SN KREZZ2MTIER Y R b

Kyushu University Institutional Repository

Envisaging Modularity Detecting Communities in
Networks: Gephi Visuals

Gautam, Varsha
Division of Mathematics, School of Basic Sciences, Galgotias University

Gupta, Surbhi
Amity Institute of Applied Sciences, Amity University

https://doi.org/10.5109/7160929

HERIESER : Evergreen. 10 (4), pp.2390-2397, 2023-12. AMKZET) —V 50 /0 —FRABTE
,9_

N—o30:

YEFIBI{% : Creative Commons Attribution 4.0 International

2 KYUSHU UNIVERSITY




EVERGREEN Joint Journal of Novel Carbon Resource Sciences & Green Asia Strategy, Vol. 10, Issue 04, pp2390-2397, December 2023

Envisaging Modularity Detecting Communities in Networks:

Gephi Visuals

Varsha Gautam!®, Surbhi Gupta?

IDivision of Mathematics, School of Basic Sciences, Galgotias University, Greater Noida, India

2Amity Institute of Applied Sciences, Amity University, Noida, India

*Author to whom correspondence should be addressed:
E-mail: varsha.gautam@galgotiasuniversity.edu.in

(Received July 5, 2023; Revised October 27, 2023; accepted November 7, 2023).

Abstract: Understanding the intricate connections within networks relies on exploring their
connection patterns and extracting valuable statistics about their overall framework. Among the
various aspects of complex networks, community structure plays a crucial role in contemporary times.
Detecting and analyzing these communities is paramount in applications such as information sharing,
dissemination, recommendation systems, and classification. Modularity optimization presents a
formidable approach to discerning both the community structure within a complex network and the
internal structure of its nodes. This paper aims to contribute to the identification and visualization of
communities within networks, highlighting their distinctive attributes that set them apart from the
typical network structure. By employing graph theoretical analysis, our study utilizes the Gephi
software to detect and represent communities through their visuals with the aid of modularity and
also provides key statistical insights into the network. It explores the application of Gephi, a graph
visualization software, to visually represent these communities, providing insights that extend
beyond traditional network analysis. Additionally, we present a comparison between modularity and
the clustering coefficient, shedding further light on the network's characteristics. By using Gephi
visualization capabilities, we present a novel approach to gain deeper insights into network structures,
thus contributing to a more profound understanding of complex networks and their community

dynamics.
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1. Introduction

Internet, social and biological relationships etc. are
interesting and complicated system®2%), These systems are
made up of nodes and links forming networks*5®., Small-
world phenomenon?, power-law degree distribution, and
the presence of community structure®®® where nodes
cluster normally into closely linked modules, often called
communities, with only the barest of ties between them,
have all been discovered through research in a variety of
academic domains. A key structural component of
networks, which can simulate a variety of complicated
systems, is community structure'. The network design
could be enhanced for better system performance with a
better understanding of community structures®101213),
Identifying this ,one can unveil the framework and its
connections with the operational components of the
network like; a community in web as a group of pages
with the similar topics ,community as per interactions
among web services, a community in the network of
protein-protein interactions as a collection of proteins that
supports a single activity , a community in a social

network as a collection of users with similar interests or
professions, or a community structure of sensor data
related to information dependence among sensors41516:17),

Despite the enormous work done by a vast
multidisciplinary group of scientists, uncovering
community structure is a primary as well as difficult
subject in the field of network system research that is to
be adequately answered even today'®. This area has
become quite noticeable and popular. The most widely
used technique is modularity optimization.*® established
it as an important evaluation function for gauging
community structure in networks. To achieve a sizeable
community structure in a network, a high modularity
value is desired?®2Y. It determines the quality of module
division in a network. Good divisions with high
modularity values have substantial internal links between
nodes inside modules but few links between modules. Its
adaptability led to a wide range of applications.
Modularity is most commonly used as a foundation for
optimization method for recognizing network community
structure.

In this study, we visualize the network’s community
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structure in various forms using Gephi software to assess
the significant details of its vital statistics encrypted in the
community detection procedure. The research work done
here is aimed to do deep mining and visualize the data of
the network. The work here is organized as follows:
Section 1 introduces the overall problem, Section 2
summarizes the community structure, Section 3 describes
the community detection, Section 4 describes clustering
and clustering coefficient, Section 5 describes modularity,
Section 6 compares modularity and clustering coefficient,
Section 7 visualizes community detection by experiment

on real data and in Section 8 concluding remarks are given.

2.  Community Structure

A variety of traits have been discovered to be prevalent
in many networks. Many networks have the small-world
trait, heavy-tailed degree distributions, and clustering
such as networks in computing, information, biology, and
society. Another frequent attribute in networks is
community structure. The nodes of a network constitute
community structure if they can be readily united into
nodes group and each set is closely packed immanently.

This structure may be non-overlapping or overlapping
as per network construction. The network typically
separates into clusters of nodes with intense internal links
and a smaller number of links between groupings. The
concept asserts that if two nodes belong to the same
community, apparently, they are connected, and if they
don't, they are less likely to be connected. Using networks,
a number of technical significant mysteries can be
depicted and experimentally analyzed.

Social connections, biological patterns, internet,
metabolic networks, interconnections in food chains,
brain networks, and pathogenic networks and many more
so are naturalistic cases that can be mathematically
described and topologically investigated to exhibit some
surprising structural aspects?®?. The majority of these
networks have a community structure that is critical to
understanding the network's behaviour®?4, A tightly
connected social society, for example, will have a faster
rate of information or rumour transmission than a loosely
connected community.

The community structure is represented by a network
(Figurel), which is made up of nodes and links, where
community represents subset of nodes that are closely
associated to one another in same community and sparsely
associated to nodes in different communities?).

Fig.1: Community Structure in Networks

As a result, graph theory is useful for identifying
communities in networks, because communities may
differ from the typical network in terms of node degree,
clustering coefficient, betweenness, and centrality®®.

3. Community Detection

Community detection is used to unveil the structural
properties and dynamic behaviour of networks?"29),
Interacting and sharing knowledge has never been easier
because of the internet's democratization. This digital age
has ushered in a whole new manner of consuming,
learning, interacting, and forming relationships®, as well
as a massive amount of data that we can analyze to gain a
better understanding.

We can utilize the information obtained from grid of
connections between people or objects like Instagram
followers, Facebook users, co-purchasing of products on
Amazon etc®®, The discipline of community detection
tries to find strongly related groupings of people or items
inside these networks®”, which are referred to as
communities®?,

Community detection can assist a brand to comprehend
distinct groups of people's opinions about its products, can
target specific categories of people or find experts. It can
also aid trading websites to form a suggestion system
based on buying.

Figure 2 shows community detection in a network
where different colours show individual communities.

-.
." ; o

Fig.2: Community Detection in Graphs

4. Clustering

Clustering is the process of arranging items into sets
known as clusters, with each cluster including pieces that
are similar in some way®3343%), Depending on the areas of
interest and the goals that the clustering intends to attain,
there are numerous ways to define similarity criteria. The
clustering coefficient C is one of the most basic measuring
degrees of a network internal structure. The clustering
coefficient estimates the probability that two nodes with a
common neighbour are joined and is related to local
cohesion in a network.

Clustering coefficient is a measure used in graph theory.
It evaluates how intimately nodes in a graph incline to
cluster with each other. Research done in this field
exposes that in most networks, especially in social media
platforms, nodes build tightly knit groupings relatively
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with good number of connections; this likelihood is higher
than the average probability of a connection forming
arbitrarily between two nodes®,

There are two variations of this metric: global and local.
The global version is intended to show the comprehensive
clustering in the network, whereas the local version shows
the embeddedness of individual nodes.

For a given vertex #; and its d; adjacent vertices in an
undirected network, there are &max = d;(d; — 1)/2
potential edges between the adjacent vertices. The
clustering coefficient C; of vertex #i is then calculated as
the ratio of the number of edges & among adjacent
vertices to the maximum number &max correlations®®. The
clustering coefficient is also affected by the edge density
in the network. To distinguish this local clustering
coefficient with global clustering coefficient within the
network, an average value of C has to be computed and to
be examined that whether this value is indeed important
or not.

According to the definition, C can be represented using
the number of triads (three vertices connected to each
other) in a network. As a result, it is based on node triplets.
Three nodes are connected by undirected links to form a
triplet, either two open triplet or three closed triplets. As a
result, each node in a triangular graph has three closed
triplets, one for each node. Thus, global clustering
coefficient is the ratio of closed triplets (or 3 triangles) to

the total number of triplets including open and closed both.

Figure 3 represents clustering of data.

Raw data

Clustering of data

Fig.3: Representation of 3 clusters from 2D data set

5. Modularity

One measure of framework of graphs is modularity 37,
It was created to valuate the effectiveness of a network's
segmentation into different communities. A decent
network partitioning into modules should have as many
within-module edges as possible and bare minimum links
between-module.  Although, if we merely strive to
reduce the number of between-module edges (or,
conversely, increase the number of within-module edges),
the best partition is one module with no between-module
edges. Modularity refers to the grouping of nodes and
edges into distinct packets. When the density of intra-
modular connections exceeds that of inter-modular

connections, a threshold is set. The fundamental concept
behind the various threshold-creating algorithms is the
same. The fundamental principle of modularity draws
attention: At what point do intra-modular connections
outnumber inter-modular connections in density? To get
this answer, better methods for assessing the quality of
decomposition are required.

In order to quantify the intuitive feeling of community
organization, counting edges is not a useful technique. A
good and justified network partition is one in which less
margins across communities exist than expected.

Modularity can be used to quantify the assumption that
a statistically surprising positioning of edges corresponds
with network community structure ). Thus, the difference
of number of edges lying into modules and the predicted
number in an analogous network with edges inserted at
random, up to a multiplicative constant, is the modularity.

Assume that our network has » nodes. Let s; =1 if
node i is in group 1 and s; = 1 if it is in group 2 for a
specific network partition into two groups. Let A;; be the
number of edges between node i and j, which is typically
0 or 1, though bigger values are conceivable in networks
with multiple edges. The quantities A;; constitute
adjacency matrix A. At the same time, if edges are inserted
at random, the predicted number of edges between
vertices i and j is %, where d; and d; denote degrees
of nodes and m =124); d; represents the total number of
edges in the network. The summation of A;; — (?)

m

across all pairs of vertices i, j that belong to the identical
group, gives the modularity ¢?.

The expression 1/2(s;s; +1) valueis1ifiand j belong
to identical group and O otherwise, so mathematical
modularity can be given as
Q= ﬁzlj (Aij - %) (sis5+1) = ﬁzlj (Aij - %) sisi (1)

where the second term in equation is derived from the
observation that 2m =Y,;d; =¥;;4;; 7 The 1/4m
leading factor is just conventional. It is included since it is
compatible with A;;19.

We shall get ¢= 0 if the number of within-modules is
no better than random. A strong community structure is
indicated by values nearing ¢ = 1, which is the highest
value. If there is a community structure present, the values
for social networks analyzed by Newman range are
roughly from 0.3 to 0.7 %9,

Positive number indicates the presence of community
structure, whereas negative values indicate the absence of
community organization. As a result, checking for
network partitions can be used to explicitly search for
community structure. So, we can specifically locate
community structure by identifying network splits with
positive, and preferably large, modularity values.

Looking for modules with high modularity, according
to the evidence, is a very effective technique to find
communities.**4) maximized modularity over possible
partitions of computer-generated test networks by
employing simulated annealing. It was observed that this
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strategy of community detection surpassed all other
approaches that they were familiar of in direct
comparisons using standard measurements, in most cases
by a significant margin*?. Based on these findings, we
believe that maximization of modularity is currently the
best strategy for detecting communities. In this article
visualization of network has been done by Gephi software,
which further partitions the graph into different
communities based on modularity. It is also to note that
modularity has a resolution limit, so small communities
are not detectable.

6. Modularity vs Clustering coefficient

For graph clustering, modularity is a new quality metric.

In graph theory, clustering coefficient is a metric of how
intimately nodes in a network cluster together and
modularity measures edge density within communities as
compare to among communities. Both concepts are
interesting to measure clustering. One looks at density of
triangles compared to induced density of 2-paths and in
other edge densities in given clusters are compared to edge
densities between clusters.

Modularity quantifies the intensity of a network in
terms of modules (also called clusters, groups, or
communities*>*?). High-modularity networks possess
huge number of connections between nodes inside
modules, but limited number of connections between
nodes in distinct modules whereas clustering coefficient is
a measure of the degree to which nodes in a graph
gravitate to cluster together and specially in social
networks, nodes prefer to form integrated groupings with
a big volume of links. A graph with no triangles has
clustering coefficient 0 but may have high modularity.

Clustering Modularity
o o *® o
& F oo
S ”_1I ") :
e\ e & S
(o e e ®* g >
® ®

Fig. 4: Clustering coefficient vs Modularity in Network

Figure 4 clearly differentiates between clustering
coefficient and modularity in a graph. It quantifies the
number of neighbours of a specific node that are
interconnected and quantifies the local cliquishness, on
the other hand, modularity means that within clusters,
there is intense interconnectedness, while connections
between clusters are sparse?.

7. Community detection by experiment on
real data

Everything in the world is connected. These
associations are plain and convoluted at the same time.

Identifying these links and understanding their complexity
is not simple. To find these connections, complete data of
a data set is modelled as a network to emphasise, uncover,
or reveal the linkages or associations between distinct
components or nodes. Alternatively, network analysis
provides a 360-degree graphical representation of all the
connections between nodes. Several factors of network
analysis, such as degree, betweenness, closeness, and
network centrality, are key characteristics of a network
and can help you understand it better. Understanding
networks and their metrics is critical since these networks
serve as the foundation for quick information
distribution*¥.Community detection,or community under
standing, informs about the clusters and partitions within
the community in network so it plays a pivotal role to
understand patterns of collaborations and visualizing
networks. It aids with the comprehension of new ways to
present and handle data, as well as the conversion of that
data into useful and unknown information.

Zachary's karate club network is used in this study to
comprehend network community detection. Wayne W.
Zachary described the dynamics of university karate club,
Zachary's Karate Club, in his paper "An Information Flow
Model for Conflict and Fission in Small Groups"”. This file
record is well acknowledged for displaying community
structure, which results when nodes in a network can be
clustered together into strongly connected clusters.
Michelle Girvan and Mark Newman utilized Zachary's
Karate Club to demonstrate community structure in their
paper "Community structure in social and biological
networks" in 2002%). We used Gephi to design a network
using the Zachary's Karate Club dataset for visualization.
Figure 5 portrays Zachary’s karate club visualization.
Table 1 presents its some statistics as output whereas
Figure 6 depicts the community detection in this club
network. 4 communities are perfectly shown by four
different colour and to give best understanding and
visualize the network nodes have also been shown
increasing in size. Bigger the size, bigger its degree which
actually shows the number of acquaintances of particular
node.

Fig. 5: Zachary’s Karate Club Network
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Table 1. Node degree, clustering coefficient in Zachary Club

Network
Node | Di Ci Node | Di | Ci
1 16 0.150000006 | 18 2 1
2 9 0.333333343 | 19 2 1
3 10 0.244444445 | 20 3 0.333333343
4 6 0.666666687 | 21 2 1
5 3 0.666666687 | 22 2 1
6 4 0.5 23 2 1
7 4 0.5 24 5 0.400000006
8 4 1 25 3 0.333333343
9 5 0.5 26 3 0.333333343
10 2 0 27 2 1
11 3 0.666666687 | 28 4 0.166666672
12 1 0 29 3 0.333333343
13 2 1 30 4 0.666666687
14 5 0.600000024 | 31 4 0.5
15 2 1 32 6 0.200000003
16 2 1 33 12 | 0.196969703
17 2 1 34 17 | 0.110294119

Fig. 6: Modularity based community detection in Zachary’s
Karate club network

Another example has been taken from Marvel
Entertainment. It is been around for more than 70 years,
churning out book after book, building its different
characters and franchises, and even branching out into
films, television series, and video games. Marvel's
universe has grown so large over the years that keeping
track of everything via traditional ways has become nearly
impossible for this massive network.*)created the Marvel
Comics character collaboration graph and analyzed the
features of this universe. The issue is that the network is
far too big to be visualized well. As a result, taking a closer
look at the Marvel universe could supply us with some
intriguing information. Large clusters of superheroes who
debuted in the same franchise can be further investigated
using a network visualization of this dataset. Marvel
Universe Social network has 19090 nodes and over 5

lakhs edges. Visualization of this huge network is done
with the help of Gephi. Marvel Universe dataset network
is visualized by community detection and different
community structures. Following figures give glimpse of
this huge network.

Fig. 7: Marvel Universe Network

Table 2. Vital statistics output for Marvel Universe network
based on Figure 7

S.No. Statistics Output
1 Number of Nodes 19090

2 Number Of Edges 5,74,467
3 Average Degree of Nodes 13.824
4 Modularity 0.518

5 Number of Communities 19134

6 Number of Triangles 3804793

Figure 7 represents Marvel universe with its different
communities and Table 2 informs about various statistics
of this huge network where modularity is .518. Gephi has
beautiful aspect of showcasing network in different forms
and from different angle, so another layout of Marvel
universe has been shown in circle pack layout. Various
colors in Figure 8 show different communities of Marvel
universe. This community detection has been done on the
basis of modularity. The best-attained outcomes in terms
of modularity ¢and the community partitions are shown
in Table 3. To visualize it properly nodes of degree less
than 10 have been omitted and again statistics have been
stored as shown in Table 3.
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Fig. 8: Circle pack Layout of Marvel Universe Network

Table 3. Vital statistics output for Marvel Universe network
based on Figure 8

S.No. | Statistics Output

1 Number of Nodes 19090

2 Number of Edges 5,74,467

3 Average Degree of | 5.034
Nodes
Modularity 0.675

5 Number of | 19144
Communities
Number of Triangles 0
Number of paths | 12555954
(length 2)

8 Global Clustering | O
Coefficient

The Gephi visualization indicates that the characters
appear together and the strength of the connection
between characters of the Marvel universe. By setting
range for degrees of nodes in this huge network
modularity has been calculated. The stronger/super
clusters are visible and can be easily compared with the
weaker ones on colour basis. On comparing Figure 7 and
Figure 8 we natice significant difference between average
degree of nodes, global clustering coefficient and
modularity with the aid of Table 2 & 3.

8. Conclusion

The information can be displayed in an informative
manner using an interactive graphical representation. An
important challenge in Big Data is the graph-based
presentation of networks and the subsequent analysis of
those networks, which includes detecting relationships
and clustering them. This study attempted to establish a
framework for analyzing network data using community
detection. To visualize the network, graph theory metrics
are applied to network analysis. Nodes forming

communities in networks based on communication among
them have been partitioned.

With the growing growth of real-world network data,
new computational research has become increasingly
significant, and community detection has become a
critical component of network analysis. Apart from the
degree of each vertex, the work here reveals mutual
interactions among connected vertices. Because it
determines the shape and community partitions, the tuning
parameter modularity is important in network analysis. It
is a normalized dealing between edges covered by clusters
and squared cluster degree sums. This paper visualizes the
network on the basis of this popular clustering index
modularity. Different values of modularity and clustering
coefficient in each graph of Figure 7 and 8 also clarify the
difference between the two. Figure 8 graph with no
triangles have a clustering coefficient of 0 but have a
modularity as 0.675 which justifies the statement of being
modularity and clustering as two different measures in a
network. All visuals are prepared with Gephi software.
These nodes and connections can be displayed as a 360-
degree graph using Gephi visualization.

Acknowledgements

We would like to express our sincere gratitude to our
institution and all those who have contributed to the
completion of this journal article.

Availability of data and material

The authors certify that the data supporting the findings
of this study are available online and their links are:

1. http://networkdata.ics.uci.edu/data/karate/karate.paj
(Karate club data)

2.https://www.kaggle.com/csanhueza/the-marvel-
universe-social-network?select=hero-network.csv(data
used for Marvel Universe)

Code availability: Gephi usage

References

1) Feng, Chong, Ye Jianxu , Hu, Jianlu , Yuan,Hui
Lin,"Community Detection by Node Betweenness
and Similarity in Complex Network",
Complexity,(2021)(5): 1-
13,https://doi.org/10.1155/2021/9986895.

2) Anukriti Sharma, Sharad Sharma, Dushyant Gupta,
"Ant Colony Optimization Based Routing Strategies
for Internet of Things”, EVERGREEN Joint Journal
of Novel Carbon Resource Sciences & Green Asia
Strategy, 10, [Issue 02, 998-1009, (2023).
https://doi.org/10.5109/6793654

3) Dhawan Singh, Abinash Singh, “Role of Building
Automation Technology in Creating a Smart and

- 2395 -



Envisaging Modularity Detecting Communities in Networks: Gephi Visuals

4)

5)

6)

7)

8)

9)

10)

11)

12)

13)

Sustainable Built Environment”, EVERGREEN Joint
Journal of Novel Carbon Resource Sciences & Green
Asia Strategy, 10, Issue 01, 412-420, (2023).
https://doi.org/10.5109/6781101

Mortazavi, R. and Erfani, S., "An effective method
for utility preserving social network graph
anonymization based on mathematical modeling",
International Journal of Engineering, Transactions
A: Basics, Vol. 31, No. 10, 1624-1632(2018),doi:
10.5829/ije.2018.31.10a.03

Arpana Mishra, Rashmi Priyadarshini, Shilpa
Choudhary, R M Mehra,” Qualitative Analysis of
Intra-Class and Inter-Class Clustering Routing and
Clusterization in  Wireless Sensor Network",
EVERGREEN Joint Journal of Novel Carbon
Resource Sciences & Green Asia Strategy, 8, Issue 02,
358-373, (2021). https://doi.org/10.5109/4480718
Khalfan Nadhief Prayoga Wicaksono, Catur Apriono,
Data Rate and External Lighting Variations for Bit
Error Rate Measurement on A Simple Single LED
Visible Light Communication System”,
EVERGREEN Joint Journal of Novel Carbon
Resource Sciences & Green Asia Strategy, 9, Issue 04,
1231-1235, (2022). https://doi.org/10.5109/6625734
Watts, D., Strogatz, S. Collective dynamics of ‘small-

world”  networks. Nature 393, 440-442  (1998).
https://doi.org/10.1038/30918
M. Girvan and M.E.J. Newman, "Community

structure in social and biological networks". Proc.
Natl Acad. Sci. USA 99, 7821-7826. Proceedings of
the National Academy of Sciences of the United
States of  America. 99,(2002). 7821-6.
10.1073/pnas.122653799.

H.Cherifi,G. Palla, B.K. Szymanski, and X.Lu,” On
community structure in complex networks:
challenges and opportunities”. Appl Netw Sci 4,
117(2019). https://doi.org/10.1007/s41109-019-
0238-9

C.M. Rocco, K.Barker and J. Moronta, "Determining
the best algorithm to detect community structures in
networks: application to power systems". Environ
Syst Decis 42, 251-264 (2022).
https://doi.org/10.1007/s10669-021-09833-z

Bilal Saoud,” Community structure detection in
networks based on Tabu search”, Journal of Control
and

Decision,(2022), DOI: 10.1080/23307706.2022.214

6010

S.H. Lee, "Refinement for community structures of
bipartite networks". J. Korean Phys. Soc. 79, 1190-
1198 (2021). https://doi.org/10.1007/s40042-021-
00352-3

J. Zhu,C. Wang,C. Gao,F. Zhang, Z.Wang and X.Li,
"Community Detection in Graph: An Embedding
Method," in IEEE Transactions on Network Science
and Engineering, vol. 9, no. 2, pp. 689-702, 1 March-
April (2022), doi: 10.1109/TNSE.2021.3130321

14)

15)

16)

17)

18)

19)

20)

21)

22)

23)

24)

25)

- 2396 -

Han,Yuanbin,Cgen Shizhan,Feng
Zhiyong,”Empirical Studies on Community Structure
for Networked Web Services”,International Journal
of Computer Science Issues, Vol. 10, Issue 1, No 1,
ISSN (Print): 1694-0784 | ISSN (Online): 1694-
0814,(2013).

Zhang Teng, Bu Changjiang,”Detecting community
structure in complex networks via resistance
distance” , Physica A: Statistical Mechanics and its
Applications,  Volume 526, 120782,(2019).
https://doi.org/10.1016/j.physa.2019.04.018

T.Y. Chuang,K.C. Chen and H.\V. Poor,
"Information Centric Sensor
Network Management Via Community Structure",
IEEE  Communications  Letters 19(5):767-770,
(2015)(DOI:10.1109/LCOMM.2015.2409070.

M S Sumathi , J Shruthi , Vipin Jain , G Kalyan
Kumar Zarrarahmed Z Khan , "Using Artificial
Intelligence (Al) and Internet of Things (loT) for
Improving  Network  Security by  Hybrid
Cryptography  Approach”, EVERGREEN Joint
Journal of Novel Carbon Resource Sciences & Green
Asia Strategy, 10, Issue 02, 1133-1139, (2023).
https://doi.org/10.5109/6793674

S. Fortunato and C. Castellano,Community Structure
in Graphs. Encyclopedia of Complexity and Systems
Science,2009.

M.E.J. Newmanand M. Girvan, “Finding and
evaluating community structure in networks”, Phys.
Rev. E, Vol.69, No.2,(2004), 026113.

W. Li,Q. Kang, H.Kong,C.Liu and Y.Kang," A novel
iterated greedy algorithm for detecting communities
in complex network".Social. Network Analysis
Mining10, 29 (2020).
https://doi.org/10.1007/s13278-020-00641-y.
F.Oztemiz and A.Karci,"KO:Modularity optimization
in community detection”, Neural Computing and
Applications, 35, 1-15(2023).
https://doi.org/10.1007/s00521-023-08284-8.
M.E.Newman, “Modularity and community structure
in networks". Proceedings of the National Academy
of Sciences of the United States of America™, 103 (23),
(2006), 8577-8582.
https://doi.org/10.1073/pnas.0601602103.

H.Gul, F.Al-Obeidat, A. Amin, M.M. Tahir and F.
Moreira," A Systematic Analysis of Community
Detection in  Complex  Networks",Procedia
Computer Science,Volume 201, (2022), Pages 343-
350, https://doi.org/10.1016/j.procs.2022.03.046.
A.G.Spampinato, R.A.Scollo,V. Cutello and
M.Pavone,"Random Search Immune Algorithm for
Community Detection”, Soft Computing, 27(2023),
https://doi.org/10.1007/s00500-023-07999-z.
S.M.Salehi,A. Pouyan, "Detecting Overlapping
Communities in Social Networks using Deep
Learning”, International Journal of Engineering
(IJE), IJE TRANSACTIONS C: Aspects Vol. 33, No.


https://www.sciencedirect.com/journal/procedia-computer-science
https://www.sciencedirect.com/journal/procedia-computer-science

EVERGREEN Joint Journal of Novel Carbon Resource Sciences & Green Asia Strategy, Vol. 10, Issue 04, pp2390-2397, December 2023

26)

27)

28)

29)

30)

31)

32)

33)

34)

35)

3, (March 2020) doi:
10.5829/ije.2020.33.03c.01.

M.E.J. Newman,” The mathematics of networks”, The
new palgrave encyclopedia of economics. 2nd edition,
Palgrave Macmillan,2007.

S.  Chintalapudi and M.K.Prasad, "Mining
overlapping communities in real-world networks
based on extended modularity gain®, International
Journal of Engineering [1]Transactions A: Basics,
Vol. 30, No. 4, 486-492(2017), doi:
10.5829/idosi.ije.2017.30.04a.05.

H.Liu, J.Wei and T.Xu," Community detection based
on community perspective and graph convolutional
network", Expert Systems with Applications, 231,
120748 (2023).
https://doi.org/https://doi.org/10.1016/j.eswa.2023.1
20748.

M.Huang, Q.Jiang, Q.Qu,L. Chen and H. Chen,"
Information Fusion Oriented Heterogeneous Social
Network  for  Friend Recommendation via
Community Detection" Appl. Soft Comput., 114(C),
(2022). https://doi.org/10.1016/j.as0c.2021.108103
A. Mohammadi, H. Hamidi,” Analysis and
Evaluation of Privacy Protection Behavior and
Information Disclosure Concerns in Online Social
Networks”, International Journal of Engineering
(1JE), 1JE TRANSACTIONS A: Basics Vol. 31, No. 4,
1234-1239,(2018).

X.Liu,H.M.Cheng and Z.Y.Zhang, “Evaluation of
Community Detection Methods.” IEEE Transactions
on Knowledge and Data Engineering 32 :1736-
1746,(2020).

Zhao Yang, René Algesheimer, and Claudio
Tessone,"A Comparative Analysis of Community
Detection Algorithms on Artificial
Networks"(2016).Available at
SSRN: https://ssrn.com/abstract=2937843 or http://d
x.doi.org/10.2139/ssrn.2937843.

A. Vaidyanathan,M. Shore, M.Billinghurst, = “Data
in Social Network Analysis. In: Purvis M,
Savarimuthu, B.T.R. (eds) Computer-Mediated
Social Networking. ICCMSN 2008. Lecture Notes in
Computer Science(), vol 5322,(2009). Springer,
Berlin, Heidelberg. https://doi.org/10.1007/978-3-
642-02276-0_14.

R. Langone, C. Alzate and J. A. K. Suykens,
"Modularity-based model selection for kernel
spectral clustering,” The 2011 International Joint
Conference on Neural Networks, pp. 1849-
1856,(2011). doi: 10.1109/IJCNN.2011.6033449.
Ibtihal Qasim Kteew Al-Hussein, Reza Hesarzadeh,
Farzaneh Nassir Zadeh, "The Effect of Social
Responsibility Disclosure on Corporate Performance
in Five Arab Countries: Evidence on the Moderating
Role of Stakeholder Influence Capacity and Family
Ownership ", EVERGREEN Joint Journal of Novel
Carbon Resource Sciences & Green Asia Strategy, 9,

366-376,

36)

37)

38)

39)

40)

41)

42)

43)

44)

45)

- 2397 -

Issue 04, 939-949,
https://doi.org/10.5109/6622880
P.W.Holland and S. Leinhardt,” Transitivity in
Structural Models of Small Groups". Comparative
Group Studies, 2(2), 107-
124(1971).https://doi.org/10.1177/10464964710020
0201.

Ulrik Brandes, Daniel Delling, Marco Gaertler,
Robert Gorke, Martin Hoefer, Zoran Nikoloski, and
Dorothea Wagner, “On Modularity Clustering”, In:
IEEE Transactions on Knowledge and Data
Engineering. 20(2), pp. 172-188,(2008). Available
under: doi: 10.1109/TKDE.2007.190689.

T.N.Dinh, X. Li, and M.T. Thai, “Network Clustering
via Maximizing Modularity”,  Approximation
Algorithms and  Theoretical  Limits, IEEE
International Conference on Data Mining, 101-
110(2015).

M. Newman, “Fast algorithm for detecting
community structure in networks”, Phys. Rev. E Stat.
Nonlin. Soft. Matter. Phys. 69(6 Pt 2), 066133. doi:
10.1103/PhysRevE.69.066133. Epub (2004 Jun 18).
PMID: 15244693.

Roger Guimera  and Luis A Nunes Amaral,
“Functional cartography of complex metabolic
networks.” Nature vol. 433,7028 : 895-900,(2005).
doi:10.1038/nature03288.

Leon Danon,A.D.Guilera, J.Duch and A.Arenas,
“Comparing community structure identification".
Journal of Statistical Mechanics: Theory and
Experiment. (2005). 10.1088/1742-
5468/2005/09/P09008.

R. Gorke, P. Maillard, C. Staudt and D. Wagner,"
Modularity-Driven Clustering of Dynamic Graphs"
In: Festa, P. (eds) Experimental Algorithms. SEA
2010. Lecture Notes in Computer Science, vol
6049,(2010).  Springer,  Berlin,  Heidelberg.
https://doi.org/10.1007/978-3-642-13193-6_37.

M.1. Khotilin and Aleksandr Blagov,“Visualization
and cluster analysis of social networks”,International
Conference Information Technology and
Nanotechnology ,1638:843-850,(2016),doi:
10.18287/1613-0073-2016-1638-843-850.
F.V.Farahani,W. Karwowski and N.R.Lighthall,
“Application of Graph Theory for Identifying
Connectivity Patterns in Human Brain Networks: A
Systematic Review.” Frontiers in neuroscience vol.
13 585.,(2019). doi:10.3389/fnins.2019.00585.

R. Alberich, MJJulia and F. Rossello, "Marvel
Universe looks like a real social network”,2008
https://arxiv.org/abs/cond-mat/0202174.

(2022).


https://dx.doi.org/10.2139/ssrn.2937843
https://dx.doi.org/10.2139/ssrn.2937843



