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Abstract: Community detection is a nowadays research problem 

in the Big Data era related to huge volume, variety, and velocity 

of data. Big data defines data where normal processing, storage, 

retrieval fails and require some advanced tools to solve these 

types of problem. An important tool in the analysis of complex 

network is community detection. Community detection or 

community mining is a technique which is used to find the same 

type of relations in a particular group. Community detection is 

also known as Graph Clustering.  This paper represents Big data 

in the form of graphs and detects community via some graph 

algorithms like METIS, Spectral Partitioning, hierarchical 

clustering, Markov Clustering, Genetic Algorithm based 

community detection algorithm, etc. Community detection is 

widely used in various types of disease detection, drug formation, 

species clustering. It can be also used in social networking sites 

to control crimes by detecting community bad peoples. 

 

Keywords: Community Detection, Big Data, Graph Clustering, 

Markov Clustering 

 

I. INTRODUCTION 

Community detection(mining)  is a technique that is used to 

find the same type of groups or clusters within the large 

networks or big data. We can find the same type of people or 

community in the social networking sites as in Face book, 

Twitter, etc. [1] presents a generic overview of graph 

clustering, which can be considered as equivalent to 

community detection. Some Community detection 

algorithms are METIS, Spectral Clustering, Hierarchical 

Clustering, Information theory-based algorithm, Markov 

Clustering, Genetic Algorithm based Community Detection 

algorithm. METIS is a set of serial programs for partitioning 

graphs, partitioning finite element meshes, and producing 

fill reducing orderings for sparse matrices. The algorithms 

implemented in METIS are based on the multilevel 

recursive-bisection, multilevel k-way, and multi-constraint 

partitioning schemes are already proposed by researchers. 

Dongen et al. [2].proposed MCL algorithm is short for 

the Markov Cluster Algorithm, a fast and scalable 

unsupervised cluster algorithm for graphs (also known 

as networks) based on simulation of (stochastic) flow in 

graphs. Spectral partitioning has become one of the most 

successful heuristics for partitioning graphs and matrices. It 
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is used in many scientific numerical applications, such as 

mapping finite elements calculations on parallel machines 

[3]. 

A today societies are living in a digital era where everything 

is in the form of digital information like IOT, information 

produced from sensors, mobiles, and social networking sites 

like Facebook, Twitter Instagram and many more and there 

are a large number of digital users and each user has more 

than one mobile with the 4G internet connectivity and users 

are sending messages and likes as Face book page very 

frequently or do comment. Each and every information is 

stored on the cloud and every second large data is generated 

and this data is beyond the capability of the traditional data 

processing capability so we termed this type of data as the big 

data. Big data contains structure, semi-structured and 

unstructured data. Dobre and Xhafa (2014) report that every 

day the world produces around 2.5 quintillions bytes of data 

[4]. A graph G=(V,E) is a collection of  V={v1,v2,v3,v4} 

called vertices, and another set E= {e1,e2,e3,e4} are called 

edges. There are two types of graphs directed graphs and 

undirected graphs [5]. 

II. RELATED WORK 

There are two classes of community mining on graphs. First 

is static community detection and the second one is 

community mining on dynamic graphs [6]. Girvan and 

Newman gave a significant definition called Network 

Modularity which is used for quality metric for measuring 

the partitioning of a network into communities [7]. Each of 

us may participate in many social cycles according to humans 

hobbies, educational background, working environment, 

political leaders, athletes, actors, scientist, and family 

relationship. As a result, when the network is large and the 

overlapping is significant most of the existing algorithms, in 

general, will have high computational cost due to their 

heuristics optimization strategies [7]. The community is 

often regarded as kind of cohesive substructures such are 

cliques, n-cliques, n-clans, n-plexes as well as the 

quasi-cliques. Community detection is based on the 

enumeration of all maximal cliques. Each group of the 

overlapping maximal cliques is regarded as a certain 

clustering kernel. 

 

Big data is characterized by 7V’s as Volume, Velocity, 

Variety, Veracity, Variability, Value, Visualization. Volume 

means a large set of data that consists of data in the number of 

terabytes, petabytes, and zettabytes of data even more. 

Velocity means a large amount of data within a defined 

amount of time. For example 

Wal-Mart process million of 

transactions each hour 
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[8].(Cukier, 2010).Variety means data comes in a various 

format like structured, semi-structured, and unstructured and 

it is in the forms of audio, video, text, images, sound, pictures 

and many more[9]. Veracity feature is used to measure the 

accuracy of data and this data is used for the analysis of data 

to find the usage patterns. Variability means that data whose 

meaning is constantly changing. Variability feature is also 

used in sentiment analysis where the same tweets have a 

different meaning to the world and every person takes it 

according to their view. Sentiment analysis is a new research 

topic. Visualization means a data must be represented in the 

format that is easily readable and it is possible to analyze it 

very easily. For example, Wal-mart has millions of customers 

and every hour millions of transactions are taking place 

visualization means the data represented in the form of the 

tableau. Value means extracting knowledge or value from a 

large amount of data that can be structured, semi-structured 

and unstructured without a loss for end users. Figure 1 shows 

the 7 V’s of big data [10]. 

 

 
 

Figure 1 7 V’s of Big Data 

 

Big data as defined above have 7 V’s, big data means at lest 3 

V’s are present then it can be treated as big data. Examples of 

big data Face book, Twitter, etc social networking sites where 

a large amount of data is generated every second that is 

velocity and the data generation speed is also very fast that is 

velocity and the data is also of very range like image, picture, 

files, music, video, etc that is variability. So Face book is a 

Big data example and in the Face book can be model as a 

graph and in the graph, we can also be used to find the 

communities. One community is also linked to another 

community we can also find this.   

 

2.1 Criteria for good community detection: there are three 

methods for finding good community detection techniques:- 

 

2.1.1. Modularity is firstly given by Newman [11]. That 

gives  the portion of edges within community edges subtract 

the expected value of the same quantity for the randomized 

network. The formula of Modularity measure is 

 a fraction of edges from group iTo group j. 

ai is fraction an on of edges from/ to group I if the group by 

chance. If the number of within community edges is no better 

than random, we will get Q=0. Values approaching Q=1, 

indicating networks with strong community structure. 

2.1.2 Multi-criterion Scores: Jure Leskovec et al. [13] 

explains in the metrics that describe the notion of a quality of 

the cluster, Conductance, Expansion, Internal density, Cut 

Ratio, Normalized cut, Maximum-ODF, Average-ODF, 

Flake-of. Multi-criterion scores evaluate the communities 

from many aspects, which help to have a better 

understanding of the communities. Less value of score 

f(s)describes a more community as a set of nodes. 

 

2.2 Algorithms of Community Detection: there are many 

methods have been proposed to find the community in a 

given graph. These methods are called as traditional methods 

of community detection, such as Clustering method, 

Newman’s algorithm and so on. However, in real life, many 

people are belonging in one community and they are also 

related to other community as well so the many researchers 

are interested to find the overlapping communities detection. 

With the advancement of social networking sites and the 

exponential increase of the users the graph becomes more 

and more complicated and huge. Previous methods are 

focused on dividing the whole graph into a number of groups. 

So some researchers interested in study the local community 

detection algorithm [14]. 

 

2.2.1 Traditional Algorithms of Community Detection: 

Researchers started to research as community detection in 

early 1970[15] and many researchers proposed a large 

number of algorithms and we are discussed some of the 

traditional algorithms of community detection. 

 

2.2.1.1.Partitional clustering:Partitional clustering is a 

method of community detection. The algorithms assume 

there are k clusters in the social network and the aim is to 

find  the points in the k clusters for to  optimize  a given cost 

metric  between points or from points to centroids [16]. Some 

of the well-used functions are the k-clustering sum, k-center, 

k median, and Minimum k-clustering and so on. 

 

2.2.1.2 Hierarchical clustering:Hierarchical clustering is 

divided into two types Agglomerative algorithms and 

Divisive algorithms [17]. The Agglomerative clustering 

works on clusters are iteratively merged bottom up if their 

similarity is sufficiently high, and the typical agglomerative 

algorithm is betweenness clustering. The divisive algorithm 

is that clusters are iteratively split top down by removing 

edges connecting vertices with low similarity. 

 

2.2.1.3 Newman’s algorithm: Girvan and Newman 

proposed a series of classical methods [18]. Girvan et al. 

describe the method of edge betweenness that is the number 

of shortest route in whole graph under all vertex pairs with 

edges . The idea of these algorithms is to remove edges with 

the maximum betweenness measure and then recompute 

betweenness for all edges affected by the deletion. 

 

2.2.1.4 Graph partition: Graph partition divide nodes in a 

graph into a plurality of predetermined size communities 

which satisfies some objective functions by removing edges. 

Benchmark is the technique that 

is used to measure community 

structure. The planted l-partition 



International Journal of Recent Technology and Engineering (IJRTE) 

ISSN: 2277-3878, Volume-8 Issue-2S10, September 2019    

275 

 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  

Retrieval Number: B10460982S1019/2019©BEIESP 

DOI:10.35940/ijrte.B1046.0982S1019 

model is the easiest recipe. In this model one “plants” a 

partition consisting of a certain number of groups of nodes. 

 

2.2.1.5 Infomap: Infomap [19] was proposed to encampass 

the multipartite organization of large scale biological and 

social systems. The idea of this method is to use the 

probability technique flow of random walks on a network as a 

proxy for information flows in the real system and 

decompose the network into modules by compressing a 

description of the probability flow. 

 

2.2.2  Algorithms of overlapping Community Detection: 

Traditional algorithms are focused on identifying disjoint 

communities. However, in real life, people in the social 

network may belong to multiple communities [20]. So many 

researchers tend to research the overlapping communities 

detection algorithms and they proposed many algorithms. 

 

2.2.2.1 Clique percolation: The clique percolation 

methodology (CPM) [21] is that maybe first methodology 

to seek out overlapping communities. The concept of CPM 

is relating to communities as a collection of the maby 

cliques ( fully connected graphs). It begins by finding all k 

cliques.  

2.2.2.2 Link algorithm: Link algorithm is a link partitioning 

algorithm based on hierarchical partitioning clustering [22]. 

The idea of this algorithmic program is that two links share 

constant node to completely different communities, the node 

should be a node within the overlapping spce.Treat every 

edge as a seprate link community so merge the two most 

similar link communities till all the link communities 

become one community. 

2.2.2.3 COPRA : COPRA [23] could be an improvement of 

ancient label propagation rule and it is a multi label 

propagation rule. Label every vertex y with a group of pairs 

(a,c) wherever a could be a community symbol and c could ba 

a belonging constant. And so let the label unfold on the 

network supported the native structure of the network. Since 

every node is initialez with n labels, when propagation every 

node might have a multiple labels at constant time. Therefore 

Copra will determine overlapping communities.  

2.2.3 Algorithms of Local Community Detection: With the 

advancement of time and the advancement of the mobile 

devices a large number of users are using the social 

networking sites so the graphs become more and more 

complicated and huge so finding the communities also cost 

more. So some of the researchers proposed local community 

detection algorithms. 

 

2.2.3.1 Clauset’s Algorithm: Clauset is that the initial to 

propose the matter of community detection. This algorithm is 

projected a definition of  local measure. This algorithmic 

measure is easy and economical however must set 

community size in advance. 

2.2.3.2 Label Propagation Algorithm :Label Propagation 

algorithm (LPA) [25] may be a dynamic methodology of 

community detection and this algorithm program relies on 

the native structure of networks to identify communities. 

Give every vertex a unique label and update each vertex x’s 

label by replacing it by the label used by the greatest number 

of neighbors until the same label tends to become associated 

with all members of a community. The method has a low 

item complexity and it is easy to operate, but the algorithm 

has great uncertainty. 

 

2.2.3.3 Local Node Expansion: Local node expansion is to 

start with a number of nodes, and then according to the 

specific criteria expand the nodes to get the community. One 

of the most popular local node expansion is seed set 

expansion. Joyce JiyoungWhang et al. use the personalized 

Page Rank for seed expansion [26]. The algorithm computes 

Page rank scores, localized on seeds and then finds a set of 

high-rank nodes to form the community with the seed set. 

Another kind of method is based on node centrality.  

 

2.2.3.4 Local Optimization 

OSLOM [27] method optimizes the local statistical 

significance of communities. OSLOM consists of 3 phases. 

first, it looks for significant clusters, until convergence. 

Second, it analyzes the resulting set of clusters, trying to 

detect their internal structure or possible union. third, it 

detects the hierarchical structure of the clusters. OSLOM is 

the first method which is used in network accounting to 

detect clusters for edge directions, weights, overlapping 

communities and community dynamics. 

III. A COMPREHENSIVE STUDY OF THE COMMUNITY 

DETECTION ALGORITHMS  

In this section this paper compares various community 

detection algorithms their merits, demerits, complexity, and 

scale through table 1. Tables gives 2 gives the clustering 

based community detection methods their author or 

algorithmic technique, method, and parameters. Like 

Newman and Girvan, Clauset et al, Blondel et al, etc. 

 

Genetic algorithm uses heuristic algorithms to find the best 

solution for a given problem. These algorithms works on the 

principle on range of solutions known as chromosomes and 

fitness function is computed  for these chromosomes. If it 

finds the optimum fitness one stops, else with some 

probability crossover and mutation operators are applied to 

the current set of solutions to find the new set of solutions. 

Community detection can also be used Genetic algorithm as 

an  problem of optimization in which an objective function 

that captures the intuition of a community is a problem of 

optimization under the choosen better internal connectivity 

as compared to external connectivity. The table 3 is listed all 

the community detection algorithms based on Genetic 

algorithms.  
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Algorithm Merits  Demerits Complexity Scale 

Clustering 

k-means 
1. Easy to implement 

2. Average performance 

1. We need a number of clusters in advance 

2. Terminates at a local optimum 
O(ndk+1) [28] L 

Hierarchical 

Clustering 

1. There is no need to specify 

the number of clusters in 

advance. 

1. Where to cut the dendrogram tree we 

don’t know. 

2. If merging/division heuristics is not good 

we may get bad results. 

O(n2) M 

Newman’s 

Algorithm 

G-N algorithm 

2. There is no need to specify 

the number of clusters in 

advance 

1. Where to cut the dendrogram tree we 

don’t know. 

2. This also is slow 

O(E2N) [29]. S 

Newman’s 

fast algorithm 

1. It is faster than the G-N 

algorithm 

2. There is no need to specify 

the number of clusters in 

advance. 

3. May get good partitions 

1. There is not a theoretical guarantee 

compared to the greedy algorithm 
O(n2) [30]. S 

Graph 

Partition 

Benchmark 
1. Computation is very less 

2. Easy 
1. Difficult to agree on the same network 

-

-- L 

Spectral 

Clustering 

1. It gives very good results  

2. It is very effective to handle 

complex shapes 

1. It is mostly not efficient 

2. Not sure which objective is the right one 

to use 

 O(n3) 

[31]. 
M 

Kernighan-L 

in 
1. It is very fast 1. Know the size of clusters in advance 

-

--- 

-

-

- 

Infomap 
1. It uses information about 

weight and direction 

1. It considers only structural characteristics 

 
O(E) [32]. L 

Clique Percolation 
1. It can detect overlapping 

community 

1. It is used for networks with many full 

connected subgraphs 
O(dm) [33]. L 

LINK Algorithm 
1. It can detect overlapping 

community 

1. Don’t know where to cut the dendrogram 

tree 

-

--- 

-

-

- 

COPRA 
1. It can detect overlapping 

community 
1.  it has great uncertainity 

O(vm log 

(vm/n)) [34]. 
L 

Clauset’s Algorithm 1. Efficient    2. Fast 1. Know the size of clusters in advance  M 

Label Propagation Algorithm 

1. It is efficient      2. Low time 

complexity             3. It can 

detect overlapping community 

1. It can detect one community 
O(N) 

[35]. 
L 

Local Node Expansion 

1. It has high accuracy     

2. It is efficient     

3. Niche targeting 

1. It considers only structural characteristics 

-

-- 

-

-

- 

Local Optimization 

1. It can detect overlapping 

community      

2. Can be generalized to 

directed graphs, dynamic 

networks, and weighted 

graphs 

1. May return slightly less accurate results 

than other methods 

O(n2) 

[36]. 
M 

Table 1.Comparisions of all the algorithms

 

Author Methodology Parameters 

Newman and Girvan[11]. Divisive Clustering Edge betweenness 

Girvan and Newman[37][38][39]. Modularity maximization Modularity[37],eigenvector[38] and eigenvalue[39]. 

Clauset et al [40]. Greedy optimization of modularity  Edges, vertices modularity 

Blondel et al (Louvain Method)[41]. Hierarchical Clustering  Nodes,edges,Modularity 
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Guimera et al [42], Zhou et al[43]. Modularity optimization using 

Simulated Annealing 

No. of links, linking probability, no. of modules, no. of 

partitions, Modularity [42] .  No. of edges, inter factor 

and intra factor, Modularity[43]. 

Dutch et al.[44] Modularity optimization using External 

optimization 

No. of nodes, links, degree, Modularity 

Ye et al ( AdClust) [45] Agglomerative clustering Vertices, Force, Modularity 

Wahl and Sheppard [46] Hierarchical Fuzzy Spectral clustering Fuzzy modularity, Jaccard  Similarity 

Falkowski et al (DENGRAPH)[47] Density-based clustering  Distance function 

Dongen et al [2]  Markovian clustering Number of nodes 

Nikolaev et al [48] Entropy centrality based clustering Transition probability matrix for the Markov process 

Steinhauser et al [49] Consensus clustering  Random walks similarity matrix 

Table 2: Clustering based on community detection methods. 

 

 

Author(Algorithm) Approach Parameters 

Pizzuti(GA-Net) [50] Community score as the fitness function Community score 

Pizzuti(MOGA-Net) [51] Multi objective optimization.  Community score community function 

Hafez et al [52] Single objective, multi-objective optimization Number of genes, mutation Crossover operators 

Mazur et al [53] Community score and Modularity as fitness functions Fitness functions 

Liu et al [54] Genetic algorithm and clustering Size of population, maximal generation number, 

maximum no. of generations for unimproved fittest 

chromosome fraction of mined hubs, no. of 

communities  

Tasgin et al [55] Modularity optimization   Modularity, population size, number of 

chromosomes 

Zadeh[56] Multi population cultural algorithm BS-average, BSN 

Table 3: community detection algorithms based on Genetic algorithms. 

 

Label propagation in a network is the propagation of a label 

to various nodes existing in the network. Each node attains 

the label possessed by a maximum number of the 

neighboring nodes. Table 4 discusses some label propagation 

based algorithms for discovering communities, their 

approach, application, and parameters.  

 

Clique-based methods for detecting overlapping 

communities are discussed in table 5. Table 5 discusses 

algorithm like Palla et al, Lancichinetti et al, Du et al, Evans 

et al, Lee et al, Gregory et al, etc. table uses Clique 

percolation method for discovering communities.  

 

Nonclique methods to discover overlapping communities are 

discussed in table 6. Table 6 discusses algorithms like 

Nicosia et al, Lancichinetti et al, Baumes et al, Chen et al, 

Alvari et al, Shi et al, etc. 

 

Author  Methodology Application/Improvements Parameters 

Raghavan et al [57] Iterative label propagation SLPA[58],  WLPA[59], 

COPRA[60],  Label 

Rank[61], BMPLA[62] 

 

Nodes,label [58], Labels,threshold 

[59], Label,similarity [60], nodes [61] 

Xie et al (Label Rank) [63] Propagation, inflation, cut off, 

and  conditional update. 

LaebelRankT Belongingness coefficient, the 

threshold nodes [63]. 

Wu et al (BMPLA)[64] Label propagation, and 

overlapping communities 

-------------------------------- Number of vertices, label to which 

vertices belong, the average degree 

Table 4 Label propagation based community detection 

 

Author Methodology Parameters 

Palla et al (CPM)[65] CPM Nodes, threshold weight 

Lancichinetti et al [66] Works on the principle of the Fitness function Fitness function 

Du et al. (Com Tector)[67] Kernels based clustering Set of all kernels 

Shen et al(EAGLE)[68] Agglomerative hierarchical clustering The similarity between the two communities 

Evans et al. [69] Line graph, clique graph Edges,Partition 

Lee et al. [70] Cliques based expansion Fitness funciton 

Gregory et al. (CONGO[71], 

Peacock algorithm [72] 

Split between  Local betweenness, short paths [71], the ratio of max, 

edge betweenness, and max,splitbetweeness [72]. 

Table 5.clique based methods for overlapping community detection 
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Author Methodology Parameters 

Nicosia et al.[73] Network Modularity algorithm for overlapping 

communities 

Degree of nodes 

 

Lancichinetti et al(OSLOM)[74] Edge direction, weights, hierarchy N vertices, E edges, degree of subgraph, internal 

and external degree of subgraph 

Baumes et al [75] Clusters of overlapping vertices Internal edge intensity, external edge 

intensity,internal edge probability,edge 

ratio,intensity ratio 

Chen et al[76] Game theory Number of communities gain function, loss 

function 

Alvaro et al[77] Game theory based Number of snapshots, with V vertices and E edges 

Shi et al[78] Objective function: partition function Size of population,runninggenereation fraction of 

crossover,fraction of mutation 

Xing et al (OCDLCE)[79] Community detection Nodes,edges,neighbours of node 

Bhat et al ( OCMier) [80] Density-based  Threshold 

Table 6 : Nonclique methods to discover overlapping communities 

 

IV. GENERAL COMMUNITY DETECTION PROBLEMS ARISES 

IN BIG DATA 

Some traditional methods are easy but often need to decide 

the number or the size of clusters, other traditional methods 

are usually slow or need to know where to cut the 

dendrogram tree; Overlapping community detection 

methods can detect overlapping community but some 

methods are suitable for networks with many full connected 

subgraph or great uncertainty. Local methods are efficient or 

with low time complexity but there are exist some 

shortcoming such as can detect only one community or need 

to know the size of-of the clusters in advance. The different 

network has a different method of community detection and 

we should choose a suitable method to identify communities. 

 

V.CONCLUSIONS: In this paper, we review all the community 

mining algorithms their merits, demerits, complexity, and 

scale and these algorithms are divided into 3 categories. first 

is Traditional community mining algorithm second is 

community mining for overlapping community and the last 

is an algorithm for local community detection. The first 

section we discuss the introduction related to big data and 

community mining algorithm. The second section discusses 

some related work or Literature review. The third section 

discusses A comprehensive study of the Community 

detection algorithms in detail.The fourth section discusses 

some more community mining algorithms. The fifth section 

discusses General Community Detection Problems arises in 

big data. 
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