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Abstract— Real world has data in form of data sets .These 

data sets can be modelled as interaction networks in a 

meaningful way. These data set interaction networks are 

called social networks where each individual consists of a 

part in a community. According to interests of each 

individual, community is formed within specific individual 

who   have common interests .Due to massive popularity of 

Internet and Web 2.0 technological frameworks many social 

networks have come into existence, so the challenge of 

discovery of communities has become an indispensible   part 

of researchers working in that area. Our paper has presented 

some of the most popular community discovery algorithms 

associated with social networks which help predicting social 

behavioural patterns which can be used for development of 

general societal issues. 
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I. INTRODUCTION 

Almost all   problems in this real world   can be seemingly 

depicted as complex relationship networks in which nodes 

model the entities of interest and edges represent the 

interactions or relationships among them. Empowered by 

technological advances and motivated by notion of empirical 

analysis, the number of such problems and the diversity of 

domains from which they arise whether they may be 

biological, clinical, ecological, engineering, linguistic, 

scientific, social, technological   is growing at an appreciable 

rate. 

It has been observed recently that while such 

networks arise in a host of diverse contexts they often share 

important common concepts or themes. The religious study 

of such complex relationship networks, is advocated as 

network science, can provide insight into their structures, 

properties and emergent behaviors of specific interest to 

researchers are robust methods for uncovering and 

understanding very significant network or sub-network 

(community) structures and extracting the inherent 

community structure and enhancing them for predicting the 

critical, and causal nature of the networks in a dynamic 

setting. Research challenges in this area are manifold. First 

challenge is the topological features of social networks 

combined with an unpredictable setting, often limit the 

applicability of existing traditional techniques. Second 

challenge faced is the needs imposed by dynamic and directed 

networks need research into appropriate solutions. Finally, 

the challenge faced is the issue of scalability. Most of the 

problems we consider force us to deal with problems of 

immense size and scale where graphs may have millions of 

computational as well as data nodes and billions of edges. 

II. COMMUNITIES IN CONTEXT 

Almost all problems in this real world can be seemingly 

depicted as complex relationship networks in which nodes 

model the entities of interest and edges represent the 

interactions or relationships among them. Empowered by 

technological advances and motivated by notion of empirical 

analysis, the number of such problems and the diversity of 

domains from which they arise whether they may be 

biological, clinical, ecological, engineering, linguistic, 

scientific, social, technological is growing at a appreciable 

rate. It has been observed recently that while such networks 

arise in a host of diverse contexts   they often share important 

common concepts or themes. The religious study of such 

complex relationship networks, is advocated as network 

science, can provide insight into their structures, properties 

and emergent behaviours. Of specific   interest to researchers 

are robust methods for uncovering and understanding very 

significant network or sub-network (community) structures 

and extracting the inherent community structure and 

enhancing them for predicting the critical, and causal nature 

of the networks in a dynamic setting. Research challenges in 

this area are manifold. First challenge is the topological 

features of social networks combined with an unpredictable 

setting, often limit the applicability of existing traditional 

techniques. Second challenge faced is the needs imposed by 

dynamic and directed networks need research into 

appropriate solutions. Finally, the challenge faced is the issue 

of scalability. Most of the problems we consider force us to 

deal with problems of immense size and scale where graphs 

may have millions of computational as well as data nodes and 

billions of edges. 

III. METHODS IN CURRENT PRACTICE  

A community in a network is defined as is an aggregation of 

nodes with greater ties internally when compared to the rest 

of the network. This informal definition has been formalized 

in a number of ways, like a quality function, which quantifies 

the goodness of a given division of the network into 

communities. 

Some of these quality metrics are more popular than 

others, but none has gained universal acceptance due to the 

reason that no single metric is applicable in all situations in 

hand. Algorithms for community discovery vary on a number 

of important dimensions, including their approach to the 

problem as well as their performance characteristics. An 

important factor on which algorithms differ in their 

mechanisms is whether or not they are able to explicitly 

optimize a specific quality metric. 

Another factor on which algorithms vary is in how 

(or even whether) they let the user control the granularity of 

the division of the network into communities. In subsequent 

subsections we present all the current strategies involved for 

effective community discovery in current social network 

context. 
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A. Metrics used as quality functions 

Multiple metrics or measures have been developed  in this 

field  to store  the goodness of a division of a graph into 

clusters, in below equation , A denotes the adjacency matrix 

of the network or graph, with A(i,j) depicting  the  weight  of 

the edge or affinity between nodes i and j, and V is  the vertex 

or node set of the graph or network. 

The normalized cut of a group of vertices S ⊂ V is 

defined as 

 
Generally speaking, the normalized cut of a group of 

nodes S is the sum of weights of the edges that connect S to 

the rest of the graph, normalized by the total edge weight of 

S and that of the rest of the graph .Groups with low 

normalized cut develop good communities, as they are well 

connected amongst themselves but are sparsely connected to 

the rest of the graph. 

The conductance of a group of vertices S ⊂ V is 

related closely and is defined as  

 
The normalized cut (or conductance) of a group of 

the graph into k clusters V1, . . . , Vk is the sum of the 

normalized cuts (or conductance) of each of the clusters Vi{i 

= 1, . . . , k}. 

The Kernighan-Lin (KL) objective looks to 

minimize the edge cut (or the sum of the inter-cluster edge 

weights) under the constraint that all clusters be of the same 

size (making the simplifying assumption that the size of the 

network is a multiple of the number of clusters): 

 
Here A(Vi, Vj) denotes the sum of edge affnities 

between vertices in Vi and Vj, i.e. 

 
Modularity has huge merits to measure the goodness 

of a clustering of a graph. One of the benefits   of modularity 

is that it does not depend on   the number of clusters that the 

graph is divided into. The logic behind the definition of 

modularity is that the farther the subgraph corresponding to 

each community is from a random subgraph (i.e. the null 

model), the better or more important the discovered 

community structure will be. 

The modularity Q for a division of the graph into k 

clusters {V1, . . . , Vk}  is   denoted  by: 

 
In the above, the Vis are the clusters, m is the 

number of edges in the graph and Degree (Vi) is the total 

degree of the cluster Vi. For each cluster, we compute   the 

difference between the fraction of edges internal to that 

cluster and the fraction of edges that would be expected to be 

inside a random cluster with the same total degree. 

Optimizing any of these objective functions is NP-hard. 

B. The Kernighan-Lin (KL) Algorithm 

The KL algorithm is one of the oldest graph partitioning 

algorithms which is applied to optimize the KL objective 

function i.e. minimize the edge cut while keeping the cluster 

sizes balanced. The algorithm involved here is iterative in 

nature and starts with an initial bipartition of the graph. At 

each iteration, the algorithm looks up for a subset of vertices 

from each division of the graph in such a way that swapping 

them will lead to a reduction in the edge cut. A greedy 

approach is applied to identify such edges. The gain gv of a 

vertex v is the amount of decrease   in edge-cut if vertex v is 

moved from its current partition to the other partition. The KL 

algorithm repeatedly chooses from the bigger partition the 

vertex with the highest amount of gain and moves it to the 

other partition; a vertex is not moved again if it has already 

been moved in the current iteration. Afterwards when a vertex 

has been moved, the gains for its neighboring vertices will be 

updated in order to reflect the new assignment of vertices to 

partitions. 

While each iteration in the original KL algorithm 

has a complexity of O(|E|log|E|), further work  improved it to 

O(|E|) per iteration using efficient data structures. This 

algorithm has scope of extendibility to multi way partitions 

by improving each pair of partitions in the multi-way partition 

in the above described way. 

C. Agglomerative/Divisive Algorithms 

Agglomerative algorithms start   with each node in the social 

network in its own community, and at each step combine 

communities that are seem to be quite nearer to each other, 

continuing until either the required number of communities is 

obtained or the remaining communities are found to be too 

dissimilar to merge any further. Divisive algorithms function 

in reverse; they start with the entire network as one 

community, and at each step, select a certain community and 

split it into two parts. Both types of hierarchical clustering 

algorithms generally output a dendrogram   which is a binary 

tree, where the leaves are nodes of the network, and each 

internal node is a community. In the case of divisive 

algorithms, a parent-child relationship depicts that the 

community represented by the parent node was divided to get 

the resultant communities represented by the child nodes. For 

agglomerative algorithms, a parent-child relationship in the 

dendrogram   which shows that the communities represented 

by the child nodes were agglomerated or combined to obtain 

the community represented by the parent node. 

D. Girvan and Newman’s Divisive Algorithm 

Newman and Girvan developed a divisive algorithm for 

community discovery, involving logic of edge betweenness. 

Edge betweenness measures are defined in such a way that 

edges with high   betweenness scores are more likely to be the 

edges that connect different communities. That is, inter-

community edges are designed to have higher edge 

betweenness scores than intra-community edges do. Hence, 

by identifying and removing edges with high betweenness 

scores, we can easily disconnect the social network into its 

constituent communities. 

Shortest path betweenness is an   example of an edge 

betweenness measure. The logic here is that since there will 

only be a few inter-community edges, shortest paths between 

nodes that belong to different communities will be forced to 

cross through those few inter-community edges. Also 

enumerated are two other examples of edge betweenness. 

From the definition of random-walk betweenness we know 

that the choice of path connecting any two nodes is the result 

of random walk. The definition of   current-flow betweenness 
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is motivated by the circuit theory. First the network is 

virtually transformed into a resistance network where each 

edge is replaced by a unit resistance and two nodes are chosen 

as unit current source and sink. Then the betweenness of each 

edge is computed as the sum of absolute values of the currents 

flowing on it with all possible selections of node pairs. 

The basic steps involved in their algorithms is as 

follows: 

1) Determine the betweenness score for all edges in the 

network using any measure. 

2) Determine the edge with the highest score and remove it 

from the network. 

3) Recalculate betweenness for all remaining edges. 

4) Repeat from step 2. 

The above algorithm is continued until a small 

number of communities are obtained, and a hierarchical 

nesting of the communities is also obtained as an output. On 

the opposite  to the speculation that various  measures of edge 

betweenness may result into diverged community structures, 

the experiment showed that the exact betweenness measure 

used is not so important. The results by different measures 

only differ from each other with negligible amount as long as 

the recalculation step is executed. The logic in the 

recalculation step is as follows: if the edge betweenness 

scores are only computed   once and edges are then removed 

by the descending order of scores, these scores will not get 

updated and they will no longer reflect the new network 

structure after edge removals. Therefore, recalculation is the 

most important   step in the algorithm to obtain satisfactory 

results. The main issue with this approach is the high 

computational cost as calculating the betweenness for all 

edges takes O(|V||E|) time, and the whole  algorithm requires 

O(|V|3) time. 

E. Newman’s Greedy Optimization of Modularity 

Newman proposed a greedy agglomerative clustering 

algorithm for optimizing modularity. The basic idea of the 

algorithm is that at each stage, groups of vertices are 

successively merged to form larger communities such that the 

modularity of the resulting division of the network increases 

after each merge. At the start, each node in the network is in 

its own community, and at each step one chooses the two 

communities whose merger leads to the biggest increase in 

the modularity. 

We only need to consider those communities which 

share at least one edge, since merging communities which do 

not share any edges cannot result in an increase in modularity 

– consequently   this step takes O(|E|) time. Additionally a 

data structure storing the fraction of shared edges between 

each pair of communities in the current partition is also 

maintained, and updating this data structure takes worst-case 

O(|V|) time. There are a total of |V| − 1 iterations (i.e. 

mergers), hence the algorithm requires O(|V2|) time. This 

algorithms time complexity was further reduced by using 

max heaps in the order of O(|E|d log |V|), where d is the depth 

of the dendrogram describing the successive partitions found 

during the execution of the algorithm. 

IV. CONCLUSION 

We observe the potential of the algorithms presented in this 

paper is significant in virtual world as well as in the real 

world. Community discovery techniques help in discovering 

of useful patterns in the modern society and help reduce any 

type of problems occurring due to nature’s fury like floods, 

earthquakes, accidents etc. Community discovery algorithms 

serve multi purposes. One of them is rapid dissemination of 

useful information at the time of crisis. The community in 

social networks help to pass information at an unprecendant 

rate with which people can help each other. Researchers in 

this domain have challenges before them which are being 

actively worked upon and so we can conclude that 

discovering community’s social networks is an area which is 

significant for development of mankind. 
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