum communication capability. 

Experimental results on the sampled graph from Twitter 

show that T-PICE is capable to generate the most influential 

communities. 

Jiang et al. [10] presented a framework to detect overlapping 

and hierarchical communities on the basis of local influence. 

The main intention is to find out the effect of the node's local 

influence (NLI) on the formation of communities and to 

quantify NLI in order to find communities. The proposed 

framework is suitable to tackle the problem of heuristic 

influence maximization. The presented framework first 

quantifies the local influence and then finds the community. 

It is shown that the framework effectively detects community 

when nodes with high local influence are selected on social 

networks. Barbieri et al. [11] presented a stochastic 

framework which can efficiently detect communities in a 

network-oblivious setting. The presented framework assumes 

that item adoptions are governed via an underlying diffusion 

model which mainly relies on community-level influence. 

The framework used social graphs and user’s log activity data 

to find out the most influential node referred to as key user 

and to detect community. The framework deals with the 

ambitious problem of inferring community structures. Based 

on the framework, an independent cascade model (ICM), and 

a model which mainly concentrate on the delay among 

adoptions are also presented. Wang et al. [12] presented a 

novel algorithm that effectively finds the communities both 

in undirected and directed networks. The algorithm relies on 

influence connectivity and closeness of the network for 

community detection and influence ranking. The presented 

algorithm exploits the influence cascade model and generates 

an influence vector which mainly captures the distribution of 

the influence of each node across the network. A new metric 

namely shared influence neighbor similarity is used which 

refers to the connectivity measure of any pair of nodes i.e. 

two nodes have the same set of neighboring nodes. 

Simulation experiments show superior performance on a set 

of real-world networks as compared to extant methods. Most 

algorithms that are based on the independent cascade model 

and linear threshold model for community detection 

generally assume that the influence of the different members 

in a community is the same in social networks. Li and Yu 

[13] argued that this assumption is inconsistent as the 

influence of some core members of every community is much 

greater than the others as observed. Based on this, authors 

have presented a novel community discovery algorithm 

which efficiently finds out the core members of the 

community. The presented algorithm selects some initial 

members from the core members in order to provide the 

maximum influence. 
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Maiti et al. [14] observed that an influential user’s 

communication can reach to other users in the network much 

more as compared to a user having a lesser influence. Based 

on the observed fact, authors introduced a method to 

determine the influence users on the basis of the spread of 

communication made by the user. The presented method 

generates a ranking list of all users on the basis of their 

influential scores. The presented method is verified on three 

different Twitter datasets which have been downloaded via 

Twitter search API. The data is divided into two parts based 

on the time it was posted, and the generated ranked list of 

users is compared. It is shown that the presented method 

exhibits better performance in term of retweet count and 

identification of the most influential users in contrast with the 

compared methods. Chintalapudi and Prasad [15] 

experimented extent community detection algorithms on 

benchmark Zachary's karate club dataset. During the 

experiments, modularity and normalized mutual information 

(NMI) of extant algorithms have been computed, and the 

detected communities of the algorithms are then compared. 

The main focus is to check the performance of community 

detection algorithms in a real-world network. It is concluded 

from the experiments that the quality of detected 

communities and the scalability of the algorithms are two 

major issues that are still open research areas and further 

require more improvements. Moreover, the method used to 

detect communities requires much more computational 

power. Therefore, there is a need for high-performance 

computing or Hadoop framework in order to balance the 

trade-off between time and quality. Tasgin et al. [16] 

exploited genetic algorithm methods and presented a novel 

community detection algorithm that has O(e) time 

complexity where e is the number of edges. The presented 

algorithm attempts to optimize the network modularity using 

genetics. The algorithm begins with initial population 

creation where every node is assigned a random community 

identifier (ID). Then, some nodes are randomly selected and 

their community IDs is assigned to each of their neighbors. 

The fitness value of each solution member is then evaluated 

and cross-over and mutation are performed. The algorithm is 

tested on well-known datasets namely Zachary karate club, 

college football. Enroll e-mail dataset is used to check the 

scalability of the algorithm. As compared to other community 

detection algorithm, the presented algorithm is more scalable 

in a large network and neither requires any prior information 

regarding the number of communities nor any threshold. The 

presented algorithm also does not require any further 

processing on the output to detect the community structure. 

Yang et al. [17] presented a novel community detection 

algorithm named as communities from edge structure and 

node attributes (CESNA) that efficiently detects overlapping 

communities based on the node attribute information. 

CESNA models the association among the network structure 

and the node attributes and detects the overlapping 

communities via incorporating hard node-community 

memberships. In this model, it is assumed that the 

communities and attributes are not independent rather 

communities generate the network and attributes. A block 

coordinate ascent (BCA) method is also presented which is 

capable of updating all model parameters in linear time with 

respect to the number of edges. CESNA is evaluated on 

Facebook, Google+, Twitter, Wikipedia, and Flickr via 

comparing the predictions to hand labeled ground truth 

communities. CESNA is also compared to prominent 

community detection methods and the experimental results 

show that CESNA achieves a major performance 

improvement in term of the accuracy of detected 

communities.  

Gong et al. [18] exploited the algorithm described in [19] and 

presented a community detection algorithm named as 

MOEA/D-Net that effectively minimize external degree 

density and maximize internal degree density. The main 

objective of the MOEA/D-Net is to optimize the negative 

ratio association [20] and ratio cut [21]. MOEA/D-Net 

traverses through the search space returns set of solutions via 

partitioning of the network into a smaller number of clusters 

at different hierarchical levels. Experimental results on 

computer-generated and some real-world networks show that 

MOEA/D-Net can effectively reveal the hierarchical 

community structure of the networks. Shen et al. [22] 

presented agglomerative hierarchical clustering based on 

maximal clique (EAGLE) algorithm that utilizes the property 

of maximal cliques and adopts an agglomerative framework 

in order simultaneously detect the overlapping and 

hierarchical community structure. EAGLE mainly consists of 

two phases. In the first phase, EAGLE generates the 

dendrogram with the aid of all maximal cliques and 

neglecting subordinate maximal cliques from the network. 

More specifically, EAGLE incorporates each pair of 

communities having the maximum similarity into a new one 

and then calculates the similarity between the newly formed 

community and other communities. This process is repeated 

until only one community is left. In the second phase, 

EAGLE cuts the dendrogram via extending the modularity 

equation. Experimental results on the word association 

network and the scientific collaboration network show that 

EAGLE acquires a complete and in-depth picture of the 

community structure. Xing et al. [23] presented a novel node 

influence based label propagation algorithm (NIBLPA) for 

detection of the communities. NIBLPA improves the 

performance LPA via improving the node label updation and 

label choosing method when maximum numbers of nodes 

have more than one label. In NIBLPA, node influence value 

(NIV) for each node is calculated and then nodes are ranked 

in the decreasing order of NIV. To improve the stability, a 

new metric namely the label influence value (LIV) is also 

introduced into the formula of label updating. When the 

algorithm terminates, all nodes having the same label are 

divided into a single community. NIBLPA provides a more 

stable result as compare to LPA. Experimental results on 

Clique-Ring networks, FR Benchmark networks, and real 

networks show that the performance of NIBLPA and LPA is 

almost the same, and NIBLPA exhibits superior performance 

when compared with some earlier community detection 

methods. Kang and Choi [24] presented a novel similarity 

metric named as common neighborhood sub-graph density 

(CND) for community detection. CND is constructed using 

the density of edges formed by the common neighbors, 
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 which is then added with affinity propagation to identify the 

communities in the network. In CND, any node whose 

neighbors are more connected densely to each other is given a 

higher input preference as it is more likely that the node 

belongs to the same community. CND is investigated on 

political books, political blogs, and college football 

real-world network data, and the results show CND exhibits a 

higher purity of detected communities with fair accuracy. 

Kafeza et al. [25] presented a novel algorithm that detects 

communities based on the characteristics of users. The main 

idea of the algorithm is to place those nodes in the same 

community which shares the same features. The presented 

algorithm executes as follow. Firstly, the identification of 

influential networks is done. Then, the networks related to a 

specific subject are extracted and the computation of the 

influence is performed on the basis of user personality and 

quantitative metrics. In this algorithm, Twitter is mapped as a 

graph where each node is associated with one of the defined 

15 possible personality traits. The definition of color(x) is 

used to determine the color of each node/user. After the 

determination of the color/personality of each user, 

personality balanced networks are defined which resembles 

the network having at least one node from the possible 

personality tuple. Sub-graph is then extracted via traversing 

the graph using breadth-first search until a node is found from 

each of the 15 personality tuples. 

Yan et al. [26] argued that an active node can activate its 

neighbors many time in the independent cascade model. 

Based on this, an influence diffusion model referred to as 

multi spread model is presented in which an active node gets 

more than one chance to activate its neighbor in the network. 

It is also proved that influence maximizing problem is 

sub-modular and monotone with the multi-spread model. 

Authors also defined the local influenced community (LIC) 

and presented the LICD algorithm to detect LIC. 

Experimental results show that the multi-spread model and 

LICD algorithm can solve the influence maximizing problem 

and local influenced community detection efficiently. 

Souravlas et al. [27] exploited parallel processing and 

threaded binary tree data structure and presented a 

community detection algorithm. The main idea of the 

algorithm is to avoid race conditions while assuring the load 

balancing among executing processors. The algorithm 

executes in the following manner. Firstly, a threaded binary 

tree is constructed by every node on the basis of its 

connection. Node membership and overlaps are then 

determined via following a parallelized step-wise strategy on 

the paths having with higher similarity (i.e. stronger paths), 

and comparing the stronger paths based on strength of the 

existing communities. Authors also presented a network 

updating mechanism to cope with rapid structural changes in 

the network. Experimental results on five real-world data sets 

namely Facebook, Twitter, Google+, Pokec, and LiveJournal 

show that the presented algorithm is benefited with strong 

scaling and parallelism. Tahir et al. [28] presented mutual 

community detection (MCD) method that detects mutually 

connected communities having a diverse relation. The main 

aim of MCD is to find out the most potential nodes in the 

network. The presented method includes the following steps. 

The data of U.S Airline and Zachary karate club dataset are 

collected in a text file and then converted in network file. 

Clustering coefficient value for each node is then computed 

based on the network file. CCVs are then prioritized, and the 

top 10 nodes having a higher CCV are selected to form a 

mutual community. Experimental results on the human social 

and real datasets show that MCD is capable to detect the 

mutually connected communities efficiently.  

Ding et al. [29] exploited Coarse K-Medoid clustering and 

presented a novel trust-model based community detection 

algorithm (TLCDA) to detect overlapping communities in 

social networks. In TLCDA, user interactions are modeled as 

trust potential in order to acquire the implicit relation among 

the network nodes. The metrics that are used to enhance the 

trust include the diverse weighted relation strength and 

similarity. To mitigate the cold-start problem, TLCDA 

integrates two types of trust and adjusts the weights 

dynamically. More specifically, newly joined nodes are 

assigned more weights on the basis of inter-node similarity 

and then the weights are adjusted as there is an increase in the 

number of interactions among the nodes. TLCDA executes as 

follow. Firstly, inter-node trust and trust potential of every 

node is computed and then highly trust-potential nodes are 

identified which are referred to as the initial clustering 

centers. Nodes are classified on the basis of the trust 

potentials and placed into clustering upper approximation 

and clustering lower approximation sets. Clustering centers 

are then reselected, and this process is repeated until all 

clustering centers are stabilized. At last, all those clusters 

having most significant overlapping nodes are repeatedly 

merged. Experimental results on data extracted from Sina 

Microblog show that TLCDA exhibits better preference 

cohesion and topology cohesion as compared with the 

state-of-the-art methods. 

Zhang et al. [30] presented a generative model named as 

dynamic topical community detection (DTCD) that can 

detect the communities and extract topics simultaneously. In 

DTCD, a community is characterized in term of network 

structure, node text, and time stamp distribution where 

network structure refers to the number of linked connections, 

node text refers to the interests of the community in terms of 

topics, and time stamp distribution refers to the popularity of 

the community in terms of timestamp. Community and topic 

are represented as the latent variables, and network structure, 

text, and time stamp are analyzed via a generative process in 

order to find the communities and extract topics. A new 

method namely collapsed Gibbs sampling inference method 

is also presented to acquire the value of the latent variables. 

 And based on the value of the latent variables, community 

membership and topic membership are acquired. 

Experimental results on real-world datasets namely Reddit 

dataset and DBLP dataset show that DTCD has superior 

performance in term of community detection and topic 

extraction as compared with extent methods. Okuda et al. 

[31] presented a community detection method named as 

restrained random-walk similarity (RRWS) that detects 

communities more accurately. The basic idea of RRWS is to 

put or cluster the starting vertices of random walks by the 

random walkers on the basis of the similarities among the sets 

of visited vertices.  
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RRWS clusters the starting vertices of random walks into the 

same community whenever walkers pass via the similar sets 

of vertices. To cope with incorrect clustering that arises from 

abnormal random walks, all rarely passed vertices are 

excluded from the set of vertices. Random walks are 

terminated whenever the number of distinguishing vertices or 

the number of the set of vertices exceeds over a predefined 

threshold i.e. the walker visits already visited vertices over a 

certain threshold. Experimental results on real-world 

networks show that RRWS method show superior 

performance in terms of accuracy. However, RRWS method 

is not suitable for the networks having a higher mixing rate. 

Rezvani et al. [32] defined external sparsity and internal 

density of overlapping communities via asymmetric triangle 

cuts and presented novel triangle-based community fitness 

metric that can effectively minimize the free-rider and 

separation effects on detected communities. Authors then 

formulated the problem of detecting overlapping 

communities as NP-hard based on the fitness metric and 

presented a scalable algorithm that can efficiently solve the 

community detection problem. The algorithm consists of two 

phases. In the first phase, the algorithm executes iteratively 

where it partitions the vertices of the graph into core 

communities (CC) where each CC is represented as a densely 

connected subgraph. A single community is then created that 

consists of all vertices. Edge elimination is then performed 

until there is a support of an edge lesser than or equal to k 

(k>1), where k is the number of iterations. In the next 

iteration, k value is increased by one, and the process is 

repeated support of each edge become lesser than or equal to 

k. In the second phase, iterative expansion of the core 

communities is done via merging the vertices of other 

communities to every core community. Experimental results 

on real-world datasets reveal that the performance of the 

presented algorithm is better than the state-of-the-art 

algorithms. 

III. CONCLUSION 

In this paper, a brief introduction of social media and 

community detection in social media mining is provided. 

Existing approaches and algorithms for community detection 

were reviewed and prominent research works done in the 

field of community detection were highlighted. Theoretical 

aspects of various approaches for community detection are 

presented. Benefits of communities in social media are also 

mentioned in the paper. From the survey, it has been 

observed that most existing community detection algorithms 

do not consider the ground truth knowledge i.e. prior 

knowledge of the network such as node attribute, node 

influence etc. Since every node has its important role in the 

formation of community and social group, ground truth 

knowledge of the network can be utilized for better 

community detection in future research works. 
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