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Abstract: Community structure identification is an important task in social network analysis. Social communications exist 
with some social situation and communities are a fundamental form of social contexts. Social network is application of web 
mining and web mining is also an application of data mining. Social network is a type of structure made up of a set of social 
actors like as persons or organizations, sets of pair ties, and other interaction socially between actors. In recent scenario 
community detection in social networks is a very hot and dynamic area of research. In this paper, we have used improvised 
genetic algorithm for community detection in social networks, we used the combination of roulette wheel selection and 
square quadratic knapsack problem. We have executed the experiment on different datasets i.e. Zachary’s karate club [31], 
American college football [39], Dolphin social network [32] and many more. All are verified and well known datasets in the 
research world of social network analysis. An experimental result shows the improvement on convergence rate of proposed 
algorithm and discovered communities are highly inclined towards quality. 
 
Index term: community detection, genetic algorithm, roulette wheel selection, 
 
I. INTRODUCTION 
 
A social network is a branch of data mining which 
involves finding some structure or pattern amongst 
the set of individuals, groups and organizations. A 
social network involves representation of these 
societies in the form of a graph with the individuals 
as the vertices and the relationship among the 
individuals being represented by the edges [1].  
Certain individuals of a social network are said to 
belong to a community if they have large number of 
interconnections. Similarly two individual 
communities will have less number of connections 
between them. In normal terms, community structure 
is defined as the groups of vertices such that the 
number of edges within the individuals of each group 
is greater than the number of edges that connect the 
individuals of this group to the rest of the groups in 
the community network.  This complete process of 
finding the exact community structure of any given 
social network is called community detection in 
social network [2].Community structure in any given 
social network gives us an indication of some 
important pattern which may be hidden on normal 
analysis, and thus can help us to understand a lot of 
processes and phenomenon of social networks and 
communities better. This also helps when someone 
makes an application using the social network and its 
communities. 
The validity of the methods used for community 
detection in social networks is based on the 
“goodness” of the found communities, which is 
evaluated with the help of some quality function. The 
problem of identifying different communities in given 
social networks has been changed into an 
optimization problem, which involves a quality 
function first defined by Newman and Girvan [3], 

  
and this quality function, called modularity, gave an 
approximate measure of the validity of the formed 
community structure. For each subset, the partition is 
said to be better, if the number of excess of links in 
each module is larger than the number of excess of 
links in the random case. So, the best partition of the 
given social network will be the one in which the 
modularity has maximum value. Optimizing the value 
of the modularity of a community structure is a 
challenging task, since when the size of the social 
network increases, the number of partition will 
increase in at least exponential relation with the size. 
It has been recently proved that optimizing the 
modularity of a community structure for a given 
social network is an NP-complete problem,  [4] so it 
is not possible to find the exact optimum value of 
modularity in polynomial time with the help of a 
deterministic algorithm but we can find a good 
approximate solution in polynomial time using 
various techniques, like greedy agglomeration [5][6],  
simulated annealing[7][8][9], extremal optimization 
[10] and spectral division [11]. 
Community detection in social networks can be done 
with the help of genetic algorithm [12].The basic 
structure of a genetic algorithm involves three steps: 
Selection operation, crossover operation and mutation 
operation [13]. Selection operation involves selecting 
a certain fraction of individuals from the network as it 
is and copying them to the next generation. This 
selection is made for the best communities. This is in 
consistence with biological genetics assuming that a 
certain fraction of best or most fit individuals will 
survive. The crossover operation is like reproduction 
in biology. This involves mixing the genes of two 
individuals. Similarly in case of community 
detection, two individuals are crossover to form a 
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new individual in next generation. This individual has 
some of the genes of one parent and some of them of 
the other one. Mutation operation is identical to 
biological mutation in which some of the individuals 
adapt to form new species with changed genetic 
material. Similarly, in community detection using 
genetic algorithm, we modify the genes or 
characteristics of some percentage of individual to 
form a new species in next generation. 
Three types of partitions, possibilistic partitions, 
fuzzy partitions, and crisp/hard partitions for 
communities are possible. For fuzzy community 
partition, fuzzy c-means clustering [14] is used.  
 
II. LITERATURE REVIEW 
 
Community detection is an important research topic 
in the field of complex networks. Genetic algorithms 
have been used as an effective optimization technique 
to solve this problem. The earliest method was called 
the minimum-cut method. Then hierarchical 
clustering method came up. This was followed by 
Girvan Newman algorithm which was further 
optimized using modularity maximization. The 
algorithms in detail are: 
 
 Minimum-Cut Method [15]: In this method the 

number of partition was predetermined and then 
the network was divided. It was ensured that the 
division was such that the community was of 
approximately the same size. Also the number of 
intergroup edges is minimized. This method is 
less than ideal as it finds only a fixed a number 
of communities. 

 Hierarchical Clustering [16]: In hierarchical 
clustering, a similarity measure is defined. This 
quantifies topological type of similarity between 
nodes. Method used includes cosine similarity, 
jaccard index and haming distance between 
adjacency matrix rows. Similar nodes where 
grouped into one community. Two methods were 
used for this grouping: Single linkage clustering 
and complete linkage clustering. In the former, 
two groups are different iff all pair of nodes in 
different groups have similarity less than a given 
value. In the later, all pair of nodes within a 
group has similarity greater than a threshold. 

 Girvan Newman Algorithm: Edges that lie 
between two communities are identified and 
removed. Identification is performed by 
between-ness measure in which a number is 
assigned to each edge. This number is large if 
edge lie between many pair of nodes. This 
algorithm gives quality result but is slow with 
time complexity O(m2n) for a graph with n 
vertices and m edges. The steps of this algorithm 
include centrality computation, removal of edge 
with largest centrality, recalculation of centrality 
and iteration of the cycle from step 2. 

 Modularity Maximization [17]: This is the most 
widely used method. Modularity function 
measures quality of the community structure. In 
modularity maximization method, we search 
over all possible division of the network and 
obtain the division with high modularity. But this 
solution n intractable. Approximate solutions are 
made. Some of these approximate optimization 
method include greedy algorithms, simulated 
annealing and spectral optimization. The first 
greedy algorithm was proposed by Newman. 
This algorithm tends to form large community. 
In simulated annealing, the probabilistic 
procedure is followed and the global optimum of 
a function is found. Modularity optimization fails 
to detect clusters smaller than a particular value 
called resolution limit.  

In Fuzzy community detection algorithms, we define 
a soft membership vectors or belonging vector for 
each node. This is used to quantify association 
strength in each community. The following 
researches have been made in this field: 

 Nepusz used simulated annealing [18] 
method. He converted the problem into a 
non-linear constraint optimization problem. 

 Zhang used spectral clustering [19] 
framework and proposed an algorithm to do 
effective division of social network into 
communities. He used Fuzzy C-Means 
clustering [20] (FCM) to obtain the soft 
assignment. Users specify an upper bound to 
the number of communities. If this upper 
bound is k then, only the top k-1 Eigen 
vectors are computed. Both, accuracy and 
time complexity rely on the value of k.  

 In 2007, Newman and Leicht used a mixture 
models [21] and provided an appropriate 
Fuzzy community detection method. This 
was possible only due to probabilistic nature 
of the algorithm. In this, the number of 
communities is same as the mixture models. 
This number needs to be specified in 
advance.  

Researchers are being made in the field of fuzzy 
community detection using evolutionary algorithms. 
The following models were developed in the past: 

 Modularity-based Model: In 2004, Newman 
and Girvan devised an evaluation criteria 
called modularity denoted by Q. This 
criterion takes into account that the number 
of edges within a community are maximised 
and the inter-community edges are 
minimised. Higher the value of modularity, 
the better the solution is. However, this 
approach had several drawbacks [22]. Firstly 
optimizing Q has been categorised as an NP-
hard problem. Secondly, large Q values 
don’t always prove better community 
partition as random networks with no 
community structures can also have high Q 
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values. Thirdly and most importantly, Q has 
a resolution limitation, i.e. community with 
sizes smaller than a threshold value are not 
detected.  

 Multi-resolution Model [23]: This model 
was introduced to overcome the resolution 
limitation problem of modularity model. 
Pizzuti, in 2008, proposed a genetic 
algorithm for community detection using 
multi-resolution model. In this a community 
score evaluation is done taking into 
consideration that the number of edges 
within a community are maximised and the 
inter-community edges are minimised. 

 General Model: As we know for the best 
community partition dense links within the 
community should exist and sparse links 
between two communities should exist. 
Pizzuti and Pizzuti proposed an algorithm 
called MOGANet. In this he used fast elitist 
genetic algorithm for sorting which was non-
dominated. They defined two parameters, 
Community Scores (CS) and Community 
Fitness (CF). Butul and Kaya improved the 
MOGANet by using meta-heuristics [24]. 
They used enhanced firefly algorithm [25] 
followed by harmony search algorithm [26] 
and chaotic local search. Zhang and Li 
proposed a decomposition based method 
[27].  

 Signed Model: Signed networks are 
networks in which the vertices have friendly 
or hostile relation between each other 
depending on the sign assigned to them. 
Gong, in 2014, proposed a PSO framework 
which included two parameters, Signed 
Ratio Association (SRA) and Signed Ratio 
Cut (SRC). In 2013, Amelio and Pizzuti put 
forward a model using NSGA2 framework. 

 Overlapping Model [28]:  A consideration 
was taken that a node that connects multiple 
communities with similar strength may be 
fuzzy. For example, if a node i has l links to 
both community A and B then i must be a 
fuzzy node.  

 Dynamic Model: Dynamic model takes into 
consideration evolving networks. This is a 
model which can be used in case some of the 
nodes or edges disappear. Dynamic 
networks help in predicting change 
tendency. Thus community detection is 
challenging in dynamic networks. In 2010, 
Folino and Pizzuti used Temporal 
Smoothness Framework, i.e. they ignored 
changes in the community for a short period 
of time. A bi-objective optimization problem 
was proposed to solve community detection 
in dynamic networks. Normalized mutual 
Information [29] (NMI) is a similarity index 
used in Information Theory. Given A and B 

as two partitions of network NMI (A, B) 
gives the similarity between the two 
partitions. If NMI (A, B) = 1 the partition is 
same. If NMI (A, B) = 0 then the partition is 
completely different.  

 
III. PROPOSED WORK 
 
In this paper, we have done different type of 
experiments on genetic algorithm and check the 
performance of modified GA. I have done the 
modification in the algorithm but not change in 
internal architecture.  
Input: In this Genetic algorithm, input datasets in the 
form of adjacency matrix and some other input 
parameters given below in Table 1. And Table 2. 
Parameter Value Description 

m 1.7 Used in determining the 
membership of each node 

cp 0.1 Percentage of individual 
selected directly 

npc 10 Number of individuals with 
given number of partition 

pm 1.0 Mutation percentage 
pc 0.9 Cross-over percentage 

Occmax 10 Number of occurrences of 
generation with termination 
condition  

ᵋ 10-5 Termination condition 

tmax 100 Number of iterations 
cmin 2 Minimum number of 

partitions of social network 
cmax 10 Maximum number of 

partitions of social network 
Table 1:  Values of different parameters  

Output: partition and the cover matrix (U). 
Terminal condition: return the best individuals. 

Dataset Symbol Vertices Edges 
Karate K 34 78 

Dolphin D 62 159 
PolBooks P 105 441 
Football F 115 613 

Jazz J 198 2742 
Sawmill S 36 62 
LesMis L 77 254 
Words W 112 425 

Metabolic M 453 2025 
 Table 2: Description of the datasets used 
We proposed the following two changes in GAFCD 
[30] to improve the final modularity value and NMI 
value for the fuzzy community detected: 

 While calculating the modularity value (Q-value), we 
calculated the contribution of each community 
separately, while also maintaining the combined Q-
value of each individual of the population. Q value 
was given by the trace of a c*c matrix, where 
c=number of communities. The matrix was given by 
U*B*U'. So for all of the c communities present in 
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this matrix, we stored the diagonal values in a vector 
called Q per community. 

  In the fuzzy crossover function, after applying 
Roulette wheel selection for calculating the optimal 
number of communities in the crossover child, 
random selection of individual communities was done 
from the union of the communities of the two parents. 
Instead of doing a random selection in this step, we 
used the Q per community vector calculated above to 
select the individual communities from the union. We 
applied Roulette wheel selection in this step. 
Experiment analysis 
The experiment was conducted on Microsoft 
Windows 10 Home Single Language ©2015 64 bit 
operating system using a MATLAB 11 programming 
platform with Intel (R) Core-i5 1.70 GHz processor 
and 8.0 GB RAM.  
Datasets description 
In this experiment, we have to use the number of well 
known datasets in the form of adjacency matrix. All 
the employed dataset description is given below. 
1) KARATE: This dataset is about study of a karate 
club network by Zachary. The network consists of 34 
members of a karate club as nodes and 78 
connections among members representing friendships 
in the club which was observed over a period of two 
years [31]. 
 
2) DOLPHIN: Bottlenose dolphin’s network study of 
dolphins living in Doubtful Sound, New Zealand is 
also used for evaluating communities. The network 
was divided into two groups depending on the 
association patterns of dolphins [32]. 
 
3) POLBOOKS: A network of books about recent US 
politics sold by the online bookseller Amazon.com. 
Edges between books represent frequent co-
purchasing of books by the same buyers. The network 
was compiled by V. Krebs and is unpublished, but 
can found on Krebs' web site [33]. 
 
4) FOOTBALL: A dataset showing the fixtures, 
results and attendance of football games played by 
Leeds United football teams [39]. 
 
5) JAZZ: This is the collaboration network between 
Jazz musicians. Each node is a Jazz musician and an 
edge denotes that two musicians have played together 
in a band [34]. 
 
6) SAWMILL: This is a communication network 
within a small enterprise: All employees were asked 
to indicate the frequency with which they discussed 
work matters with each of their colleagues on a 5 
point scale ranging from less than once a week to 

several times a day. Two employees were linked in 
the communication network if they rated their contact 
as three or more. We do not know whether both 
employees had to rate their tie in this way or that at 
least one employee had to indicate strength of three 
or more [35]. 
 
7)LESMIS: Co-appearance network in the novel 
LesMis [36]. 
 
8) WORDS: Adjacency network of common 
adjectives and nouns in the novel David Copperfield 
by Charles Dickens [37]. 
 
9) METABOLIC: KEGG Metabolic pathways can be 
realized into network. Substrate or Product compound 
are considered as Node and genes are treated as edge 
[38]. 
 
IV. EXPERIMENTAL RESULT & ANALYSIS 
 
We compare MGAFCD with GAFCD, MSFCM and 
GALS on 10 real-world data sets that are described in 
Table II. Metabolic Network is an undirected, 
weighted graph, but it has 15 loops or self-
connections (none of the algorithms here can handle 
these loops). Here, we simply remove these loops to 
make Metabolic Network a simple graph. Karate and 
LesMis datasets are weighted and undirected, while 
all the other data sets are undirected and unweighted. 
. The different steps involved in SGA are: 
 Initialization: Before evolution, a population of 

individuals are randomly initialized. 
 Fitness Evaluation: In every iteration, the 

competitiveness of individuals is first evaluated 
on the basis of a quality function and a fitness 
score is assigned to each individual by this 
quality function. m= 1.7, npc=10. 10 partitions 
with each community size from cmin to cmax are 
generated and taken as single individuals. 
Population size=npc*(cmax-cmin+1) 

 Survival of the Fittest: Individuals are selected 
for crossover and mutation with pre-define 
probabilities pc and pm respectively. pc= 0.9, 
pm=1.0, cp=0.1 

 Evolution: The selection process guarantees that 
an individual with a higher fitness score will be 
chosen with a higher probability.  

 Iteration: After a new generation is produced, 
SGA terminates and returns the best individual 
of the current generation if some stopping 
conditions are satisfied. Number of 
iterations=100 
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 Figure 1: Dolphin, Q=0.5285, c=5  
 Figure 2: Karate, Q=0.4449, c=4 

 

 
Figure 3: Jazz, Q=0.4452, c=4          
Figure 4: Metabolic, Q=0.4447, c=9 

 
In this paper, Fig 1,2,3,4 represents fuzzy community 
partitions of our given dataset or social network. In 
these figures, relative sizes of each of the 
communities are shown.  
 Figure 1 represents partition of Dolphin 

dataset. It forms 5 communities with 12, 20, 9, 
16 and 5 nodes respectively. This partition 
gives Q value as 0.5285. 

 Figure 2 represents partition of Karate dataset. 
It forms 4 communities with 5, 6, 11 and 12 

nodes respectively. This partition gave a Q 
value of 0.4449. 

 Figure 3 represents partition of Jazz dataset. It 
forms 4 communities with 53.4, 62, 21.6 and 
61 nodes respectively. This partition gave a Q 
value of 0.4452. 

 Figure 4 represents partition of metabolic 
dataset. It forms 9 partitions with 36.75, 60, 
44, 11, 74, 107.25, 7, 93 and 20 nodes 
respectively. This partition shows a Q value of 
0.4447.

 
 

  Algo.   K D P F J S L W M 

  
MSFCM 

  0.4129 0.3963 0.4596 0.5266 0.398 0.3279 0.4897 0.0052 0.2588 
   0.0001 0.0043 0.0009 0.0008 0.02 0.0001 0.0108 0.0013 0.0118 
      
mean 

Q GAFCD 
  0.4449 0.5285 0.5272 0.6046 0.4452 0.5501 0.5667 0.3107 0.4261 

std Q  0 0.0001 0 0 0 0 0 0.0009 0.0014 
    

  
GALS 

  0.4449 0.5282 0.5272 0.6045 0.4448 0.5501 0.5313 0.3094 0.4153 
   0 

0.0004 0 0.0003 0.0001 0 0.0013 0.002 0.0068 
                     

  

MGAFCD 

  0.4449 0.5285 0.5275 0.6046 0.4452 0.5503 0.5667 0.3107 0.4415 
    0 0 0 0 0 0 0 0.0005 0.005 
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MSFCM 

  0.4132 0.3991 0.4601 0.5268 0.4078 0.328 0.4971 0.0083 0.2876 
   3 4 3 10 4 5 5 9 7 
      
Qbest 

GAFCD 
  0.4449 0.5285 0.5272 0.6046 0.4452 0.5501 0.5667 0.3126 0.4287 

c  4 5 5 10 4 4 6 7 9 
    

  
GALS 

  0.4449 0.5285 0.5272 0.6046 0.4449 0.5501 0.5439 0.3121 0.428 
   4 5 5 10 4 4 6 7 18 
      

  
MGAFCD 

  0.4449 0.5285 0.5275 0.6046 0.4452 0.5503 0.5667 0.3126 0.4447 
   4 5 5 10 4 4 6 7 9 

Table 3: Compared Performance Of Community Detection Algorithms
 

Table 3 shows the values that we compared between 
the MSFCM, GAFCD, GALS and our algorithm, 
GAFCD. It involves modularity values, i.e. Qbest, Qstd 
and Qmean. In that experiment, MGAFCD modularity 
values increased by an approximate factor of 0.02 in 
the metabolic dataset and more datasets. We also 
received improved values of Qstd in comparison to 
MSFCM, GALS algorithm for all datasets. For some 
of the smaller datasets like Dolphin, Qstd decreased 
(and thus improved) in comparison to GAFCD. But, 
for some of the bigger datasets like Metabolic, this 
value increased, making the communities found a bit 
inconsistent, though with better modularity. In 
datasets like Karate, Dolphin and Football, partition 
found is crisp as was in the implementation of 
GAFCD. But for datasets like Jazz and Metabolic, 
fuzzy communities are observed. GAFCD and 
MGAFCD has same number of communities for 
Metabolic dataset but different Q values. This is in 
consistence with the fact that we have selected the 
optimal number of communities in the way similar to 
the way GAFCD did. But, we have improved the 
algorithm in selection of communities that form the 
next generation individual. Thus, it shows same 
number of communities but different modularity 
value.  
 
CONCLUSION & FUTURE WORK 
 
We have a successfully modified the existing 
GAFCD algorithm. The existing GFCD algorithm did 
the following: It made a fuzzy partition of the 
network using one step FCM initialization. It treated 
each partition as an individual. The modularity value 
for the partition was used as the objective function to 
evaluate each partition. These partitions were then 
sorted according to these modularity values. Then 
certain percentage of individuals was directly selected 
for the next generation. Next, crossover was done. In 
this we combined the two parents. Suppose parent 1 
has c1 communities and parent 2 has c2 communities. 
Then the child made can have the number of  

 
communities ranging from 2 to c1+c2. We calculated 
average fitness for all the communities with a given 
number of partitions. Then Roulette Wheel selection 
was done to obtain the optimised number of 
communities in the child. Then mutation was done 
which involved modifying each column of partition 
using qpip solver assuming that the other columns 
remain the same. The modification we did proved 
effective for large dataset like metabolic as it used 
informed selection. It was not quite effective for 
smaller datasets as random selection and informed 
selection will select almost the same set of 
communities. Also, mutation operator will modify the 
partition of smaller datasets easily thus eliminating 
the need for informed selection. Whereas, in case of 
large datasets, the modification increased the 
modularity values and made a difference. We can 
further modify the algorithm by including non-
mutated partitions in the set as well. In the future, we 
will put our efforts to enable our GAFCD workable 
for large social networks. With the assumption that 
large social networks are usually sparse graphs, we 
will attempt to reduce the time cost for computing Qg 
for a fuzzy partition. Meanwhile, we will work 
towards a new effective and but more efficient 
algorithm to replace the current mutation operator. 
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