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Abstract: The increasing significance of social networks has led to information propagation and community formation being an
interesting domain in data science. The data gathered from big social networks exhibit different community structures. These
communities attract various users who grow complex networks. The main goal is to identify the impacting nodes responsible for
community data flow. The Twitter network edges are considered in the study, which plays a vital role in representing the activities and
relationships developed among the community members. Different communities evolve when the network is analyzed using different
community detection algorithms. The network statistics are used for analysis by calculating the weighted degree distribution of nodes in
this study. The network is analyzed according to persistent clusters using community detection algorithms like the Spinglass, Walktrap,
Fastgreedy, Leading Eigenvector, Multilevel, Edge Betweenness, and Label Propagation. It is found that these measures are very useful
in community detection and observing the spread of information in social networks.
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1. Introduction
As social media networks have gained popularity, more

people join the Social Networking Services (SNS). It has
inspired a great deal of research into online social networks
to study human behavior and interactions. The resulting
sentiments that spread through these dynamically growing
networks have a global impact on the thought process
of those who are a part of such social networks [1],
[2], [3]. These networks are very large and have a high
growth rate with the passing time. Hence, the need to study
the structure and growth patterns of such networks that
have become mainstream for global audiences. Being large
networks, it comes up with computational challenges. On
the other side, analyzing these big datasets give a better
understanding of human social behavior. These networks
have also become a major source of marketing, advertising,
and promotions. They draw the attention of large com-
panies, corporations, and organizations to invest resources
in research and analysis of such networks. There are a
lot of examples of complex networks, such as networks
of airports, scientific collaboration networks, the network
of diseases, social media networks, crowd networks, and
communication networks [4], [5], [6], [7], [8], [9], [10],
[11], [12], [13] The different social media networks have
millions of users, and a high growth rate tends to provide
improved services to their users. These include discussion
forums, business and interest-related groups, games, music,
videos. The exchange of information results in a large

time duration spent on social networks by the users. The
situation in SNS (forums, social networks, blogs, etc.) can
be analyzed considering two factors; the number of users
and the strength of interaction among these users. The more
people on the social networks increase the informational
traces about different behavioral aspects. The impact of
online discussion forums, crowdsourcing, intelligent net-
works, virtual cooperation, and smart technologies points
toward observing and analyzing a mainstream platform in
today’s world [14]. The primary objective is to identify the
nodes that are main source for the community’s data flow.
The study considers the Twitter network’s edges, which are
critical in depicting the activities and relationships created
among community members. In this study, the Twitter
network is analyzed using different community detection
algorithms. The network statistics are used for analysis by
calculating the weighted degree distribution of nodes. The
network is analyzed according to persistent clusters using
community detection algorithms like the Spinglass, Walk-
trap, Fastgreedy, Leading Eigenvector, Multilevel, Edge
Betweenness, and Label Propagation.

2. Literature Review
Social media networks are also used for large-scale anal-

ysis in applications that use image tagging, auto suggests,
data indexing, etc. Datasets from online social networks
exhibit well-defined community structures with many user
participation. Therefore, resulting in complex and huge
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graphs that are computationally challenging. The nodes
that act as major information flow sources are essential
in the network. They need to be identified due to their
significance. They play a key role as connectors in the
network and sometimes between different networks [15],
[16]. The network science theory provides many methods
and models to understand and analyze large-scale networks
such as Facebook, Instagram, Twitter, LinkedIn, etc. The
different models rank nodes based on various measures
identifying the most influential nodes in a network using
different centrality measures. This identification also makes
it easier for newly developed nodes to connect to influential
and authentic resources in the network. Large organizations
also use these results in marketing and advertising to
invest in fewer resources and spread their word. Identifying
influential nodes has also become one of the important
problems in network science, information retrieval, and data
mining [17]. Another important measure in any network is
any node’s diversity. It shows how diversely any given node
connects with the other nodes in the network domain. It is
important to study the nature of the network, but there is
not much research done considering it as an important part
of understanding and studying the network semantics [18],
[19], [20]. The huge data extracted in raw form from the so-
cial networks also depicts other characteristics like big data,
semi-structured, high quality. A reflection of human society
attracts many researchers towards social network analysis.
But other than this, mining and analyzing this data is a
non-trivial task with two limitations; the incompletion and
dynamism of data. The information obtained from social
networks is incomplete since only partial information can
be collected from such platforms. Secondly, this information
has a high rate of dynamicity, as it keeps changing rapidly
with time [21], [22], [23], [24], [25].

3. Data Specification
For this study, 3500 tweets are collected about a specific

matter and from the population of these tweets. Fifty users
and their tweets are selected as samples by which the
network is formalized. A simple random sample technique
is utilized to attain the samples.

A. Network Statistics Used for Visual Analysis
Fifty nodes that have been filtered are used in this

network. At the same time, there are 669 edges between
these nodes. The ’edges’ are the connections among users.
The network is based on the people who tweet, their
followers, and those who retweeted, showing the network’s
diameter in which the tweet information propagated. There
are different colors and widths of edges to represent the
weight of edges. The thickest and darkest edges have the
maximum weight, and thinner and lighter shaded edges have
lesser weights.

Data items of tweets consist of the following fields:
• Name: The name of the user who tweeted.
• Username: The username s/he uses on Twitter as their
identity.

• Description: The description of the tweet (i.e., the main
topic or message conveyed).
• Followers: The number of followers that a user has on
Twitter describes the vastness of their circle.
• Number Statuses: Number of tweets s/he did on the topic.
• Time: The date and time of the tweet.
• Tweets: The actual tweet string as tweeted by the user.
It also includes a keyword RT if the tweet was not done by
the user but is a retweet of some other user.

B. Degree Distribution of Nodes
The degree of a node indicates the number of different

usernames connected to a given username. Table I depicts
the degree distribution for the tweets network.

TABLE I. Degree Distribution of Nodes

4. Methodology
In the user tweet network, we have designed our re-

search approach to revolve around the following research
patterns collectively:
• Correlation Analysis
• Observational Research
• Meta-Analytic Conclusion

A. Correlational Analysis
Correlational method is commonly used to ascertain the

relationship between the events being analyzed. It typically
denotes the degree of linear dependency between variables
and the effect of a change in one of the relationships
on the other variables. Correlation models and analysis
techniques are used in environments where we need a
predictive analysis based on the current understanding and
observations of the system. In this system, the correlation
among different users is calculated by observing the impact
of one user on the entire system in terms of influential nodes
[10].

B. Observational Research
The observational technique is used to simulate the

network using various strategies for community building.
Following that, the findings are analyzed to determine the
optimal strategy for detecting community development in
order to maximize coverage and assure information dissem-
ination throughout the network. The observational study is
concerned with concluding for the entire data population
through the analysis of a sample [10].

C. Meta-Analytic Conclusion
After the correlation and observational analysis of the

network, it is concluded using the meta-analysis strategy,
a statistical analysis that combines the results from many
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different scientific studies. The basic concept behind such
analysis is that some common features and characteristics.
It exists behind similar networks and graphs such that they
exhibit common traits to a certain extent. They start varying
in different characteristics that are a tradeoff between the
exhibitable features of the network [10].

5. Results and Discussions
A. Analysis of Weighted User Tweet Network According to

Persistent Clusters with Filtration, Spinglass Community
Detection
In the below analysis, the Spinglass approach is fol-

lowed, which is related to statistical physics. This approach
is based on the Potts model, where each node will be con-
sidered in one of the crystalline spin states. The connections
or edges show the tendency of the nodes to maintain their
spin state or to change the state. We further follow this
concept to analyze the network for various spin steps. The
final spin states that the network displays, in the end, are
considered to be the final structure of the community formed
in the network. Figure 1 represents, user tweet network
(50% filtered) with clusters represented according to the
spin-glass community. The network is shown by using a
heat map to show the cluster formation within the network,
with the node size depicting the influence of nodes (users)
and the edge weights denoting the strength of connections.

Figure 1. User tweet network (50% filtered) with clusters represented
according to the Spinglass community

B. Walktrap Community Detection
The Walktrap community detection works on random

walks. If we take random walks on the graph, we probably
stay within the community because very few edges lead
outside the community. After all, the community structure

is highly connected inside and has rare connections outside.
The results of this concept are used to merge different
graphs (communities) using a bottom-up approach. Figure 2
shows the user tweet network (65% filtered) with clusters
represented according to the Walktrap community. It has
generated the network by using weighted degrees with
colors corresponding to different characteristics of clusters
in the Walktrap community.

Figure 2. User tweet network (65% filtered) with clusters represented
according to the Walktrap community

C. Fastgreedy Community Detection
The Fastgreedy approach optimizes the network modu-

larity with a greedy behavior using the bottom-up approach.
All the nodes are assigned to different communities, and
the community formation process goes on iteratively by
merging communities. Each iteration is feasible and optimal
(each merged community increases the modularity with the
largest possible value). This process goes on iteratively up
to the point where there is no further increase possible.
The modularity of the network results in the output of
the community formation. The network is represented in
the heat map and dendrogram for better visual analysis.
The Fastgreedy algorithm is preferred because it gives fast
results and does not have any parameters for approximation
purposes. In Figure 3, the network is generated after 50%
filtered, using weighted degrees with colors according to
different cluster formations in the Fastgreedy community.
The colors of nodes represent the communities with the
edge weights denoting the weakness or strength of connec-
tions among the nodes in communities.

D. Leading Eigenvector Community Detection
This community detection algorithm follows the top-

down approach and aims at optimizing the community

http:// journals.uob.edu.bh

http://journals.uob.edu.bh


666 Hafiz Abid Mahmood Malik: Analysis of Social Media Complex System using Community...

Figure 3. User tweet network (50% filtered) with clusters represented
according to the Fastgreedy community

structure in terms of modularity. With each iteration, we
split the network graph so that there is a significant increase
in the network’s modularity. The leading eigenvector is
utilized for the network modularity matrix to determine the
network. The algorithm avoids further splitting highly and
strongly connected communities. In Figure 4, the user tweet
network after 50% filtered is shown. The clusters are rep-
resented according to the leading eigenvector community.
The network is generated by using weighted degrees with
colors corresponding to different community clusters in the
leading eigenvector community. The heatmap represents the
more influential nodes in the network with larger node sizes
and those with lesser influence with smaller node sizes.

E. Multilevel Community Detection
Multilevel community analysis has been utilized to study

the network characteristics of community formation. It is
started with the assumption that this weighted network has
N number of nodes. Each node is considered to be in a
different community, resulting in the number of commu-
nities equal to the number of nodes (i.e. N). Then, we
perform an intensive computation for each ith node by
considering all its neighbors’ j’ and finding the resulting
modularity if ’i’ was removed from its community and
placed in the community of ’j’. Then, we move ’i’ to the
’j’ community that gives the maximum modularity gain. If
no such condition arises, with a positive gain in modularity,
we leave ’i’ in its own community. We repeat the process
iteratively until no further positive gain is possible in the
modularity. In this iterative procedure, any given node may
be (is usually) considered more than once up to several
counts. The result of the algorithm is also based on the
sequence in which we consider the nodes. Although it has

Figure 4. User tweet network (50% filtered) with clusters represented
according to leading Eigenvector community

a little effect there is a variation in the output. In Figure 5,
the network is plotted using the weighted degree with the
colors representing clusters in the multilevel community.

Figure 5. User tweet network (50% filtered) with clusters represented
according to multilevel community
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F. Edge-Betweenness Community
Edge-Betweenness algorithm follows the concept of

hierarchical decomposition. We consider the initial network
and then start eliminating edges based on the decreasing be-
havior of Edge-Betweenness (absolute shortest paths pass-
ing through the edge). The edges that act as a connection
between different communities have a higher probability
of being present in multiple shortest paths depending on
the fact that in many cases, they might be the only source
to move from one community to another [26]. The Edge-
Betweenness algorithm generates good results but is com-
paratively slow due to its computational intensity of i*j
calculations of Edge-Betweenness values and further recal-
culations after any edge is removed. It can be observed from
the generated graph that the Edge-Betweenness community
(Figure 6) is not very useful in our case as it results in a
community through edge weight filtration. The number of
nodes with the shortest path is almost the same. The reason
is the high connectivity and density of the network.

Figure 6. User tweet network (50% filtered) with clusters represented
according to Edge-Betweenness community

G. Label Propagation Community
Label propagation algorithm, also known as connected

component detection. It follows a simple concept of as-
signing each node one of the k labels. The algorithm
then iteratively repeats the process of reassigning labels to
nodes such that each node is synchronously reassigned its
neighbor node’s label having the highest frequency. The
algorithm ends when each node has a label that is one of
the most frequent from its neighborhood. Although the label
propagation algorithm is fast, it does not produce results
based on the initial network configuration. Thus, converging
the network requires the iterations to be performed a large
number of times (i.e. more than 1000 in some cases

depending on the nature and behavior of the network). For
the user tweet network, the algorithm does not produce the
desired clusters of communities due to the high connectivity
of the graph. Even after filtration, we have avoided this
approach for its computation intensity.

H. Community Persistence Throughout Network Filtration
The network is analyzed using different community

detection algorithms. Each produces a result with different
variations, according to their concept and approach. Fig-
ure 7 compares four community detection methods (i.e.,
Multilevel community, Walktrap community, Fastgreedy
community, and Leading Eigenvector community). While
in Figure 8, a comparison among four community cluster
distributions (i.e., Multilevel, Walktrap, Fastgreedy, and
Leading Eigenvector) is shown. It increases the minimum
threshold value for edge weights in our filtered network.

6. Conclusion
As the world grows to connect socially, it becomes

more important to find the social influence of individuals
in any network. By keeping in mind that influence can
be used for different purposes. Such as advertising and
marketing, campaigning, implementing a cause, running a
successful business, promoting your thoughts. On the other
side, the most influential nodes can also be used to destroy
the network. The Walktrap, Spinglass, Fastgreedy, Leading
Eigenvector, Multilevel and Edge-Betweenness algorithms
are used for community detection and comparative analysis
of cluster formation and information propagation within
the network. The heat maps represented the strength of
connections through edge weights and how to reach the
other nodes through their size. The graphical illustrations
visibly highlight the community structure formation when
following each of the used algorithms. Another major
finding is that the Leading Eigen Vector algorithm forms
communities based on different numbers of clusters making
the network. They are less dependable and vulnerable as
breaking the link from a single cluster might lead to the
complete isolation of any node. There are multiple clusters
in the network. If a node breaks its link from one cluster,
there always will be an alternate path to reaching that node
through another cluster, increasing the network connectivity
and reachability. With this comparative analysis, the com-
munity formation and targeting a certain set of users or
audience will become convenient and quicker. One needs
to target the most centralized and influential nodes in the
network to spread information. In the future, other social
networks (Facebook, Instagram, LinkedIn, etc.) can also be
analyzed in this way.
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Figure 7. comparison among four community detection methods

http:// journals.uob.edu.bh

http://journals.uob.edu.bh


Int. J. Com. Dig. Sys. 11, No.1, 663-670 (Jan-2022) 669

Figure 8. comparison among four community cluster distributions
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