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Abstract

Nowadays, social media (or social networks) have expanded rapidly.
People use social media to share their opinions, ideas, and feelings. They
publish various content types like text, images, and videos and interact
between them utilizing social attributes such as mentions, hashtags,
reposts, and likes. People tend to build clusters based on relationships with
others, such as interacting or publishing the same topics or opinions.
Community detection was presented as a method to find communities in
social networks by dividing a network into groups of closely connected
users. Community detection is a big challenge when analyzing social
media due to its structure and diversity of resources. The current studies
concentrate on a structural network which only depends on links between
users to detect communities. These works may not analyse the
communities well because they depend only on links and nodes in the

network.

The proposed model was developed and exploited different techniques
to enhance the Leiden community detection method. The first technique
exploits the Latent Semantic Analysis algorithm (LSA) with hashtags to
discover users topics to improve community detection performance.
Using LSA with community detection gives the communities more
contextual information. Second, employing mention and retweet
attributes to build interaction networks. Third, a Support Vector Machine
(SVM) is utilized to get users opinions about a particular topic. Fourth,

the topic, sentiment, and retweet with mention were exploited to calculate



a new weighted network. Finally, a new weighted network can enhance
the quality function of modularity and a Constant Potts Model (CPM) for

community detection methods.

Several experiments have been done on different Twitter and
benchmark networks. The results have shown improvement in the quality
of community detection for modularity and CPM when the topics,
sentiment, retweet, and mention exploit to get a new weighted network. A
new weights network calculation increases the quality of a Leiden method
for modularity from 0.7984 in link relationship to 0.8234 and CPM from
0.7514 and 0.8488 in link relationship to 0.9133 and 0.9637. whereas, A
new weights network calculation increases the quality of a Leiden method
on the Zakary Karate Club dataset for modularity from 0.4198 in link
relationship to 0.4647 and CPM from 0.5282 and 0.6865 in link
relationship to 0.7447 and 0.8295.

Vi
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Chapter One Introduction

1.1 Overview

In the recent decade, social networks have grown very rapidly. Millions
of people are interested in using social networks such as Twitter and
Facebook. The structure of social networks is interesting because it
provides insight into how users interact with others. Social networks let
people connect over the internet to share their opinions, feelings, and
ideas. Users can easily share information, connect with others, and
participate in online discussions. Users tend to create groups to exchange
thoughts or events on social networks [1]. Awareness of these social
subgroups provides additional insight into the structure of these networks.
It's similar to the idiom, "Birds of a feather flock together," that people
with similar interests, personalities, characters, or other distinguishing
characteristics tend to associate with one another, as seen in Figure (1.1).
Each color represents a community of users connected closely between

them and less with other users in other communities.

The Twitter social network was established in 2006 with a few
thousand users, but recently, it includes over 190 million active users on
Twitter daily [2]. Twitter is short text (post), including misspelling words,
abbreviations, emoticons, and non-conventional syntax. Replies,
mentions, hashtags, and retweets examples of features on the Twitter
social network. Twitter data has grown over the years, but all this data is
worthless unless analyzing what users post and react on Twitter by finding
topics, sentiment, or clusters (communities). The extraction of critical

information and connections from Twitter datasets is still a big challenge.



Chapter One Introduction

a
® @ ° ® oy o 0®
e?e 00 00 0ge ,*
o 0,°%°50%000 4 °

® %0 g% 000 o,
o°°°g°°30000 . o
°5.°° °3°.°. U.

L 90, ° LK ©
o o Q@ ®9

o0 o Sevye

00 2% %00%0% 00 00, ®

o0 °°°o‘oo°°o..°.’o
0P 04000 00, 00
o® ®

© °

Figure 1.1 Communities in Social Network

Therefore, understanding the structural and interaction of Twitter social
networks is critical in research. A Twitter social network consists of users
represented by vertices that link and interact with other users or
organizations by edges. A community represents a graph in which vertices
represent a set of users and edges represent the relations between users
[3]. Users create communities in a social network. Communities are
groups of vertices connected more closely between them than other
vertices in the network [4]. Community detection is a process of grouping
similar users into the same cluster. However, this process is a difficult task

in the social network. Several communities detections methods were
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proposed starting from Newman [5], the Louvain algorithm [6], Label
Propagation [7], and Infomap [8]. These approaches have used only the
link structure of the network. They may not accurately determine the
community members because of the sparse and noisy network topology
of social networks such as Twitter. The network changes rapidly due to

dynamic changes in users interaction.

Other researchers have used only the user content to determine topics
(communities) in large documents such as Latent Dirichlet Allocation
(LDA) [9], Latent Semantic Analysis (LSA) [10], Probabilistic Latent
Semantic Analysis (PLSA) [11], and Nonnegative Matrix Factorization
(NMF) [12], but the results are inappropriate because these topics model
algorithms only depended on the text [13]. Therefore, deriving topics from
the Twitter short text (tweets) is a big challenge. The number of words to
build frequency of co-occurrences between terms is low. Furthermore,
some researchers used text content to classify user opinion into positive,
neutral, and negative. Users frequently share their sentiments about
specific events and topics on the social network. Sentiment analysis
algorithms such as Naive Bayes (NB) and Support Vector Machines

(SVM) were used to find users sentiments [14].

These algorithms may not analyze and determine the communities well
because they only depend on one factor, such as users’ text or link
relationships among users. The social networks have many user contents
and attributes that should not be taken as separate from the structure of
network during analysis. Some researchers addressed the problem of lack

of content by considering user content to supplement link networks in

4
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community detection by combining them to improve the quality of

community detection algorithms [15][16].

However, community detection algorithms are an essential process in
social networks used to detect user communities. In this dissertation, the
work has developed a model for combining user content and user
attributes to enhance the performance of social network communities

detection.

1.2 Motivation

One of the most critical questions in social networks is communities.
How can determine clusters of the network that users are connected
closely between themselves and less connected with the rest of the
network? How users' properties and interaction with each other effect on
detection and performance of community detection algorithms.

The vast and rich data on social networks call for developing
communities detection algorithms and analyzing user content and
attributes by looking at how network structure is affected by user content
and user attributes. Communities detection algorithms have shortcomings
when analyzing social networks due to only depending on link
relationships among users. Users have the text and other information
(mention, replay, hashtag) that provide more data to consolidate the
connection on social networks. This dissertation attempted to utilize
content and attributes on the Twitter social network by combining topic
modelling and sentiment analysis with link relation to enhance

community detection.
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1.3 Challenges

Recently, community detection has been one of the interesting areas of

networks analysis because of the rapid growth of the social networks.

There are many challenges in this work:

1-

There is a lack of social networks datasets that have users' content
and relationships in the same dataset. Furthermore, The ground truth

of structure and text dataset is nonexistent.

Collecting data from social networks faced some difficulty. Several
posts contain no text, such as pictures or emoji. Some posts were
advertisements of events or company products. Many posts are
duplicated text. Therefore, social networks data needs several
preprocessing to convert unstructured data into structured data

acceptable for analysis.

The labeled data is scarce, and unlabeled information is abundantly
available. Therefore, data should be manually classified to train

supervised classification algorithms to find the opinion of users.

Incorporating content and other attributes on community detection

algorithms is complex and need multiple data resources.

The biggest problem with discovering communities is when it only

depends on structural networks. It does not help study and analyze the

community more accurately and know how to market through it. Thus, it

leads to a lack of information that can help know the discussion topics and

users' feelings within the communities.
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1.4 The Aim and Objective of Dissertation

The detection of communities intends to find a group of closely
connected users in the network published on Twitter. Communities
detection assists analysis of users' information on Twitter. Enhancing and
developing the community detection algorithms strategy was the main
aim of the work in this dissertation.

This work's objective is to create communities in a new way based on
contextual content and structural network. This information helps to
analyze and enhance the discovery of communities using the community
detection algorithm that allows companies and researchers to analyze
customers' opinions about specific products or topics rather than only
depending on network relationships.

Therefore, the proposed model uses content and attributes to improve
communities' detection using the topic modelling technique and sentiment
analysis with retweets and mention Twitter attributes. Topic model and
sentiment provide more information that can help update the edges
weights of the network. The current model utilizes a new weighted
network to enhance the quality of modularity and a Constant Potts Model

(CPM) for Leiden community detection.

1.5 The Contributions of the Dissertation

This study will help researchers and companies enhance and develop
community detection algorithms by adding more helpful information on
communities rather than only dependent on network relationships. The

contribution of this dissertation are summarized as follows:

7
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1- Improving community detection algorithms for identifying
communities in a new way based on contextual content and
structural network by incorporating users' topics and opinion
information with retweets and mention networks to calculate a new

weighted network which has helpful information.

2- Detection has been improved through the LSA that exploits

hashtags to discover hidden topics in the tweets.

3- Using sentiment analysis to reveal the users’ trends in what is
appropriate for the researcher’s work in these communities. Some
trends were set manually by tagging tweets to create a training

dataset that the sentiment methods use.

4- Construct dataset by downloading tweets from Twitter and
processing them to build valuable data in this work. This dataset
contains texts, relationships, and trends that can use by other

researchers in future works.

1.6 Related Works

Most previous social network research has focused on discovering the
communities from the structure networks using community detection
algorithms [3][17]. The traditional community detection algorithms have
been successful in identifying communities from social networks such as
Newman [5], Louvain algorithm [6], Label Propagation [7], Infomap [8],
and Fast Greedy [18]. However, these approaches only looked at one
feature (links) while neglecting other features to detect communities in

the social network. Further research proposed a solution to this problem
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by integrating users' content information with link relationships in

communities detection algorithms to increase the quality of communities

detection. All the related studies are listed below with additional details

and summarized in Table (1.1).

1-

The authors in [3] suggested a Balanced Link Density-based Label
Propagation algorithm (BLDLP) developed from the Label
Propagation Algorithm (LPA). It used a balance parameter that
replaced the random selection of labels. This method addressed the
uncertainty problem of random sampling in the LPA using different
values of a balance parameter to achieve various quality outputs. The
proposed approach benefits from certainty and stability in the output
results. In contrast, its time complexity is still close to the fundamental
LPA and less than other methods.

The authors in [17] built a new Leiden algorithm that overcome the
community connects badly problem on the Louvain algorithm. Node
communities detected by the Louvain algorithm may disconnect from
each other. Leiden is an iterative algorithm that guarantees that nodes
inside communities are well connected and that all subsets
communities are assigned optimally. The algorithm exploits the notion
of fast local moving and moving nodes to neighbors randomly to
reduce time complexity and improve detect quality. The results
showed that the Leiden method is faster than the Louvain method and

detects more suitable communities.

In [19], The authors proposed three stages method that proposed

combining the central nodes identification, the label propagation, and

9
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community merger stages. Central node identification identifies
central nodes based on the distance between nodes. The label
propagation represents nodes labeled with the same colors if they
accomplish maximum similarity. The two communities merge if they
increase the modularity. The method was tested on the real world and
synthetic networks. The results showed that three stage model
performs better than other widely used methods. This approach has

high complexity for large networks.

In [20], the authors studied online user discussion on Twitter to detect
the user community's opinions about vaccination. This work analyzed
Twitter data first, then used the retweet network, which represents the
user interactions. For this aim, two aspects are utilized: topic relevance
factor and kurtosis of vaccination coverages. Topic relevance factor
determines the importance of vaccine topics in a specific country.
Kurtosis is estimating the diffusion changes of vaccination coverages
rates. Community detection algorithms are applied on retweet
networks to identify vaccine communities. Various network metrics
are authors calculated to identify the most relevant users and analyze
their social effects. The results showed that these approaches could be
utilized to find social conversation communities providing helpful

knowledge to enhance immunization techniques.

The authors in [21] proposed Attracting and Recommending Degree
(AR-Cluster) graph clustering algorithm to detect communities in
social networks. A novel collaborative similarity metric is used to

cluster nodes together in the AR-cluster approach based on calculated

10
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8-

similarities among vertices to calculate node similarities. A K-
Medoids framework adopts to clustering graph. The results have
shown that the AR-Cluster approach performs well compared to the
other three techniques (Weights (W) Cluster, Similarity Attributes
(SA) Cluster, Local- Global cluster- Collaborative Similarity Measure
(LGC-CSM)). This approach is challenging to use for large social

networks.

In [22], the author presented classifying community discovery
methods based on the similarity of their results. They built Algorithm
Similarity Network (ASN), in which vertices are the community
detection algorithms and edges set between them if they return similar
groupings. This work attempts to build a similarity based
categorization of community detection techniques that two methods
provide identical communities. The results showed that the ASN

discovered well-separated groups compared to other methods.

The authors in [23] provided a methodology for analyzing the
performance of community discovery methods using visual analysis
and statistical to help decision making. Infomap and Louvain, two
community detection algorithms, are tested on four real-world
networks datasets with various characteristics to identify appropriate
community detection algorithms for a specific dataset. The results
showed the similarities and differences between algorithms using

statistical and visual analysis to help decision-making.

Local and Global node Influence-based community detection

(LGIEM) proposed in [24] to discover communities. A centrality
11
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measure based on local and global knowledge LGI is used to discover
influential users by local attributes and global attributes. Overlapping
communities merged to obtain the cluster construction. This method
evaluated the node influence method (LGI) using Susceptible—
Infected—Removed (SIR) distribution model. The results showed a
new technique, LGIEM, more accurate than other similar techniques.

This approach is time complexity for large social networks.

The authors in [25] proposed a new overlapping community detection
algorithm based on density peaks (OCDDP) to detect communities. A
distance matrix computation approach is initially presented. After that,
a three-step technique for selecting community cores is used to
calculate the centers of the clusters. Finally, they developed a node
allocation mechanism based on membership vectors. The efficiency of
OCDDP performs well when dealing with simple networks compared
with the existing techniques, while OCDDP still performs well with

complex networks.

10- In [26], the authors proposed a novel framework for Twitter user

clustering to discover political preferences by combining community
detection with the force-directed graph method to find political
clusters. Hard links and soft links are used to construct networks. A
hard link is a link between two users who follow each other. A soft
link is a link between two users if one user follows the other. The
quality of this clustering technique is assessed against a subset of

human-labeled user profiles.

12
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11- In [27], a hierarchical clustering procedure is built on user
relationships and interests networks to find the communities. They
used semantic analysis and the following/follower relationships to
calculate edge weight to improve community detection. The original
network changed into a new network, including the undirected and
weighted edges. The weights generate using the direction and interest
vectors in the original network, and the edge weights are used to find
the similarity between edges. The hierarchical clustering algorithm is
used to identify communities based on the edge-weighted similarity.
The results showed that the proposed method performs better than the

CF method, improving the precision.

12- A new technique was proposed in [16] to identify influential
communities in social networks by using emotional behavior and users'
profile. This method depended on the content of each user post to
identify user emotions based on the influence metric of the user on a
particular topic. This approach assigned each user a specific influence
metric to detect the most influential communities. The method
outperforms the popular modularity optimization method used in
related studies. This technique suffers when analyzing a complex

social network.

13- The authors in [28] studied the impact of sentiment analysis on users'
behavior in social networks. They used three Twitter datasets related
to people who share links between them and people who talked about
a specific subject. Sentiments have analyzed the relation between

people to positive, negative, or neutral. Then, a k-core community

13
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detection algorithm is used to discover communities, then track
changes in users' sentiments in communities. In all three datasets, the
result has shown a strong link between positive sentiment and
community size. The positive sentiment is spreading more frequently
on communities members than negative sentiment over time. Its effect

on the community performance includes birth, merge, split,...etc.

14- In [29], the authors have proposed a novel method called Multi-View
Clustering via Robust Nonnegative Matrix Factorization
(MVCRNMPF) that combines content information and link to discover
community. This method used the link and content in users' data to
complete each other and form a multi-view robust Non-negative
Matrix Factorization (NMF) model with co-regularized constraints.
This technique can understand the contribution weights from content
and link data, saving much work on adjusting the weight value. The
results showed that MVCRNMF achieves better than state-of-the-art
approaches and gets higher-quality communities. This approach is

time complexity for large social networks.

15- The authors in [30] enhanced the community detection algorithm by
integrating a semantic similarity with Fast-Greedy optimization of
Modularity (FGM) to deal with the complex social network. The
enhanced FGM has combined with the spatial clustering of
applications to discover geo-located communities within the detected
topical communities. This approach has limited analysis of large
networks because of the manual clustering of text. The results showed

that communities relevant to specifying locations where reported

14
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disaster-related happenings could be extracted. The enhanced

algorithm is better than the generic one in this task.

16- The authors in [31] showed how to detect specific topics by applying
the social network detection method. Communities contain different
interests and content that use flow-based community detection
techniques to identify groups in the debate concerning health care. The
markov stability and role-based similarity methods are applied to
analyze a set of Twitter care datasets that offer information to
policymakers on how to connect successfully with a Twitter audience.

The results showed Twitter is effectively a communication medium.

17- The authors in [32] enhanced community detection by combing
knowledge graphs. They combined metrics of the context information
of users with other attributes using hierarchical concept maps, which
are used to influence the search for perfect concept generalization. The
similarity node attributes are integrated with a variety of generalized
concepts for detecting communities. A community detection technique
improves topic generalization and community structures. The results
showed that the proposed method improves the F-measure and Jaccard
20% better than the existing state-of-the-art of community detection

techniques.

18- The authors in [33] proposed a new method to detect local
communities and common interests of users using a constructed graph
by an edge attributed multilayer network of Twitter membership lists.
This approach found communities semantically homogeneous and

identified targeted and overlapping communities from a local
15
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multilayer network. The results showed that the proposed method
performs better than global community detection approaches. Also, It
Is fast as good as local community detection approaches. This method

neglected the temporal development of local communities.

19- The authors in [34] presented a new approach that considers user
interactions and message content to detect communities. This method
represented interactions with users by retweet relations and messages
contents with semantic similarity of users. They used topics exchanges
between users to improve detects communities using traditional

community detection methods.

20- The authors in [35] proposed applying topic model and community
detection in Twitter to cluster similar users who discuss the same
topics and communities from the Human Papilloma Virus (HPV)
injections network. Dirichlet Multinomial Mixture (DMM) and latent
Dirichlet allocation methods with Louvain and Infomap community
detection used to discover communities and topics of the users from
social networks. This approach provides a helpful way to describe the
community's opinion in public health applications. The results showed
that the proposed model achieved higher alignment values while the
number of topics was lower. The limitation of this approach did not
consider the temporal topics or the community structure in edges

weights.
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1.7 Dissertation Organization
There are five chapters in the dissertation. Each chapter begins with a

brief introductory overview of the subject. The remaining parts of each

chapter are as follows:

e Chapter 2: covers general information on social network analysis,
topic modelling, sentiment analysis, and community detection
techniques. The tools used for evaluating these techniques in social
networks.

e Chapter 3: Illustrates the proposed improved community detection
algorithm model by integrated topic modelling, sentiment analysis, and
link relationships of users on Twitter.

e Chapter 4: presents and discusses the experimental results of the
enhancing Leiden community detection model on a Twitter social
network.

e Chapter 5: describes the dissertation-derived conclusions and provide

recommendations for future work.
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Chapter Two Social Networks Analysis and Community Detection

2.1 Overview

Many social networks websites have emerged that allow
communication among users and create communities discussing different
aspects of users' lives. These communities are used to exchange ideas,
thoughts, collaborate, and make friends via social networks. Users can
share and discuss a particular event or concept, such as a new movie in a
cinema, a new product, a specific accident, or anything in the real world
by posting text, images, and videos. The development of social networks
sites has led to appearance need to analyze what people talk about and
interact between them by finding topics under discussion and discovering
communities. Community detection analysis is the procedure of
identifying the clusters or communities on social networks. communities
is one of the most crucial components of a social network. Graphs are used
to analyze relationships between users on social networks to cluster users
in different communities, which can be helpful in many applications in
the real world. This chapter provides background information about the
analysis of the online social network. It focuses on models and algorithms
used to analyze social networks. The topic model derives topics from short
texts such as LSA. Then, sentiment analysis methods classified the feeling
of users about topics into texts and the community detection algorithms

used to detect communities.

2.2 Social Networking
Today, researchers consider social networks a necessary component of
connections between people in the world. The network formation and

spread of information have grown research rapidly that studies online
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social networks. The primary step for social network analysis is the large-
scale analysis of communication links, text contents, and information
spreads. There are millions of active daily people on social networks.
Social networks are social structures of people or companies linked by
relationships representing users' shared interests or ideas [36]. It consists
of users defined by nodes (vertices) that link and interact with other users
or organizations by the edge [37]. The structure of these networks is
interesting because it provides insight into how people interact with one
another. People tend to have a lot of mutual friends, which creates a social
network. People with similar interests, opinions, and choices are more
likely to connect in a social network, making different virtual
communities or clusters. Communities are a set of more closely connected
vertices than the rest of the network's vertices. The technique of grouping
similar users into a cluster is known as community detection.

Many people in social networks like Facebook and Twitter own billions
of interactions among them, making analyzing these communications
more complicated. Twitter has emerged as the most popular platform for
research among social networks because most data on Twitter is public by
default and can be quickly accessed via the Twitter Application Program
Interface (API) [38]. Twitter is one of the active social networks regarded
as one of the top-rank online social networks than others. It is a
microblogging website that allows users to share their opinions and ideas
known as "tweets" [39]. A tweet is a short text restricted to 140 characters,
but the limitation was doubled to 280 characters in 2017 for non-Chinese,
Japanese, and Korean languages [40]. Unfriend users can just read

publicly observable tweets, while friend users can post, reply, comment,
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and retweet text. Any user can be followed by another user. As a result,
each user has a group of followers (people who get your tweets) and
followings (people whose tweets show on your page). Tweets can contain
images, URLs, and videos. In addition, it may include several other
features such as hashtags, retweets (RT), mentions, and replies (see
Figure 2.1).

Mention

SpaceX @ DSpacex - 81 J,
Mora photos from last night’s Falcon 9 launch of \'s double asteroid
adirection te >

redirection test . ) lalcon - —— Illl\h['.lL'

R

Reply Retweet Like Share

Figure 2. 1 Twitter Tweet and Features [41]

A hashtag is a "#" symbol followed by a relevant keyword or phrase
(i.e. '#nature’). Hashtag highlighted the significant content in tweets,
allowing users to classify them and find them more quickly in search.
Hashtags can indicate topics, concerns, and issues that the user has
emphasized. Hashtags have become a social concept. Several social

networks use them as a simple way to express an idea, opinion, event and
23



Chapter Two Social Networks Analysis and Community Detection

represent term (or phrase) in a brief text. The process of posting hashtags
to individuals, locations, or events refers to social tagging. Therefore,
Twitter allows users to see all tweets that include a particular hashtag by
creating a group of tweets with that hashtag. Users can use more than

hashtags in tweet posts to indicate the topic of the published message.

A Retweet (RT) is re-post another user tweet. The retweet feature
allows users to fast share the tweet with all users who follow the tweet's
author. The simplest and formal way to retweet a post is to click the
retweet button at the tweet. In an informal approach, Users may put the
"RT" symbol at the beginning of tweet to rewrite other user tweets, then
mention the user, followed by a colon, and tweet content. Twitter lets
users retweet their tweets as well as those of other users [41]. The retweet
network is a directed weighted network; nodes describe users, and edges
reflect the retweet relationship. The direction of an edge refers to the
direction of information spreading, while the edge weight is how many
times a user retweets another user's tweet [42].

A mention is referenced username of another individual anywhere in
the body of the tweet preceded by the "@" symbol (i.e., Hi "@John").
Mentions are frequently used to ask users questions, express respect for
someone. The profile of a mentioned user is updated. A mention network
is a directed weighted network; nodes describe users, and the edges reflect
the mentioned relationship. The direction of an edge refers to the direction
of user interaction, while the edge weight is how many times a user

mentions another user's name in the tweet body.
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A reply is a user's ability to respond to a tweet of another user. It's one
of the simplest ways to join in on a Twitter conversation as it occurs. The
majority of tweets received at least one reply. The reply network is a
network the nodes define users, and the edges reflect reply occurrences at
a specific period. The individual can respond to a tweet by clicking the
prompt above the tweet. Usernames will not be appended at the beginning
of the tweet, allowing the user to use all of the permitted characters in

your response.

Twitter has many user network attributes used to create different kinds
of networks that help enhance social network analysis. Twitter is very
noisy content and messy that require a preprocessing phase at the
beginning to extract relevant words when analyzing. Tweets have several
mistakes, vague terms, numbers, emoticons, unnecessary characters,
isolated nodes (vertices), and edges. These difficulties have made using
traditional social network analysis methods to find communities on
Twitter more challenging. The researchers analyze Twitter social
networks in three approaches based on what kind of information is used
to study. Twitter can analyze tweet content, the network structure, or their
combination. As a result, considering these three types of analysis: content
analysis, structural analysis, and hybrid analysis are described below
[43][44].

2.3 Content Analysis of Social Network

Social Networks content is easily understandable by users in the natural
world, but it is challenging to automatically interpret text, images, and
video by machine to extract these data. Users' text contains ambiguity of
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words, unstructured text, slang words [45]. This type of content analysis
requires the use of machine learning algorithms to convert unstructured
text into structured. Natural language processing is one of the most
prosperous research areas in this context. Content analysis algorithms
were split into three ways: supervised, semi-supervised, and unsupervised
learning.

Supervised algorithms need training before they are employed. First,
the training data are annotated by humans. Then, supervised algorithms
are trained with this labeled dataset. The labeling datasets is often manual
and may need professional people to do it. The social network has become
an essential source of extracting people's sentiment. Supervised sentiment
analysis is a quick and straightforward technique to learn about people's
feelings, opinions, and actions to any product, incident, or event. Users'
can be classified text into subjective and objective approaches. The
subjective process refers to any opinion, review, or discussion, while the
objective process includes any neutral content based on facts. The goal of
sentiment analysis is to categorize subjectivity-related text into several
domain groups [46]. People can discover their interest using sentiment
analysis on comments and posts collected from social networks sites. A
sentiment analysis method is prepared with the help of labeled data to
predict the negative, positive, neutral sentiment. The supervised sentiment
methods are usually used to process large datasets. However, manual
labeling text for sentiment classifier is extremely difficult and time-
consuming. Although collecting a large dataset from social networks has
become more available for sentiment analysis, labeling these records

remains challenging, limiting the actual size of sentiment analysis.
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Supervised classification methods are usually used on Twitter, such as
Naive Bayes, Logistic Regression, and SVM [47][48].

In other situations, labeling the dataset is even impossible.
Unsupervised algorithms, unlike supervised algorithms, do not require
labeled training data. It learns from the dataset to discover the most
common rules that apply to all data. The size of Twitter content is vast
due to each tweet is a separate document. Therefore, reading separately
all tweets is not possible. These tweets are none labeled, which need an
unsupervised approach topic modelling to find a topic [49]. The tweets
usually contain a mix of topics that each subject consists of a set of words,
and each tweet consists of a group of topics. Topic model is a statistical
procedure for identifying latent topics in a set of documents [50]. It uses
a text-mining mechanism for finding latent semantic topics in a text [51].
Topic models usually work by grouping documents with similar words in
a matching set of documents [52]. The group documents by their dominant
topics, with each topic containing a list of keywords. The topic model
should produce separate topics that humans can understand. Topic words
should all relate to the same cohesive subject with minimal overlap with
other topics' concepts. Topic modelling is used to determine which topics
are present in the dataset. It creates a probabilistic mixture of words
representing word co-occurrence patterns. Various research has studied
topic methods to extract topics. For example, Latent Semantic Analysis
(LSA) is one of the oldest algorithms that exploit the relationship between
documents and terms using a term-document matrix. LSA uses the
singular value decomposition (SVD) [53]. Tweets on Twitter are

frequently short and contain a lot of unnecessary characters and
27



Chapter Two Social Networks Analysis and Community Detection

misspelled words. These tweets can result in a small number of
overlapping words in the set of tweets. As a result, it becomes challenging

to determine text-based semantic relations for topic detection.

Semi-supervised learning has much interest in content analysis studies
because it can minimize the demand for costly labeled data. Many
unlabeled data and a few numbers of labeled data were available online.
[54]. A semi-supervised strategy is beneficial when labeled data is limited
and unlabeled information is readily available. Semi-supervised
algorithms learn from both label and unlabeled datasets to build rules and
classifiers [55]. The purpose of semi-supervised learning is to find out
how combining labeled and unlabeled data impacts behavior and to
develop algorithms that take advantage of it. Semi-supervised learning
can also be used as a quantitative technique to study human category
learning when most of the input is unlabeled [56]. Content analysis

methods are discussed in turn in the following subsections.

2.3.1 Preprocessing

Frequently, a social network text contains some meaningless words. It
Is often assumed that these words do not affect the meaning of the text.
For example, Twitter will have irrelevant words, emaciation, symbol,
numbers, emails, and websites links. They exist in part to meet linguistic
requirements and user requirements. Before any content analysis can be
done, it is challenging to discover topics or sentiments from a collection
of posts on social networks using topic modelling and sentiment
algorithms because of unstructured text. Before content analysis, these

terms should be eliminated from tweets to avoid unexpected errors and
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save computational resources. Therefore, posts are cleaned by converting
the unstructured text into a more understandable structured format for
analysis. The preprocessing procedure is cleaning stopwords, stemming,

lemmatization, and tokenizing.

All hyperlinks and non-alphabetic characters like punctuation and
digits were eliminated from each text throughout the cleaning process.
The text was then be separated by space to produce the list of words. The
text was changed into a bag-of-words (BOW) corpus, in which each text
is divided into a list of the words. The sequence of words in a BOW corpus
IS unimportant [49]. Further, tweets contain many stop words and famous
English words that have no purpose or meaning, such as articles,
prepositions, and punctuations. The preprocessing ensures that the topics
and classification produced by topic modelling and sentiment analysis are

meaningful and not dominated by the exact top words.

The stemming process is the way of grouping a word's many forms into
a single representation, called the stem. In other words, stemming is
responsible for obtaining root words by eliminating affixes from the text's

words or converting the verb into a noun. For example, "running,"” "runs,"
and "run " could all be simplified to a single word, "run". After eliminating
the prefix, suffix, insertions, and combinations of prefixes and suffixes,
the stem or root of the term remains [57]. In contrast to the steaming
process, lemmatization examines the entire vocabulary when applying
morphological analysis to words. In other words, The process of

collecting together a word's inflected forms. For example, "running" could
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all be simplified to a single word, "good". Lemmatization is often
considered more informative than stemming.

Tokenizing is the process of separating a sentence into single words
(tokens), which can be words, symbols, phrases. The sentence in the
analysis is divided into several parts, each of which will contain the words
that make it up. The purpose of tokenization is to analyze the words in a
sentence. The token list is utilized for other processing as text mining or
parsing [57]. Tokenization is helpful for lexical analysis. At first, text data
IS just a string of characters. The words in the dataset are required for all
content analysis operations. As a result, a parser is required for document
tokenization. It rapidly turns an unstructured text into structured data
suitable for content analysis. Example of sentence " Life consists of
decisions and each one you make creates who you are" the word

tokenization are " Life ", "consists"”, "of ", "decisions"”, " and ", "each ",

one ", "you ",

, creates”,

make whao", "you", "are".

Part-of-Speech (POS) is the process of classifying words into their
lexical units and identifying them correctly. Lexical classification or word
classes are terms used to describe this procedure. These tags assign each
word a lexical group depending on its syntactical discourse and purpose.
The English tag signifies whether the word is a noun, adjective, verb,
pronouns, conjunctions, interjections, adverbs, and prepositions. It's more
challenging to detect part of speech tags than to assign words to their part
of speech labels. As a result, POS labeling is not easy work. Sentences
contain a variety of tags. As a result, having a consistent mapping for POS
tagging is unacceptable [58]. For example, in the sentence™ Baghdad is a

beautiful city,” the tag will be (Baghdad, NNP), (a, DT), (is, VBZ),
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(beautiful, JJ), (city, NN). The purpose of the preprocessing stage is to

increase the analysis accuracy.

2.3.2 Term Frequency - Inverse Document Frequency (TF-IDF)

TF-IDF has been popularly used for word or phrase extraction. It is a
numerical technique used to assess the importance of a term to a document
in a collection of documents by multiplying two measured: term
frequency and inverse document frequency. As a result, terms like (if,
who, and that) often appear in all documents, have fewer scores because
they don't mean anything in the document. Nevertheless, if the term
(happy) frequently occurs in one document but not in others, it can be very
important. The term (happy) will undoubtedly be related to the subject's
dependability.

A TF-IDF is a mathematical calculation that the term frequency counts
how many times a term occurs in a document. The term frequency can be
modified based on the size of the document or the raw probability of the
most commonly utilized term in the document. The inverse document
frequency of the term over a set of documents indicates how frequent or
rare a term is among whole document collection. The value is near zero
when the word is regular in the corpus. The logarithm is divided by the
total number of documents by the number of documents having a word.
The TF-IDF term score is calculated by multiplying term frequency and
inverse document frequency values [59]. The higher value of TF-IDF
refers to the critical term is in the document. On Twitter, the TF-IDF score
for the term i in tweet j from tweets set D was calculated as in

mathematical equations below:
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No.of reptitions of word in a tweet
TF =Yool rep ! (2.1)

No.of word in a tweet

Number of tweets

IDF = log (2.2)

Number of tweets containing the word
TF — IDFLJ = TFi,j X IDFl (23)

Where TF; ; refers to the number of occurrences that term i occurs in
tweet j, IDF; is the logarithm of dividing the number of tweet N by the
number of tweets containing term i [60]. TF-IDF has been used on

different applications like text analysis for data mining [61].

2.3.3 Latent Semantic Analysis (LSA)

LSA is an unsupervised analysis approach to extract the latent semantic
structure from a set of documents. Latent means the hidden concept in the
data. Deerwster introduced LSA in [10] to improve information retrieval
by considering conceptual content rather than matching similar words and
reducing the dimensionality of a matrix using Singular Value
Decomposition (SVD). LSA is a topic model algorithm for automatically
determining hidden topics in a corpus. It describes the meaning of a word
as the average meaning of the documents [57]. The meaning of a
document is defined by the average meaning of all words in the
documents. LSA shows word-word relationships that are closer to human
recognition [62]. LSA measures word occurrence count information and
inferred essential relations and meanings between words in the document.
According to scientific evidence, when people write text, the vocabulary

they use reflects the meaning of the text. However, words may have
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different meanings in different documents. LSA can extract latent
meanings from texts. Traditional clustering algorithms cannot deal with
synonymy and polysemy in documents. Synonymy has referred to many
terms to guide to a similar topic. Polysemy refers to the concept that a
term can carry multiple meanings or relate to various objects [51]. For
example, if a user uses the word "automatic™ and “electrical”, clustering
algorithms group only documents that contain words related to
"electrical™. However, if the document contains the word " automatic™, the
user may not get the desired outcome. The LSA method deals nicely with

synonymy, described as different words or phrases with the same

. nn e
w*m

k*d
w*k

meaning.

Documents

Words

Documents

Words

Figure 2. 2 Decomposition Word-Document Matrix [10]
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LSA processes the words in the corpus to build a word-document
matrix to indicate the link between term occurrences in documents. The
rows of a word-document matrix represent words (dictionary), while the
columns represent various documents. Dictionary is a set of all words that
appear in at least one document in the dataset. The element of the word-
document matrix represents the number of times the term occurs in each
document [63]. TF-IDF value can replace the word frequency of the word-
document matrix to show important documents. This matrix is often
sparse, with rows representing words and columns representing
documents. The LSA applies the SVD to the word-document matrix that
decomposes the original word-document matrix into three matrixes as in
Figure (2.2). The orthogonal W, a diagonal S, and a transpose matrix from
the orthogonal D are three matrixes. This decomposition only kept the
essential dimensions associated with the highest singular values of the co-
occurrence matrix that provided a low-rank approximation of the word-
document matrix. The rank approximation is to reduce unnecessary data
from the original dataset. SVD decomposes this matrix to derive k number
of topics. Figure (2.3) shown the LSA steps. The k topics can be obtained
by training the topic model algorithm with LSA. a different number of k
to identify the best topics. The number of a topic must less than the
number of words. Therefore, learning the concrete structure of documents
might allow to assess a document at the topic level rather than the word
level. SVD is used to reduce matrix dimensionality, representing a
semantic matrix to capture the relationships between words and
documents. The SVD can be expressed mathematically as an Equation

(2.4) [10].
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X = Wyum X Smam X Dg*m (2.4)

It can show the new word-documents matrix of rank k closest to X as an

Equation (2.5).

)’2= Wk XSk XDI’I(~ (25)

Where X is the word documents matrix with size wx d (w is the number
of words and d number of a document). W and DT represent the rank k
reduce matrix with a size equal to t x k and k x d. S is the diagonal matrix

of singular values. k is the mount of dimension reduction of matrix.

Latent Semantic Analysis

/ \/“....,\,/ \/ \

Singular value
Raw Text Data »‘ Document g ‘
» Decomposition Inpi(‘s
Matrix

\/\ /\_/\ /

_________________________________________________

Figure 2. 3 LSA Steps [10]

2.3.4 Support Vector Machine (SVM)

SVM s a supervised classification model that tries to find a proper
hyperplane to split the data samples [64]. The principle of classification is
to maximize the margin among classes. In other words, it attempts to

maximize the partition borders among data points depending on the
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classes. The minimum distance between data points and hyperplane are
called support vectors. Linear support vector machine is the most
fundamental concept to find an appropriate separation hyperplane in the
training sample dataset. Since the maximum margin is desired, it is crucial
to compute the margin in the sample area. The following equation

illustrates the division of the hyperplane [65]:

WTx+b=0 (2.6)

Where W represents a standard vector that specifies the orientation of
the hyperplane. Displacement represents by b defines the distance
between the origin and the hyperplane. Assume the hyperplane can

correctly classify the training data using the following formula:

WTx+b>1, y=1

2.7
WTx+b< -1, y=-1 @7

Where y = 1 for positive classification, and y = -1 for negative
classification. SVM used training data {¢,, ..., t,,} which represent vectors
in space and labels {L,,..., L, } where L; € {1, 0,—1} to train classifier.
SVM hyperplanes split the training data into a maximal margin among
classes. The training samples nearest to the hyperplane are named support
vectors. SVM classifier trained with the labeled dataset can give labels to
the unlabeled data by discovering the hyperplane, which maximizes the

margin among data (see Figure 2.4).
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Figure 2. 4 SVM Method [64]

2.4 Structural Analysis of Social Network

In recent years, structural social networks have been emerged for
visualizing and analyzing networks relationships. Researchers have found
the importance of social network analysis in many areas [36] such as
biology, network studies, business, knowledge science, public health,
computer science. Structural networks used graph theory to analyze
relations in networks. Their main methods and techniques have been
applied in large social network problems (i.e., Twitter, Facebook,
Instagram, LinkedIn, Snapchat, YouTube). Social networks are
considered complex networks because of the sparse and noisy network
topology of social networks. In other words, node-to-node connections

will not be random or completely regular [40].

Structural social network analysis refers to a method for extracting
meaningful information from networks regarding their structures by
measuring the relationship among network participants, including users,
companies, URLSs, or any other type of connected information processing
structure [66]. Structural network analysis aims to detect similar patterns

in the network, where the structure network plays as important as the data
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contents. It has been utilized to extract meaningful information from
complex social networks. For example, the Twitter network has been used
to find the influencer property, which is the property of finding out the
unique users' match network in terms of the number of connectivity,
degree centrality, and degree of betweenness concerning the nodes in a
network. The structural network involves identifying the most influential,
famous, or central individuals using link analysis methods, communities
are discovered using community detection methods; and information
propagates through the network using diffusion algorithms. These
analyses are particularly useful in extracting information from networks

and, as a result, in the problem-solving process.

The structure of interactions between social entities is investigated in
social network analysis. Relationships established can be personal or
professional and can range from casual acquaintance to close familiar
links. Links can reflect the flow of information, interactions, and
similarities. Graphs are commonly used to illustrate the structure of such
networks. A graph is comprised of two essential elements: vertices and
edges. Graph theory describes social networks as vertices connected by
edges, with vertices representing persons and edges representing their
connections [66]. Depending on the application need, vertices can
represent a wide range of individual objects such as (humans,
governments, publications, companies, businesses, plants, and animals).
On the other hand, an edge is a line that links two vertices and can
represent a variety of interactions between distinct objects (e.g.,

friendship, communication, cooperation, acquaintances, and trade). Edges
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might be directed or undirected depending on whether the relationship is
asymmetric or symmetric. A graph (network) is represented a non-empty
collection V of vertices and edges, where E is the number of edges defined
as G = (V, E).

The network can be a static structure when has links between users are
stable, such as the relationship of a friend or follower links. These
relationships have continued for an extended period. Nevertheless, people
do not depend on their friends' connections but interact with them.
According to Twitter data, most interact with users with and who they do
not share followership connections. A small percentage of users actively
use followership links to communicate with one another. The network
structure can be dynamic depending on the interaction between users
because the links only exist if the users have connected in a short time
[67]. The interactions relationship provides more significant information
and reflects the power of connections between users. These may typically
be defined by assigning edge weights to the interactions they measure,
which better integrate and improve them. Community detection focusing
on interaction structure rather than static structure will increase the

accuracy of the measure of cohesion and discover more relevant groups.

Most community detection literature presents graphs as input and
focuses on finding a cohesive structure (communities) dependent on user
interactions. Community detection is a critical problem on social
networks. It likes a graph theory that partition a graph [20]. Several
researchers have tried to identify optimal clusters of users. Community

detection is the process of detecting groups connected closely within a
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network's structure. It may be a helpful tool to find community because
the communities can be a compressed version of the large network to get
a whole picture of the network. Modularity maximization [68] is a
common type of community detection method. It aims to maximize the
modularity of the cluster allocation, represented as the quality of partitions
defined by the variation number of edges inside a community. The
Louvain method [6] greedy update adjusts node by node and uses the best
neighboring community to optimize the modularity function gain. The
algorithm then aggregates the result partition and repeats the process until
no new communities are developed. The Louvain technique is fast and
efficient, but it still gets stuck at local optima and might cause
communities to become separated. The Leiden method [17] resolves the
Louvain problem by adding a refinement step, but it still depends on

greedy local updates and is vulnerable to local optima.

Community detection is a process of partitioning a network into
clusters of closely connected nodes. In other words, nodes in the same
community should have a high connection to each other while having a
low connection to nodes in other communities. Various communities
detections methods are used, such as the Louvain algorithm and Leiden
algorithm [69]. These algorithms are most appropriate for identifying
communities in large networks, which are common in social network data.
Discovering communities in a social network can help many target
businesses, marketing, information propagation, and online purchases

recommendations.
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However, the complexity and diversity of networks are often hard to
distinguish in real datasets networks. As a result, algorithm design has
become a critical issue for many networks. Community detection methods
could have an immediate influence on network organization and function.
The novel cluster agglomerate algorithm (CAA) similarity index proposed
incorporates local information, and the criterion is a global index that
conforms to the community's ideal state. The divide and agglomerate
(DA) algorithm is accomplished by findings a two-step method: splitting
a network into small clusters based on the similarity of node connections
and combining a cluster with the one that has the most interest for it until
the community requirement is stable [70]. A novel multi-objective
community detection method established multi-objective particle swarm
optimization (MOPSO) has been proposed [71]. The Pareto dominance
strategy was used to solve the graph clustering problem by minimizing
two goals, Ratio Cut and Kernel K-Means. The moving process of
particles changed by taking the crossover operation to improve its local
and global best. The following subsections introduce the most

popular ways of finding communities in social networks.

2.4.1 Louvain Method

Blondel et al. [6] created the Louvain algorithm, a frequently used
community discovery method for large-scale networks, a popular greedy
approach for community discovery. It is based on modularity
maximization. Louvain method has been widely used in multiple
application areas [72][73] because of its fast convergence features,

hierarchical partitioning, and high modularity. The method maximizes

41



Chapter Two Social Networks Analysis and Community Detection

cach community's modularity score between —1 and 1, which measures
the distribution of nodes in groups by comparing the density of connection

among nodes to how they can link in a random network.

Louvain algorithm was divided into two stages: nodes moving locally
and network aggregation. Those are repeated iteratively to increase the
modularity value. Individually node of the network is assigned into a
different community which each node is its community. The difference in
modularity is determined in each community by moving nodes between
communities (i.e., node i removing from its cluster and putting it into the
adjacent cluster j). However, this modularity must be positive. If no
positive result can be achieved, i will return to its original community.
The method performs two computations for each node i. The modularity
gain AQ was computed when placing node i in the cluster of any neighbor
J. Then, choose the community that offers the biggest modularity gain and
join the appropriate community as Equation (2.8). This process is repeated
until no gain results change. The modularity AQ can be computed by the
equation below. This process is continued and successively applied to all
nodes until no more improvement can be made, at which point the first
phase ends [6][74].

AQ = I:Zm‘l' Zl,m_ 2t0t+ k ] I:Zm— ZtOt - (21(_1:1) ] (28)

2m

Where X' ;,, the aggregate of the weights of the connections in cluster C
(weight of internal edges), 2 ;,: is the aggregate of the weights of the
connections occurrence to nodes in cluster C (weights of all edges
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connection in community), k;is the aggregate of the weights of the
connections occurrence to node i, k; ;,, is the aggregate of the weights of
the connections from i to n nodes in cluster C, and m is the aggregate of

the weights of all the connections in the network.

After local moving in the previous stage, the aggregation stage of the
method presented nodes of the community by one node and edges by a
self-loop. The weight of the self-loop is the number of edges. Connections
among communities are compressed by one connection, with weight
representing the number of links between its nodes and the nodes of each
community. After the second step, the method loops back to the first step
and uses the two-stage procedure on the graph generated in the last
iteration (communities exchange the nodes). This procedure is repeated

until the modularity value for each node in the graph gets the maximum.

As a result, the node would be assigned to a single community (see
Figure 2.5). In other words, this algorithm seeks for small communities
by maximizing modularity locally. Then continues the process until the
maximum modularity is obtained. This strategy does not specify the
number of communities to be discovered but instead builds hierarchical
communities from the bottom up (see Algorithm 2.1) [17]. The modularity
optimization-based community detection technique has a significant
limitation in that it cannot find communities less than a specific size.
Therefore, defining the resolution in the method is critical, as it determines
the size of the smallest community to be discovered [75]. Lower the
resolution value can get more communities (smaller communities), and a
higher resolution value can get fewer communities (bigger communities).
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Algorithm 2. 1 Louvain Algorithm [17]

1. function Louvain(Graph G, Partition P)

2. do

3. P < MoveNodes(G,P) //Move nodes between communities

4 done « |P| = |V(Q)] /[Terminate when each community consists

of only one node

o

if not done then

G < AggregateGraph(G, P) //Create aggregate graph based on partition
7. P « SingletonPartition(G) //Assign each node in aggregate graph to
its own community

Sk

8. end if

9. while not done
10. return flat*(P)
11. end function

12. function MoveNodes(Graph G, Partition P)

13. do

14. H,u = H(P)

15. forv eV (G) do /IVisit nodes (in random order)

16. C « argmax . epup A Hy(v — C) //Determine best community for

node v

17. if A H,(v—> C)>0then  //Perform only strictly positive node
movements

18. v-C // Move node v to community C

19. end if

20. end for

21.  while H(P) > Hyyq // Continue until no more nodes can be moved

22. return P

23. end function

24. function AggregateGraph(Graph G, Partition P)

25. v-P // Communities become nodes in aggregate graph
26. E «{(C,D)|(u,v) EE(G),u €C € P,v €D €P) [/l Eismultiset
27. return GRAPH (V,E)

28. end function

29. function SingletonPartition(Graph G)

30. return {{v}lv eV(G)} //Assign each node to its own community
31. end function
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Figure 2. 5 Louvain Method [17]

2.4.2 Leiden Method

Detecting the community is significant work when investigating
complex social networks. Leiden was built based on the Louvain
algorithm that overcomes the problem of community connection badly.
The Louvain method may cause to discover communities that are
arbitrarily badly connected. It can detect internally disconnected
communities where one part of the community only connects with another

piece of the same community by the external edge. In Figure (2.6), figure
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(@) shows that the red community becomes internally disjointed when
node 0 moves to a different neighborhood. At the same time, figure (b)
demonstrated that Louvain keeps nodes 1-6 locally optimally allocated in

the same community even though node 0 moved into another community.
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Figure 2. 6 Louvain Arbitrarily Poorly Connected [17]

Leiden is an iterative method that guarantees nodes inside communities
are strongly connected, and all subsets communities are assigned
optimally [17]. The Leiden method is established partly on the smart local
move method, which is a modification of the Louvain method. It also uses
ideas of speeding up local node movement and moving nodes to random
neighbors. These are the most helpful ways to enhance the Louvain
algorithm. The Leiden algorithm is simple to understand and easy to
implement. It has less time complexity than the Louvain algorithm. It
consists of three stages: nodes moving locally, refinement of the

separation, and network aggregation based on refined split.

46



Chapter Two Social Networks Analysis and Community Detection

The Leiden algorithm's initial stage starts with a community of
singleton nodes. The nodes then move across communities in seek of the
optimal partition. The algorithm then performs a refined stage that
aggregates the network. The Leiden algorithm utilized a fast local
movement algorithm that only visited nodes whose neighborhood had
changed. The Louvain approach, on the other hand, repeatedly examines
each node in a network. The refinement stage might split a community
into multiple communities when they have poorly become connected after
a node move, increasing the connectedness of the remaining communities.
Nodes are not always greedily combined with the cluster that provides the
most significant gain. A random cluster is selected to merge nodes with
it, and the quality function is calculated. The cluster with higher quality

function value is chosen. The Leiden stages showed in Algorithm (2.2).

Figure (2.7) shows all steps on the Leiden method begin from (a) a
singleton community. Then step (b) moves individual nodes between
communities to find the best partition, and step (c) refines communities.
Then (d) aggregate network based on refined step. For example in (b) the
red community is refined into two sub groups in (c), which, after
aggregation, convert into two isolated nodes in (d), both belonging to the
same community. The method then moves separate nodes in the aggregate
network (e). In this network, refinement does not change the partition (f).
Recently, the Leiden algorithm has been used widely in many application
biological areas [76][77] because of its guaranteed connection,

hierarchical partitioning, and high modularity.

47



Chapter Two Social Networks Analysis and Community Detection

Algorithm 2. 2 Leiden Algorithm[17]

1. function LEIDEN(Graph G, Partition P)

2. do

3. P « MOVENODESFAST(G, P) /l[/Move nodes between communities

4 done «|P|= V(G) /[Terminate when each community consists
of only one node

5. if not done then

6. Prefined < REFINEPARTITION(G, P) //Refine partition P

7. G — AGGREGATEGRAPH(G, P.rineq) //Create aggregate graph based
on refined partition P.efined

8. P—{{vlveC,veV (G)}|CeP} //Butmaintain partition P

9. end if

10. while not done
11. return flatx( P)
12. end function

13. function MOVENODESFAST(Graph G, Partition P)
14. Q< QUEUE(V (G)) /IMake sure that all nodes will be visited (in random

order)
15.  do
16. V «— Q.remove() // Determine next node to visit
17. C « argmax . epug A Hy(v > C) //Determine best community for
node v
18. if AH,(v— ¢)> 0 then //Perform only strictly positive node
movements
19. v—C // Move node v to community C
20. N « {u|(u, v)EE(G),ug C //ldentify neighbours of node v that are
not in community C
21. Q.add (N - Q) /IMake sure that these neighbours will be visited
22. end if
23. while Q = @ /[ Continue until there are no more nodes to visit
24. return P

25. end function

26. function REFINEPARTITION(Graph G, Partition P)

27.  Prefined < SINGLETONPARTITION(G) //Assign each node to its own
community

28. forCePdo /I Visit communities

29. Prefined &« MERGENODESSUBSET(G, Prefined, C)//Refine community C

30. end for
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31. return Prefined
32. end function

33. function MERGENODESSUBSET (Graph G, Partition P, Subset S)
34. R={v|VveS E(V,S—=Vv)=y IvIL(ISI=Ivl) //Consideronly nodes that
are well connected within subset S

35. forve Rdo /I Visit nodes (in random order)

36. if v in singleton community then //Consider only nodes that have not yet
been merged

37. T<—{C|CeP,CcS,E(C,S-C)=ylICI-(ISI=1C1)

/IConsider only well-connected communities
exp(% AH,(v - C)) if AH,(v -C) =0 forC €T

38. Pr( C=C)~
0 otherwise )
, // choose random community C
39. v-C // Move node v to community C
40. end if
41. end for
42. return P

43. end function

44. function AGGREGATEGRAPH(Graph G, Partition P)

45. Ve« P /I Communities become nodes in aggregate graph
46. E<{(C,D)|(u,v)EE(G),ueCeP,veDe P} /IE is a multiset
47. return GRAPH(V, E)

48. end function

49: function SINGLETONPARTITION(Graph G)

50: return {{v}|/v € V (G)} /I Assign each node to its own community
51: end function
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Figure 2. 7 Leiden Method [17]

2.5 Hybrid Analysis of Social Network

A variety of approaches might be applied to analyze social networks.
Specific methodologies are more suited depending on the research
emphasis (e.g., text, interactions, topics, opinion). Several researches have
focused on discovering sentiment analysis and topic extraction using

standard methods for analyzing content social network datasets [78].
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Various current topic models have been applied for document analysis to
find the latent topics from text such as LDA, LSA, and PLSI. Topic model
approaches have successfully derived topics for the lengthy document in
the traditional technique. For example, a study [79] introduces latent
Dirichlet allocation is based on probabilistic topic model. They have
presented two experiments: topic modelling of Wikipedia pages. The
document topic method created to provide a topic-based explanation for
finding, browsing and suggesting papers. The authors in a study [80]
proposed six different preprocessing methods that affect sentiment
polarity classification in Twitter. However, topic methods suffer when

used to identify latent topics in a social network such as Twitter.

On the other hand, social networks are crucial to understanding how
people and groups interact. Social network analysis is helped study these
relationships. It analyzes the structural network by focusing on extracting
common network features or user network features. For example, finding
communities and influencers in the network can be helpful approaches in
social network analysis, such as community detection algorithms.
Structure network analysis only focuses on nodes relationships to find
communities that neglect the other network features such as content which

may cause poor quality results.

Recently, many studies proposed combing community detection
algorithms with text mining methods. These studies tried to incorporate
users content into the structural network. In other words, combining
structural analysis with content analysis techniques provides a new

approach to discovering communities. Some research has taken advantage
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of social network features to improve topic extraction in short text like
Twitter. W. Cui et al. [81] introduced combining social hashtag network
feature and short text, which increase each text by associated hashtags to
get complete semantic features. Prateek et al. [82] suggested a new
pooling method by incorporating a community detection method to update
the topic derivation without changing the LDA topic model. This
approach was aggregated user text content that shares topics and relations.
Other research has tried to enhance the quality of community detection
algorithms by incorporating text and other features into the weight of
edges. Li et al. [27] developed a hierarchical clustering method on user
relationships and interests networks to discover the communities.
Semantic analysis and the following/follower relationships are used to
calculate edge weight to improve community detection. Chunaev et al.
[83] presented an integrated weight model that exploits multiple existing
weights on the social network. It investigates several models that combine

between structure and attributes of networks.

2.6 Evaluation Metrics of Social Network Analysis

Social networks analysis uses different methods to complete the
investigation. Therefore, different evaluation metrics are used with
content and structure social network analysis. For content analysis, topic
modelling algorithms are automatically determining latent topics in
documents corpus. However, evaluating such assumptions is challenging
due to its unsupervised techniques. Topic models have been assessed
using a coherence score. Topic coherence can be described as the degree
of connection among the words inside a topic [84]. The coherence metric
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Is utilized to evaluate the degree of semantic similarity among words on
the topic. The coherence score considers a topic by calculating word co-
occurrences and mutual information to indicate in what way individuals
understand the issue. It includes the degree of semantic similarity between
words on the topic. The coherence score is a value representing the topics
model is good or not, which the higher value indicates the good topics.
The coherence score is based on a sliding window, normalized pointwise
mutual information (NPMI), and the cosine similarity. It evaluates the

quality of coherence of words in the topics as the following equation.

coherence(V ) = X wivjev Score (Vi, vj, €) (2.9)

Where V is a set of words that describe the topic and € indicates a
smoothing factor, the score will always return real numbers. The UCI and
UMass measures calculate the coherence of a topic as the aggregate of
pairwise distributional similarity scores over the set of topic words. UCI
Is a word pair’s value is the pointwise mutual information (PMI) between
two words as Equation (2.10) [85].

P(vi,vj)+ €

score (vi,vj, €) = log P(vy) p(v))

(2.10)

UMass is the score to be based on document co-occurrence as Equation
(2.112).

D (vi,vj) + €

score (vi,vj, €) = log D(v)
]

(2.11)
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Further for sentiment analysis, the quality of the classification result is
measured using precision P, recall R, F-score, and accuracy [86].
Precision (P) is the proportion of expected positive occurrences to the total

number of positive occurrences. It's calculated as follows:

True Positive

p= (2.12)

True Positive + False Positive

A recall (R) is the proportion of perfectly predicted positive occurrences

to total occurrences in the actual class. It's calculated as follows:

R = True Positive (2-13)

True Positive + False Negative

The F-score is a weighted average of recall and precision. When data has
an uneven class distribution, precision becomes less relevant. It's
calculated as follows:

Px*x R
P+ R

F —score = 2% (2.14)

Accuracy calculates the ratio of the total number of correct predictions.,

as seen in the equation below.

True Positive + True Negative
Acc =

True Positive + True Negative + False Positive + False Negative (2.15)

On the other hand, structure analysis has different evaluation metrics.
Community detection is a difficult task due to large members in the
community that are rarely known. The accuracy of the social network
clustering methods relies on the capability to discover the number of
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clusters in the networks, where the networks structures are known.
Various community metrics help to evaluate the quality of a community.
The evaluation is dependent on the community network structure as
modular, dense, and balanced. Two popular measures are used to calculate
community detection efficiency called modularity and Constant Potts
Model (CPM).

Modularity is one of the essential measurements to recognize good
partitions for community detection. It is established as a density metric for
the proportion of links within the community compared with the other
links allocated randomly within the same community. Modularity
measures the variation between the current number of edges in a group
and the expected number of edges in a random graph. It tries to maximize
their difference [34]. The modularity values are calculated using the
Equation (2.16).

1

Q=%c[ec—v(52)] (2.16)

2m

Where ¢ represents community, e, denotes real no. of edges in

community, m indicates the total number of edges in the dataset. KCZ/Zm
indicates the expected no. of edges and K, denotes the aggregate of
degrees of nodes in each community. y denotes resolution parameter.
Modularity suffers from resolution parameters preventing small

communities' detection in a large network.

The Constant Potts Model (CPM) is the quality function which

overcomes resolution limitations of modularity. It partitions communities
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into two communities dependent on value if the link density between them
is lower than the constant value. CPM attempts to maximize the number
of inner edges while at the exact timekeeping relatively small
communities. The parameter y balances these two constraints. It serves as
the outer and inner edges density threshold. Therefore, the parameter
performs as a resolution that the higher value will cause fewer
communities. The CPM values are calculated using the Equation (2.17)
[17].

Q =Xclec —y(nd)] (2.17)

e. denotes real no. of edges inside community and n, represents no. of

nodes in communities.
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3.1 Overview

This chapter describes the complete development techniques used to
enhance the community detection method in social networks. To achieve
this, a combination of the methods mentioned in the previous chapter
would be a great way to build the proposed model. The proposed model
of enhanced community detection is generally illustrated in section 3.2 to
show the architecture of the proposed model. The datasets collection is
defined in section 3.3. The preprocessing procedure is described in section
3.4. In section 3.5, the mechanism of finding topics is determined, then
sentiment analysis is outlined in section 3.6. Finally, community detection

is stated in section 3.7.

3.2 Community Detection Model

The proposed community detection model was designed and developed
to enhance detecting communities by adding more helpful information on
communities rather than only depending on network relationships. It is
primarily characterized by incorporating three fundamental stages (see
Figure 3.1). Each stage uses a specific method to enhance the community
detection algorithm in a social network. The first method is LSA topic
modelling. It is applied to users' content in a Twitter social network. Topic
model was used to discover hidden topics in tweets and assign them to
specific tweets. The second method is a Support Vector Machine (SVM)
applied to get users' opinions on tweets. Then, these methods combined
with user attributes to get a new weighted graph to improve the quality
function of community detection in social networks. Finally, Leiden
community detection is enhanced by exploiting a new weighted graph to
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improve the quality of modularity and a Constant Potts Model (CPM).
Figure (3.2) shows the general framework of our model through the
following steps:

1. The preprocessing has several steps (building dataset via Twitter
streaming API, filtering and normalizing tweets that convert the
unstructured tweets into a more acceptable readable structure,
building a network, data extraction).

2. Exploit LSA topic model with hashtag to detect latent topic in
tweets.

3. SVM sentiment analysis algorithm used to classify tweets into
positive, natural, and negative.

4. A new weighted network is developed by calculating during the
community detection step to enhance modularity quality and a

Constant Potts Model (CPM) for Leiden community detection.
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Figure 3.1 Methods for Improve Social Network Analysis
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3.3 Twitter Collection

Twitter provides an API stream platform to accumulate real-time
tweets. People share their thoughts about their daily lives with various
world topics. Twitter allows people to write 280-character text that is
known as tweets. Other people can like, comment, mention other users'
names on a tweet or retweet your tweets. People can follow one another
on Twitter or become following with other company or news account.
Unlike most other social networks, Twitter allows one-way links,
meaning that one user can follow another without the other exchanging
contact. These interactions used to build a communication network.

Several of the studies utilized the API stream as a source of data.

The API stream collects tweets data using a set of predefined keywords
and hashtags. Tweets have been collected from Twitter, and they are saved
in a JSON file format. JSON data converts key and value pairs to CSV, a
basic file format for recording tabular data. The headers for the CSV file
will be the keys, and the data collected will be the value. Tweet in Twitter
has many attributes like (post time, name, location, hashtag, retweet,
mention, reply). Therefore, this model utilized the attributes created_at,
id, text, user_name. The two raw data are collected from Twitter APIs
using the Algorithm (3.1). It returns tweets information and saves them in
CSV files. The first raw data included tweets about education, car,
anxiety, entertainment, and other subjects. The second set of tweets was
collected about the social media website, phone, and electric devices.
These raw data will be formalized by cleaning and organizing them in a

dataset format to be utilized in future studies on this topic.
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Algorithm 3. 1 Collect Data from Twitter Streaming API

Input: Consumer Secret cs, Consumer Key ck, Access Token at, and Access Secret

as /I Twitter API access keys
Output: F [ CSV Tweets File
Begin
1. Call Twitter API (ck, cs, at, as) //user access account and Twitter access key
2. Languages =['en’] /I select English language
3. Filterss = [keywords, hashtags, Languages] Il Query
4. Collect Tweets ( Filterss) /I From Twitter API stream
5. Save (JS) // JSON file
6. JF =Read (JS) /l read JSON file
7. For line in JF do
8 F= Select [Created_at, Id, Text, , user_name, retweeted]
9 F= Convert (F) /[Convert select JSON attributes into CSV file
10. End for
11. Return (F) I CSV file

End

3.4 Twitter Data Preprocessing

Preprocessing is an essential part of any model since the words,
sentences, and networks identified at this step are the fundamental units
passed to all further processing steps for analysis and detection of
information. The preprocessing process converts the unstructured data
into more acceptable data for analysis. On Twitter social network, tweets
contain some meaningless and irrelevant words. It is often believed that
these words do not affect the tweet's meaning. There are several

preprocessing performed in this phase.
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Algorithm 3. 2 Preprocessing
Input: F (Tweets CSV File obtained from algorithm 3.1)

Output: Clean_Tweet /I Dataset clean
Begin
1. Tweets = Read (F[Text]) // Read only tweet text from file

. For tw in Tweets
Remove all hex characters from string (tw)

Remove less 3 char (tw)

Remove distracting single quotes (tw)
Remove new line characters (tw)

2

3

4

5. Remove Emails (tw)
6

7

8 Remove Web http (tw)
9

Remove Stopwords (tw)

10.  Tokenize (tw)

11.  Check spelling (tw)

12.  Converted Lowercase (tw)

13. Lemmatization (tw)

14. End for

15. Return (Clean_Tweet) /I Return clean tweet
End

The preprocessing step in Algorithm (3.2) aims to convert the Twitter
raw data of CSV file format to readable files required by the next phase
of the proposed model. Tweets include irrelevant words, emotions,
symbols, numbers, emails, and links. These things have no impact on the
text's meaning. Therefore, it is challenging to analyze content from a
collection of tweets with these terms. Before any analysis, these terms
should be eliminated from tweet to avoid unexpected errors and save
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computational resources. Tweets are cleaned by converting the
unstructured text into a more understandable structured format for
analysis. The preprocessing procedure is started by cleaning meaningless
terms, tokenizing, removing stopwords, and lemmatization. The
following procedures have been executed as part of the tweet

preprocessing step:

- Extracting mentions from tweets that begin with the ‘@' symbol and
follow by another username anywhere in the text because users'
names show no meaning in sentences.

- Extracting retweets from tweets that begin with the 'RT' word and
follow by ‘@username' in the tweet.

- Extracting hashtags from tweets that begin with the '# symbol and
follow by hashtag word in the tweet.

- Non-alphabetic characters like punctuation, newline, digits, and
"Emoji" are removed from each tweet throughout the cleaning
process.

- All words less 3 character, signs, Web URL, and emails removed.
They would not give an important meaning in the text analysis.

- Removing stopwords which are English words that don't add much
to sentence meaning. They may be ignored entirely without
affecting the sentence's meaning, for example, words like a, she,
could, and has.

- Splitting the tweets terms into tokens. The tokenization process

splits the tweets terms into tokens that can be passed to the next
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normalization operation. Spaces are usually used to separate the
sentence into tokens.

- Checking the spelling of the tweet's words. An English dictionary
was used to complete this phase.

- All tokens are converted into lowercase.

- Checking the lemmatization of tokens by mapping into their origin
roots. This process uses the lemmatize, which searches the word
database for a lemma of words.

- Part of speech (Pos-tagging) utilizes by parsing the words into
nouns, verbs, adjectives, and other parts of speech. Only the nouns

were chosen in the case studies.

3.5 Twitter Network Construction

In Twitter, People usually post text according to what they want to
share on social media. Then, users interact with post by retweet, reply or
like. The interaction among users need to extract from tweets to build
interaction networks (i.e., retweet, mention, and hashtag). Interactive
Networks are created as a graph representing a set of nodes that connect
through edges and assign these edge weights. Nodes represent individuals,
or blogs while edges could represent friendship, a hyperlink relationship
between two blogs, or any other relationship. A retweet is a Twitter
attribute that reposts a tweet displayed by another user using 'RT user
name' at the beginning of the tweet. A mention is a Twitter attribute that
references another user name any place in the tweet text using ‘@user
name’. The network is a design as G (V, E, W) that V describes the set of

the users (nodes), and E represents the set of the link between the user
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(edge). W is a set of weights values assigned to the edges E depending on
user interactions. The building network from Twitter is illustrated in
Algorithm (3.3).

Algorithm 3. 3 Build Retweet Network, Mention Network, Hashtags
Input: F (Tweets CSV File obtained from algorithm 3.1)

Output: RT, M, H /IRetweet and Mention networks, Hashtags
Begin
1. Tweets = Read (F[Text]) /I Read only tweet text from file
2. Fortw in Tweets
3 Extract Mentions (tw) /l Name of user mentioned
4 list of retweet user (U1, U2, W)
5. Extract Retweets (tw) // Name of user post retweeted
6 list of mention user (U1, U2, W)
7 Extract Hashtag (tw) /I hashtag write in tweet
8 List of hashtags
9. End for

10. For users in Mention user list

11. create edge (U1,U2,W) // build Mention graph
12. For users in Retweet user list
13. create edge (U1,U2,W) // build Retweet graph
14. Return RT, M, H

End

Figure (3.3) represents users interact among them based on retweet and
mention action. Let's "U1" is a user that mentioned another user "U2" in
his post, and the number "2" above the arrow represents the number of
times user "U1" mentioned user "U2" in the tweet. Further, Lets "U2" is

a user that retweets another user "U3" on his profile page and the number
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"3" above the arrow represents the number of times user "U2" retweet user

"U3" tweets.

2 Mention
1 Retweet

W

Retweet
Retweet

—

1 Retweet

1 Mention

Figure 3. 3 Sample Graph Network

3.6 Topic Model

After the preprocessing step, each tweet was changed into an
appropriate format for the next stage - topic model. Topic model is one
of the important methods in the present work. Topic model is a process
for automatically discovering hidden topics in a documents. Topic
algorithms need rich text when detecting topics in documents, while
Twitter has difficulty finding topics because it is an informal short text
post. It is necessary to use topic model to support the identification of the
trends of the tweets. Therefore, the proposed approach has used hashtags
terms as a part of the tweet instead of deleting them by enriching tweets.
Users use hashtags on tweets to show important subjects or events in the
discussion. The enriched tweets would be mapped into a numerical

representation of tweets collection called TF-IDF to detect topics. Topics
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for tweets can be detected using the proposed method that exploits

hashtags to improve the LSA topic modelling performance.

3.6.1 Hashtags Enrichment

Many issues have emerged in the Twitter environment because a tweet
IS a concise text containing many spelling errors and non-standard
grammar. This can result in an extremely low number of words co-
occurrence in a set of tweets. Therefore, model will be useless. This issue
was addressed by providing a method to exploit hashtags to improve the
LSA performance. Hashtags have store important content that can help to
discover topics. Hashtag enrichment is overcoming the disadvantages of
tweets' short length. In this work, a strategy was developed to overcome
the lack of content in tweets. This process aims to enrich the content of
each tweet by including more information. This was accomplished by
employing both the tweet itself and hashtags terms. The hashtags terms
were extracted from the dataset and appended to the cleaned tweets

constructing information tweet.

3.6.2 TF-IDF Measurement

TF-IDF is a technique used for calculating the importance of words in
a group of tweets. Commonly, each word gives a value to show its
importance in the tweet or corpus. The enriched tweets would be mapped
into a numerical representation of tweets collection using TF-IDF. The
TF-IDF was calculated as Equation (2.3) in chapter 2 using a dictionary
with (tweets, token) pair as key and TF-IDF score as the value. It is
determined by iterating over all the tweets, which utilize the counter to

calculate the frequency for each word in the dataset. TF-IDF score has
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calculated the words used in a tweet and their usage compared to terms
used in all tweets. For each word, TF shows how many times a word is
used in a whole tweet, and IDF shows how important the word is in all
tweets.

3.6.3 Latent Semantic Analysis (LSA)

LSA algorithm has been applied on TF-IDF weighted tweets to find the
topics. LSA was executed with diverse topics numbers until suitable
topics were found for the dataset. LSA is represented tweet as a word-
document matrix and utilizes Singular Value Decomposition (SVD) to
decompose this matrix to derive k number of topics. In this work, the
dataset is defined as a word-tweet matrix. Each row represents a particular
word, and the column stands for the tweet. Each cell entries contain the
TF-IDF weighting of each word in a tweet. SVD is conducted on the
matrix to reduce rank into the k most significant values are included. The
SVD algorithm then divides words-tweets matrix into three matrices
multiplications as an Equation (2.5) in chapter 2: the first matrix W
corresponding to words, the second matrix S expresses topics, and the
third matrix D corresponding to tweets. The final picture finds the
efficient number of k dimensional in the smallest space to represent data.
Each word tweet and word is currently described as a k-dimensional
vector in the area originated by the SVD. LSA uses a truncated SVD for
its semantic space to deal well with words with the same meanings, as
shown in the Algorithm (3.4).
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Algorithm 3.4 LSA Topic Model
Input: Clean_Tweet (Cleaned Tweets obtained from algorithm 3.2), H (Hashtags

obtained from algorithm 3.3)
Output: T (Topics)

Begin
1. Foreach Tweet in Clean_Tweet
2.  Enriched Tweets = Tweets + H //Enrich Tweets with hashtags
3. For each word in Enriched Tweets
4 Calculate TF-IDF for each word in tweet as Equation (2.3)
5. Dictionary(Enriched Tweets, TF-IDF) //set of words of all tweets
6. k =select no. topics
7. SVD =Truncated SVD (n_components = k) //set SVD with number of topic
8. LSA =SVD (Dictionary) //decompose dictionary into k topics
9. Return (T)

End

3.6.4 Evaluation of LSA Model

This work measured the improved topic model by determining topic

coherence. The best number of topics is discovered for all the tweets in

the dataset by finding the best coherence value as Equation (2.9) in chapter

2. The LSA method was trained with various topics numbers used to

evaluate the average coherence value for each topic. The coherence score

estimates the value of the coherence of words in the topics. If the

coherence value appears to be improving, it might be better to choose the

model with a high coherence value. Then, each tweet in the dataset assigns

a topic that reflects the topic user discusses. Each topic consists of words

that are ordered according to their probability. Tweets allocated topics
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based on the highest probability. This is helpful since it effectively
classifies the tweets, sorting them according to the topic they are most
likely to belong to them. Each tweet word is compared with the topic word
and find the dominant topics for the tweet in the dataset, as shown in the
Algorithm (3.5).

Algorithm 3.5 Topics Coherence
Input: (limit, start, step), Clean_Tweet, dictionary (obtained from algorithm 3.2)
Output: k (best number of topic) , Tweets_topics (dominant topic)
Begin
1. For num_topics in range(start, limit, step):
2. Call LSA model(num_topics)

3. Calculate coherence value as in equation (2.9).
4. list = coherence value, num_topics

5. End for

6. For value in list of coherence value

7. Compare coherence value

8. k num_topics = Select high coherence value
9. End for

10. For each Tweet in Clean_Tweet
11. call LSA model (k num_topics)
12. Find similar between topic words and tweet words
13. Tweet_topics = assign dominant topic for each Tweet
14. End for
15. Return (k num_topics, Tweets_topics)

End
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3.7 Sentiment Analysis

Sentiment analysis is the process of computationally recognizing and
classifying opinions, emotions, and feelings represented in tweets. The
main goals of sentiment analysis are to identify and extract emotional
information to determine whether the user has a positive, neutral, or

negative opinion about a given topic.
3.7.1 Support Vector Machine (SVM)

SVM s a classification model for finding data classes. First, tweets
obtained from the topic model are transformed into a vector of numbers.
Word vector is the most significant structure during the classification
process. The vectorization technique was used for the support vector
machine method. To create this valuable representation for our SVM
classifier, Bag of Word (BOW) was used with a unigram approach on the
tweets dataset, which counts occurrences of the word in the tweet. The
vector size is the same as the number of words. All tweets are converted
into word vectors to be analyzed by a classifier. Initializing SVM and
fitting the training labeled tweets to trained classifiers. SVM is trained by
plotting the tweets data (words vector) into space as a point then
initializing hyper parameter to detect the classification. The training
tweets help the SVM convert the inputs into dimensional feature space. It
uses margin values and support vectors to calculate distance among points
as Equation (2.6). SVM has identified an isolated hyperplane that
maximizes the margin among distinct classes. The SVM classifiers trained
with labeled tweets are used to predict the unlabeled tweets. The SVM is

labeled tweets as positive (1), neutral (0), and negative (-1).
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Algorithm 3.6 SVM Method

Input: Tweets_topics (unlabeled tweet obtained from algorithm 3.5), T(Training
dataset), L (labels)

Output: Label Tweets Il Tweet classification
Begin

1. Trained = read (T) // Load Training tweets

2. L ={label 1, label O, label -1} /I Label classes

3. For each Tweet in Trained

4. BOW = bag of word(Tweet) //Convert label tweets into BOW Vector

5. SVM_ Train = SVM (BOW, L) /[Trained SVM with label data

6. For each Unlabeled Tweet in Tweet_topic

7 Unlabeled BOW = bag of word(Unlabeled _Tweet) //Unlabeled tweets
convert to BOW

8. SVM_ pred= SVM_ Train (Unlabeled BOW) //SVM classify unlabeled

tweets
9. Label Tweets= SVM_ pred /[Assign label to the Tweets

10. Return (Label_Tweets)

End

3.7.2 Evaluation of SVM

In predictive analysis, classification evaluation determines what types

of data are classified as true and what kinds of data are labeled as false by

the classification model adopted. The most often used metrics for

evaluating support vector machine are accuracy, precision, and recall.

Usually, four primary parameters are used to assess SVM performance

(true positive, false negative, false positive, and true negative) illustrated

as follows:
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e True Positive Label (TPL): It occurs when SVM correctly label the

tweets as a positive opinion.

e False Negative Label (FNL): It occurs when SVM incorrect label

the tweets as a negative opinion, but it is actual positive opinion.

e False Positive Label (FPL): It occurs when SVM incorrect label the

tweets as a positive opinion, but it is actual negative opinion.

e True Negative Label (TNL): It occurs when SVM correctly label

the tweets as a negative opinion.

These parameters are used to calculate accuracy as Equation (2.15) in

chapter 2. It is the proportion of the total number of correct predictions.

3.8 Community Detection

On Twitter, the networks might be harder to get information about
communities. Most existing algorithms were designed to detect
community using structure networks (nodes and edges) that do not
represent user data into the relationship. Community detection methods
could have an immediate influence on network organization and function.
Including information into the nodes and community can help discover
the perfect community. These community nodes can contain information
about users' opinions about specific topics or what topics users discuss.
Therefore, enhancing and developing the community detection algorithm
was the primary purpose of this work. The proposed model tries to find
communities by utilizing the attributes of tweets in which the node within

has more information about user connections such as (topic and opinion).
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It adds more information on communities rather than linking relationships
between nodes. The strategy combines the multiple attributes of the user's
tweet with the link of the network topology. Community detection is a
process of grouping similar users into the same cluster that has tried to
discover optimal groups of users. The attributes are represented using the
retweet and mention actions, and the tweets are analyzed based on the
topic model and sentiment analysis. These techniques merge to get a new
weighted network to enhance the quality function of modularity and a

Constant Potts Model (CPM) for Leiden community detection.

3.8.1 Enriching Community Network

The Twitter network consists of nodes that link and interact with users
or organizations by edges. This structure network has many attributes
within the network topology. Mathematically, the new network for the
proposed model is described as a weighted network (V, E, W). V denotes
a collection of vertices (nodes) {v,, v,, ..., v,}, E denotes a collection of
edges {e,, e,, ..., e, }, and W denotes a collection of weights values. The
new network creation strategy employs topics and sentiment with retweet
and mention networks that are a built-in preprocessing step. The presented
method assists in updating edges weights between nodes used by the
community detection method to discover communities on the network.
Unlike the structure network that only has link relation, this new network
has a new weight that combines information about topics and sentiment

that help to improve Leiden community detection in the Twitter network.
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Weights are assigned to the edges between users based on the type of
network interaction. The retweet network weights are determined by how
many people have reposted another user's tweet. Similarly, the mention
network weights are determined by the number of times a user was
mentioned in another user's tweet body. At this stage, the results obtained
from LSA and SVM with mention and retweet network in the previous
step are exploited to calculate new weights edges among users. First, RT
and M obtain were constructed the retweet and mention networks that
contain weight reflect the interaction among users. Second, Tweets_topics
were obtained from LSA topic model, representing the topic discussed by
the user in the tweet. Label Tweets were obtained from SVM, which
represent the opinion of users. As illustrated below, a new weight is
calculated by adding the normalized weight of user retweet and mention

plus topic and sentiment if they share a similar subject or opinion.

Wy, u, = Norm _w(RT) + Norm _w(M)) +T +5) (3.1)
Norm w(RT) = (*5222 ) x U (3.2)

Mt uq,uy
Norm _w(M) = (T) x U (3.3)

Where Rt u,,u, describes the number of retweets between two users.
Uand RT are the total numbers of users and retweets, respectively.
Mt uq, u, denotes the number of mentions between two users. Mt

describes the total number of mentions.
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Algorithm 3.7 New Weighted Network Calculation
Input: RT, M, Tweet_topics, Label _Tweets

Output: New _ network /I New weights Network
Begin

1. Forraw in range(RT) /I Retweet network

2. T,S=0 /I Initialize variables

3. Norm _w(RT)= Normalize (raw [weight]) //Normalization retweet weight
As Equation (3.2)
4. For raw in range(M) // Mention network

O

If Structure Similarity between RT and MT  //Share same edges

6. Norm_w(M)= Normalize (raw [weight])//Normalization Mention weight
As Equation (3.3)

7. If users have similar topic (Tweet_topics) //Users share same topic

8. T=1

9. If users have Similarity sentiment (Label _Tweets) //Users share same

opinion

10. S=1

11. Weight calculated as Equation (3.1)

12. End for

13. Return (New _ network)

14. End

A new edge network is calculation on the model, as shown in the
Algorithm (3.7). The weight of edges between users of the retweet
network is normalized by the total number of retweets and multiple by the
total number of users. Also, the weight of edges between users of the
mention network is normalized by the total number of mentions and
multiple by the total number of users. The retweet and mention network
weights rely on the number of times the user retweeted and mentioned

another user's tweet.
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Figure 3. 4 New Weight Network

Weight of retweet edges update based on Twitter attributes by three
procedures. First, suppose one user mentioned other users in tweets. In
that case, the edge weight between users is increased by the normalized
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value of the mentioned weight. Second, If two users share a similar topic,
the edge weight between users raises by one. Third, If two users share a
similar opinion, the edge weight between users raises by one. The new
network consists of information about nodes, edges, weight, topics,
sentiment, as shown in Figure (3.4). Each edge assigned new weight
calculated from combined retweet network with mention and tweet
attributes. Each node (user) contains information about the topic discussed
and his sentiments. This new weight network will be used in Leiden

community detection to discover users communities.

3.8.2 Enhancing Leiden Community Detection

The enhancing Leiden community detection is started by obtaining the
new weight among the nodes. The Leiden algorithm is generally seen as
one of the most useful algorithms for detecting communities. The Leiden
algorithm guarantees communities are well-connected. It concentrates on
a partition where all subsets of all communities are assigned locally
optimally. It is faster method because it relies on a quick local move

routine. The enhancing Leiden algorithm consists of these steps:

1. Start by calculating new weights using Algorithm (3.7), combining

topics and sentiment with retweets and mentions.
2. Then creating a singleton node community.

3. Nodes exploit the new weights to find the best partition that nodes

are moved locally from one community to another.

4. The refinement is fine-tuned partition by the node can be split or

combined communities in which the quality function increases.
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5. Network aggregation based on this refined partition. The aggregate

network's first partition is created using the non-refined partition.

6. The local moving, refining, and aggregation procedures are repeated

until no further improvements are possible.

Algorithm 3.8 Enhancing Leiden Community Detection

Input: RT, M (obtained from algorithm 3.3), Tweet_topics (dominant topic)

(obtained from algorithm 3.4), Label _Tweets (Tweet classification) (obtained from

algorithm 3.6)
Output: P Communities Partition

Begin

1. Call New Weighted Network (RT, M, Tweet_topics, Tweet_topics)

2. Do

) P < Fast Local Move(G, P, N_weights) //Move nod_es_ between
communities

4 P==N (G) [[Every community is one Node

5 If not done then

6. Pref <Refine_Partition(G, P) //Refine partition P

7 G «Aggregate_Graph_refined(G, p,.r) //Create aggregate graph

8 P « Partition(V(G)) I/l Maintain partition P

9 End if

10. While not done
11. Return flat *(P)
End
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3.8.3 Evaluation of Community Detection

After detecting communities for the Twitter networks, it is helpful to
assess the detected communities to answer the question of the
enhancement. Two methods performed the evaluation. The current model
measured the improved Leiden algorithm by determining modularity and
a Constant Potts Model (CPM). Modularity is often used in optimization
approaches for discovering community structure in networks. Modularity
Is a network structural metric that evaluates how well a network can be
divided into groups. The high modularity value refers to more connections
among nodes inside groups but fewer connections among nodes in
different groups. Modularity was calculated as Equation (2.16) in chapter
2.

The constant Potts Model (CPM) is a network metric that evaluates how
a network is divided into communities. High CPM value has the best
communities partition dense links between nodes inside communities.

CPM was calculated as Equation (2.17) in chapter 2.
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4.1 Overview

This chapter introduces and clarifies the implementation and
experimental results of the proposed model, which has been performed on
Twitter datasets. At first, the Twitter API is utilized to collect data. Next,
Preprocessing is applied on Twitter data. After that, the topics and
sentiment of users' tweets were discovered. Consequently, the new
weights of the network are calculated by combining the structure network
with the content of tweets. At last, but not least, the chapter will
investigate the Leiden community detection results after calculation the
new weight. Finally, the improved Leiden results were compared with

other methods on the Twitter dataset.

4.2 System Requirements
e Hardware, Processor: Intel(R) Core(TM) i7-8565 CPU @ 2 GHz
e Memory: 20 GB RAM.
e Operating System: Windows 10 Pro 64-bit.
e Programming Language: Python 3.7
e |DE Environment: PyCharm 2019.1

4.3 Twitter Datasets

Twitter is one of the most widely used social media networks
worldwide. Existing Twitter datasets couldn't be employed for this
proposed model because they have only text tweets or structural
relationships among users. In this work, the model required a dataset that
can offer a structured network and the users' texts both, not just the

information about who is linked to whom. Moreover, retweets, mentions,
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and hashtags are also needed for those tweets. Therefore, real tweet data
have been collected in this work from Twitter using the API interface.
Twitter provides a search API for developers to get recent real tweets
published daily. The Twitter search API is used to collect tweets using
keywords and hashtags. Tweets come from users who actively speak

about a particular subject.

In the current work, the two raw datasets were collected from Twitter
using APIs as stated in (3.1) algorithm. These raw data will be
preprocessed by cleaning and putting them in order in the dataset structure
to be used in the future for studies related to this aspect. The first raw data
collected was 10406 tweets regarding the social networking website,
phone, and electronic devices. The second raw data collected was 30910
tweets regarding anxiety, education, cars, and entertainment. These tweets
were collected between the years 2019-2020. The downloaded data
contain a set of tweets, mentions, hashtags, retweets, and users' details.
The number of gathered tweets based on hashtags and keywords is stated
in Table (4.1).

Table 4. 1. Details of Raw Data Collected

Search Query No. of Tweets
Raw Data 1 Samsung, phone, Twitter, android, 10406
IOS, apple
#Facebook, #Twitter, #IPhone
Raw Data 2 anxiety, stress, school, car, mobile, 30910
cinema

# anxiety, #movie, #vacation,
# education
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4.3.1 Data Extraction

Tweets were gathered from Twitter and stored in JSON format. Figure
(4.1) shows a sample of a JSON Format. On Twitter, a tweet has a set of
attributes more than 150 attributes. Some attributes were extracted from
tweets to use in this work such as: Created at, 1D, Text, and User name
see Table (4.2). A CSV spreadsheet with the prior data along with a
column was built. JSON data were converted into key-value pairs to CSV.
For datasets collected from Twitter using APIs, attributes are extracts

from tweets and stored in CSV files.

"Created at": ": "Sun May 25 20:11:36 +0000 2020",
"id": 1103654215276136,
"text": " beating you @heralteric @nust. I sense the latter days of Xiaomi
begin from phone #apple "
"source": "<a href=\"http://twitter.com/download/iphone\"
"user": {"id": 11259386409740224,
"name": "Bah Fulerton",
"screen_name": "BahFulerton2",
"location": "Arkansas, USA", ...}
"entities": {"hashtags": [{"text": " apple ", "indices": [91, 96]}], "urls": [],
"user mentions": [{"screen name": " heralteric, ", "name": "Charles

Dave", "id": 3236653, "indices": [14, 30]}

Figure 4. 1 Simple JSON Format Tweets
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Table 4. 2 Sample of CSV Tweets

Created_at ID Text User name
I'm a recent @Samsung user, a short
1 |2020-04-24 | 2186261 | pit frustrated with it! must I change to Userl
10:04:30 #IPhone @jack @johnsa
@Sam When | have nothing to do,
2 | 2020-04-24 | 1183656 | \yhen I'm doing homework, I'm on User2
10:11:23 twitter 1 don't do ANYTHING
Galaxy Vs iPhone: Which smartphone
3 |2020-04-24 | 2085456 | will wins? 1 ask @phahk to test and User3
10:14:55 get result galaxy apple #Android
I remember when | opened #twitter
4 |2020-04-24 | 1193275 | the first follow | gave was to @ Istook User4
10:17:45 he is my best Friend
2020-04-24 open Facebook because you do not
10:18:20 2298252 | entertain your people so that we no User5
5 longer go away so many plebs A—A-
beating you @heralteric @nust. |
AL sense the latter days of Xiaomi begin
6 igZZO 4:02% 24 | 1296553 from phone #apple. User6
The most unnatural things Siri has
7 spoken so far. | am so happy to tell me
582204();624 1525357 | this word that apple provided Siri a User7
o mood! http://t.co/ehgpp via @Hlace
2020-04-24 Thanks to #Samsung for exchanging
8 110:24:38 2426324 | my phone screen during my shopping User8
today, available of guarantee.
2020-04-24 When I said I'm trying to sleep, |
9 110:24:40 1093242 | actually mean I'm supposed to appear User9
for 30 minutes on Twitter before
bedtime! &It;3
2020-04-24 I'm disordered up because each time |
10 | 10:24:42 2178643 | write a tweet text | feel worried since | User10

have a few characters! It's becoming
difficult to follow all of the text
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4.4 Use Case Study

Many experiments to assess the proposed work have been executed on
Twitter raw data collected. The proposal model was applied on the
collected Twitter data of 10406 Tweets.

4.4.1 Preprocessing Stage

While collecting data from Twitter faced a few challenges. Several
tweets contain no text such as pictures and videos. Many users write in
other languages in tweets described in English. Some tweets were
advertisements of events or businesses company. Few tweets didn't
include any text, only a user name. Few tweets have the hashtagged term
on the tweet. Many people had duplicated others' tweets by retweets.

Therefore, the preprocessing techniques were implemented to clean the
collected data and build the dataset. It is one of the most critical aspects
of this work because tweets contain different of terms, phrases, hashtags,
mentions, and URLSs. The data cleaning procedure followed these actions.
The tweets were checked for duplication and deleted consecutively. We
extract mentioned names (i.e., @John) and retweet names (i.e., Rt
@Malik) in tweets. All hashtags were extracted from the tweets (only the
# symbol were removed). These mentions and retweets are used in the
next phase of the current model to build networks. Hashtags were also
used in the next step to enrich tweets before discovering topics. All words
less 3 char, signs were removed. Applying spell check that check and
correct words (i.e.,’happpy’ became ’happy’). Removing non-
alphanumeric terms (not in a-z, A-Z, 0-9). All URLs and emails were

removed (i.e., https://t.co/\VVzS5ahNPt, ha@gmail.com). Tweets words are
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transformed to lower case to remove ambiguity and standardization.
Stopwords are a group of regularly used words in the English language,
(i.e. ',

meaningless and increase the number of words without any benefit. The

‘a’, and 'the’). These words have been deleted since they are

lemmatization process converted words that contain prefixes and suffixes
by mapping their origin roots (i.e. running and ran are converted to run).
POS tagger is to assign grammatical information to tokens (i.e. everything
is all about life' are mapping to (‘everything’, 'NN"), ('is', 'VBZ"), (‘all',
‘DT, (about’, 'IN"), (life’, 'NN", (.', ."). A sample of preprocessing

operations on dataset have shown in Table 4.3.

Table 4. 3. Sample of Preprocessing Operation

Result Action

@bery & @acook are really about to cause me to
throw my phone in the garbage and buy an
#Apple? New device!

Processing Operation
Text

Extract Mention from Tweet

@bery , @acook

Extract Hashtag from Tweet

#Apple

Non-alphabetic characters

are really about to cause me to throw my phone in
the garbage and buy an New device

Remove Stopwords

really cause throw phone garbage buy New device

Splits the tweets into tokens

['really’, ' cause’, "throw ', ' phone ', ' garbage ',
buy ', "New ', ' device ']

Check the spelling

[ really’, ' cause’, "throw ', ' phone ', ' garbage ',
buy ', " New ', ' device ']

Convert to Lowercase

['really ', ' cause ', ' throw ', ' phone ', ' garbage ',
buy ', "new ', " device ']

Check the lemmatization

['really ', ' cause ', ' throw ', ' phone ', ' garbage ',
buy ', "new ', " device ']

word Part of speech

[(really', 'RB"), (' cause', 'VB"), (‘throw', 'VB),
(‘phone’, 'NN"), (‘garbage’, ‘NN, (‘buy’, 'VB"),
('New', 'NNP"), (‘device’, 'NN")]
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Table 4. 4. Example of Tweets in Dataset

Tweets

1 | I'm arecent @Samsung user, a short bit frustrated with it! must I change to
#IPhone @jack @johnsa

2 | @Sam When | have nothing to do , when I'm doing homework, I'm on twitter
| don't do ANYTHING

3 | Galaxy Vs iPhone: Which smartphone will wins? | ask @phahk to test and
get result galaxy apple #Android

4 | I remember when | opened #twitter the first follow | gave was to @Istook he
is my best Friend

5 | open Facebook because you do not entertain your people so that we no longer
go away so many plebs A-A-

6 | beating you @heralteric @nust. | sense the latter days of Xiaomi begin from
phone #apple.

7 | The most unnatural things Siri has spoken so far. | am so happy to tell me this
word that apple provided Siri a mood! http://t.co/ehgpp via @Hlace

8 | Thanks to #Samsung for exchanging my phone screen during my shopping
today, available of guarantee.

9 | When I said I'm trying to sleep, I actually mean I'm supposed to appear for 30
minutes on Twitter before bedtime! #Twitter &It;3

10 | I'm disordered up because each time | write a tweet text | feel worried since |
have a few characters! It's becoming difficult to follow all of the text

The preprocessing step in Algorithm (3.2) was applied on tweet dataset
to change the tweets to the readable format required by the next phase of
the proposed model. Irrelevant words, emotions, symbols, numbers,
emails, and URLs that appear in tweets that are unlikely to help text
mining, such as prepositions, articles, and pronouns, see Table (4.4) and
(4.5).
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Table 4. 5. Result of Preprocessing on Tweets

Cleaned Tweets

1 | [ recent’, "user’, 'short’, 'bit", ' frustrated ', ' change ]

[ homework ', " twitter ']

['galaxy’, ‘iphone’, 'smartphone’, 'wins', ‘ask’, ‘test’, 'get’, 'result’, 'galaxy’,
‘apple’]

[ remember ', " opened ', ' follow ', " gave ', " best ', ' Friend ]

[ open ', ' Facebook ', ' entertain ', ' people ', " longer ', ' go ', "away ', ' plebs ']
[ beating ', " sense ', ' latter ', * days ', ' Xiaomi ', " begin ', ' phone "]

[ unnatural ', " things ', * Siri ', ' spoken ', " far ', "happy ', " tell ', " word ', " apple
", " provided ', ' Siri ', ' mood ']

[ exchanging ', ' phone ', ' screen ', ' shopping ', ' today ', ' guarantee "]

9 | ['said’, "trying ', "sleep ', "mean ', ' supposed ', ' appear ', ' minutes ', ' Twitter
", " bedtime "]

10 | [ disordered ', ' time ", " write ', ' tweet ', " text ', ' feel ', ' worried ', ' characters
", "difficult ", " follow ', " text ']

~N| o] o) b~

After cleaning tweets, the part of speech or POS-tagging is performed
where every word in the tweet refers to the role the word plays in a
sentence. i.e., noun, verb, adjective...etc. The POS tagging applies to
selecting the nouns only to discover topics on tweets in the next phase.

Table (4.6) shows all parts of speech words in the tweets dataset.

Table 4. 6. Result of POS-Tagging on Tweets

POS-Tagging

1 | [(recent’, '3J"), (‘user’, 'NN), (‘'short’, 'JJ"), (‘bit', 'NN"), (‘frustrated’, 'JJ"),
(‘change’, 'VBP"]

2 | [(Chomework’, 'NN'), (‘twitter', 'NN")]

[(galaxy', 'NNP"), ('iPhone’, 'NN"), (‘smartphone’, 'NN"), (‘wins', 'VB'), (‘ask’,
'VBP"), (‘test', 'VB'), (‘get’, 'VB"), (‘result’, 'NN'), (‘galaxy’, 'NN"), (‘apple’,
‘NN
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4 | [ (‘remember’, 'VBP'), (‘opened’, 'VBD'), (‘follow’, 'NN"), (‘gave', 'VBD'),
(‘was', 'VBD"), (‘best', 'JJS"), ('Friend’, 'NN"]

5 | [(open’, '3J), (Facebook', 'NNP"), (‘entertain’, 'VB'), (‘people’, 'NNS"),
(longer’, 'RBRY), (‘go’, 'VB"), (‘away’, 'RB'), (‘plebs’, 'NNS"]

6 | [(‘beating’, 'VBG'), ('sense’, 'VBP"), ('latter', '3J), (‘days’, 'NNS'), ("Xiaomt',
'‘NNP", (‘begin’, 'VBP"), (‘phone’, 'NN"]

7 | [Cunnatural’, 'JJ), (‘things', 'NNS"), (‘Siri’, 'NNP"), (‘spoken’, 'VBN"), (‘far’,
'RB"), (‘happy’, 'JJ), (‘tell’, 'VB"), (‘word', 'NN"), (‘apple’, 'NN), (‘provided’,
'VBD"), ('Siri', 'NNP"), ('mood', 'NN"]

8 | [(‘exchanging’, 'VBG'), (‘phone’, 'NN'), (‘screen’, 'NN'), (‘shopping’, 'NN"),
(‘today', 'NN'), (‘guarantee’, 'NN")]

9 | [('said', 'VBD"), (‘trying', 'VBG'), (‘sleep’, 'VB'), ('mean’, 'VBP"), (‘supposed’,
'VBN"), (‘appear’, 'VB"), (‘'minutes’, 'NNS"), (‘Twitter', 'NNP"), (‘bedtime’,
‘NN

10 | [(disordered’, 'VBN'), (‘time', 'NN), (‘write', 'VBP"), (‘tweet', 'NN'), (‘text’,
‘NN, (‘feel’, 'VBP"), (‘worried', 'JJ"), (‘characters’, 'NNS"), ('difficult’, 'JJ"),
(‘follow’, 'VB"), (‘text', 'NN")]

4.4.2 User Network Formation

Networks are built-in Twitter as an interactive graph representing a
group of nodes connected by edges with weights assigned. The mentions
and retweets extracted in preprocessing stage are used to build networks.
The retweet network (V, E, W) is built as in Figure (4.2) and Table (4.7),
V is a set of nodes in which each node reflects the user name. E is a set of
edges {eq, e,, ..., e,} representing a retweet relation among users (user
name of tweet). W a set of weights associated with each edge represents
the number of retweets among users. The Mention network (V, E, W) is
built in Figure (4.3) and Table (4.8), V is a set of nodes, each node reflects
the user name that mention other user. E is a set of edges {e;, 5, ..., e, },
represents a mention relation among users. W a set of weights associated

with each edge represents a number of mentions between users.
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Figure 4. 2 Sample Retweet Network

Table 4. 7. Retweets” Weight in the Network

Nodes U1l U2 U3 U4 Us
U1 0 0 0 0 2
U2 1 0 2 0
U3 0 3 0 0 0
U4 0 2 1 0 0
USsS 2 0 0 1 0
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Figure 4. 3 Sample Mention Network

Table 4. 8. Mention s” Weight in the Network

Nodes U1l U2 U3 U4 USs
U1 0 1 0 1 0
U2 1 0 0 1 0
U3 0 3 0 2 1
U4 2 0 2 0 1
Us 0 0 0 1 0
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4.4.3 User Topic Discovery

After the preprocessing stage, the hashtags enrichment process is
applied to cleaned tweets by appending hashtags words extracted from the
dataset into tweets. Hashtags words have stored significant information
that helps to discover topics. Hashtag’s enrichment adds more words that
exploited to overcome tweets shortage length for improving the capacity
of tweets’ contextual meaning. Not all tweets are enriched with the
hashtag because not all posts have hashtags depending on the writing
manner user.

After the hashtags are appending, the enriched tweets will be mapped
into TF-IDF. It is a numerical representation of the tweets dataset used to
find topics in LSA. Each tweet in the dataset was converted as a (words,
weights), which detects the word's importance in the tweet dependent on

value. Figure 4.4 represents the follow of LSA process .

———_’—-—-—_-

Enriched

e~ Tweets

Cleaned —— Ilashtags pr—— ”'“_';Ih i

dataset —

B— -
Evaluation

using €«—— [SATopic model <€——— TF IDF Features

Coherence Score

Figure 4. 4 LSA Topic Model Process
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Table 4. 9. LSA Coherence Value Comparison

Topic  LSA with Hashtags LSA without Hashtags

No.
2 0.5737 0.5369
4 0.5551 0.515
6 0.5342 0.4978
8 0.5578 0.5077
10 0.5252 0.4881
12 0.5379 0.508
14 0.5537 0.5136
16 0.5459 0.5099
18 0.5544 0.5341

The LSA topic model technique was used twice in current experiments.
The first experiment was used raw tweets without hashtags enrichment to
detect the hidden topics. The second experiment was tested on enriched
tweets. Several experiments have been executed on various setups to
extract latent topics by applying the LSA method in Algorithm (3.4). The
experiments used k's topics between 2 and 20 to find the best cluster
topics. The coherence score is used to evaluate each experiment of topic
modelling. Table (4.9) has shown the results of LSA model experiments.
LSA with hashtags enrichment tweets gets higher coherence value than
without hashtags enrichment. Using hashtags with tweets helps to
improve the coherence score value in LSA result. The experiments
showed the best result for LSA with hashtags enrichment tweets when k
= 2 with a coherence score of 0.5725 see Figure (4.5), while The best

number of topics for LSA without hashtags is k = 2 with a coherence score
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of 0.5369. A higher coherence score indicates to a topic is easier to
understand the word distribution about what subjects would belong to.
The result shows that LSA incorporates hashtags that perform better than
LSA without hashtags on most k topic numbers. Using hashtag attribute
to enriched tweets helps to improve the coherence score value in our LSA
result from 0.5369 in link relationship to 0.5737.

0.57 4

0.56 1

0.55 A

Coherence score

0.54 4

0.53 4

2 < 6 8 10 12 14 16 18
Num Topics

Figure 4. 5 Coherence Score of LSA for Different K

Table (4.10) shows the topics of the best coherence value found after
testing LSA with enriched tweets on the different numbers of k. Two
topics and their words are discovered by the LSA method on enriched
tweets. The words in the topics were ordered according to their
probability. Figure (4.6) is a word cloud that plots words when each word
is scaled by its probability for an additional indication. For example, the

most important words for topic O are "twitter" followed by "night",
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"tweet", and so on, while the most important words for topic 1 are "phone”

followed by, "store", "window", and so on.

All of the words were grouped to build topics. While looking at the
word sequence, a topic will be created for each group of words. Thus,

words in topic 0 refer to the topic related to social media, while words in

topic 1 refer to the topic related to phones or mobile.

Table 4. 10. LSA Topics Result with Enriched Tweets

Topic #0 Topic #1
0.996 *twitter 0.963 *phone
0.035 *night 0.101 *store
0.031 *tweet 0.097 *window

0.031 *follower
0.026 *day
0.019 *time

0.018 *people
0.016 *today
0.014 *sleep
0.013 *name
0.013 *friend

0.012 *life

0.01 *Facebook
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0.088 *screen
0.07 * apple
0.069 *device
0.068 *week
0.063 *user
0.059*android
0.058*mango
0.048*iphone
0.038*purchase

0.03*update
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Figure 4. 6 LSA Word Cloud for Topics on Enriched Tweets

After finding the optimal number of topics using the LSA method, each
tweet in the dataset consists of multiple topics. But, usually, only one of
the topics is dominant. Each tweet consists of a set of words that represent
different topics. Therefore, we need to decide which topic represents each
tweet by calculating which topic has the highest contribution and
assigning it. Table (4.11) shows assigning the tweet to the topic that has
the highest weight in that tweet.

Table 4. 11. Dominant Topics on Tweets

Dominant
ID Tweets Topic
I'm a recent @Samsung user, a short bit
frustrated with it! must | change to #IPhone
1 | 2186261 | @jack @johnsa 1
@Sam When | have nothing to do , when I'm
doing homework, I'm on twitter | don't do
2 | 1183656 | ANYTHING 0
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Galaxy Vs iPhone: Which smartphone will
3 | 2085456 | wins? | ask @phahk to test and get result 1
galaxy apple #Android

I remember when | opened #twitter the first
4 | 1193275 | follow I gave was to @Istook he is my best 0
Friend

open Facebook because you do not entertain
your people so that we no longer go away so 0
many plebs A-A-

2298252

beating you @heralteric @nust. | sense the
latter days of Xiaomi begin from phone 1

1296553 Happle.

The most unnatural things Siri has spoken so

7 far. I am so happy to tell me this word that
1525357 apple provided Siri a mood! http://t.co/ehgpp
via @Hlace

Thanks to #Samsung for exchanging my phone
8 | 2426324 | screen during my shopping today, available of 1
guarantee.

When | said I'm trying to sleep, | actually
9 | 1093242 | mean I'm supposed to appear for 30 minutes on 0
Twitter before bedtime! #Twitter &It;3

I'm disordered up because each time | write a
10 | 2178643 | tweet text | feel worried since | have a few 0
characters! It's becoming difficult to follow all
of the text

4.4.4 User Opinion Classification

After obtaining the topic for each tweet in the previous step, the SVM
method is applied to recognize and extract the opinion information of
users. Before the tweets dataset is classified, we have annotated the tweets
data with the help of expert annotators. Annotation is a technique of
adding a label to the data to train machine learning algorithms to classify
tweets. In this work, each tweet must be labeled as 0O, -1, or 1. The label

indicates if the tweet is related to a positive feeling, it was given a label 1,
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and if the tweet is related to a negative feeling, it was given a label -1.
Otherwise, it was given a label 0. Table (4.12) is a sample of the tweets
data label.

After annotations, each tweet was transformed into word vectors used
in the SVM method. The bag of words is built using a unique word derived
from the training dataset. The number of words defines the vector size.
The labeled tweets are used to train SVM classifier. The SVM parameters
were adjusted on the training tweets. SVM has classified users opinions
about a particular topic into positive, neutral, or negative. SVM is used
with the adjusted parameter to classify the rest of the unlabeled dataset.
The accuracy value on the unlabeled dataset showed that the support
vector machine (SVM) had a high performance with an accuracy score of
75% lower than other research results because the data here is not fully

classified but rather partly labeled.

Table 4. 12. Labeled Tweets

LABELS EXAMPLES

Negative | I'm a recent @Samsung user, a short bit frustrated with it!
must | change to #IPhone @jack @johnsa

Neutral I remember when | opened #twitter the first follow | gave
was to @Istook he is my best Friend

Positive | The most unnatural things Siri has spoken so far. | am so
happy to tell me this word that apple provided Siri a mood!
http://t.co/ehgpp via @Hlace

100



Chapter Four Experimental Results and Discussions

45.00%
40.00%
35.00%
30.00%
25.00%
20.00%
15.00%
10.00%

5.00%

0.00%

Positive tweets Neutral tweets Negative tweets

Figure 4. 7 SVM Sentiment Result

The experiments have been executed on tweets dataset to discover user
opinion by applying the SVM method in Algorithm (3.6). The result of
SVM in Figure (4.7) has shown very few users have negative opinions,
while most users have a positive and neutral opinion about two topics.
After tweets classification, we can know the user's topic and his feelings

about this topic, as shown in Table (4.13).

Table 4. 13. Opinion of Users Tweets

Dominant | Sentiment

ID Tweets Topic
I'm a recent @Samsung user, a short bit
2186261 | frystrated with it! must | change to 1 -1

#IPhone @jack @johnsa

@Sam When | have nothing to do,
1183656 | when I'm doing homework, I'm on 0 0
twitter | don't do ANYTHING
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2085456

Galaxy Vs iPhone: Which smartphone
will wins? | ask @phahk to test and get
result galaxy apple #Android

1193275

| remember when | opened #twitter the
first follow | gave was to @Istook he is
my best Friend

2298252

open Facebook because you do not
entertain your people so that we no
longer go away so many plebs A-A-

1296553

beating you @heralteric @nust. | sense
the latter days of Xiaomi begin from
phone #apple.

1525357

The most unnatural things Siri has
spoken so far. | am so happy to tell me
this word that apple provided Siri a
mood! http://t.co/ehgpp via @HIlace

2426324

Thanks to #Samsung for exchanging my
phone screen during my shopping today,
available of guarantee.

1093242

When | said I'm trying to sleep, |
actually mean I'm supposed to appear
for 30 minutes on Twitter before
bedtime! #Twitter &It;3

2178643

I'm disordered up because each time |
write a tweet text | feel worried since |
have a few characters! It's becoming
difficult to follow all of the text

4.4.5 Enhancing Community Detection

Detecting the community is an essential process when analyzing social

networks. In this model, the new weight edge was calculated first to

combine user content and link relation. For each edge, there should be a

weight serving as an interaction degree of a node upon the destination

node, or it can be interpreted as a strength of the relationships among the

nodes. The weights must be calculated first to get the community

detection process done. The key point in this step was to calculate a new
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weight that incorporates the topic and sentiment of users with retweets
and mentions relation for each edge in the network. A weight value
represents the degree to which one user can cooperate with other users.
In these experiments, the weights are calculated using Equation (3.1)
utilizes the structural and content attributes by implementing Algorithm
(3.7). A new weights are determined by utilizing the weight of retweets
and mentions with topics and user’s sentiment. Figure (4.8) has shown a
new weighted network graph sample, where the new weights are
calculated using structural and content attributes. The figure has stated the
weights associated with the user’s topics, sentiment, retweet, and mention.

This new weight network will be used in discover user’s communities.

The community detection is started after obtaining the new weight
network by applying the Algorithm (3.8). The Leiden algorithm starts by
creating a singleton node partition. Then, nodes are moved locally from
one community to another to find a partition. The refinement is being fine-
tuned partition. Finally, network aggregation is based on this refined
partition. All procedures are repeated until no further improvements are

possible.

The experiments measured the improved Leiden algorithm by
determining modularity and a Constant Potts Model (CPM). Modularity
evaluates how well a network can be divided into communities that have
more connections among nodes inside groups but fewer connections

among nodes in different groups.
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Figure 4. 8 Enhanced Detecting communities
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The improve Leiden community detection was applied on tweets
network. The performance of improved Leiden community detection was
tested on networks by comparing the algorithm's results on five different
types of networks that contain user content and attributes. The parameters
were adjusted for modularity with resolution parameter (y = 1) and CPM
constant parameter (y = 0.01, 0.001). Table (4.14) are shown the result
of these experiments that have tested the proposed model for structural
and content networks. The result shows improvement in quality of

community detection for both modularity and CPM metrics.

Table 4. 14. Leiden Community Detection Result of Dataset 1

CPM CPM
Type Modularity| y=0.01 | y=0.001

Retweet Network 0.7984 0.7514 0.9133

Retweet and Mention Network 0.8302 0.8123 0.9495

Retweet and Topic Network 0.7851 0.8106 0.9538
Retweet, Mention and Topic
Network 0.8136 0.8361 0.9574
Retweet, Mention and Topic,
Sentiment Network 0.8234 0.8488 0.9637

The network that incorporates retweet weights and mentions with
topics and sentiment has the higher values for modularity (0.8234) and
CPM (0.8488 and 0.9637) metrics. In contrast, the structural network that
depends on link relation shows less quality value for the improved Leiden

method. The retweet network shows less quality value for both modularity
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and CPM metrics. The retweet and mention network combination show
better results than the retweet network because of the increased weight of
edges with mention edges. The network that incorporates retweet,
mention, and the topic shows better results than the retweet network and
retweet and mention network because of the increased weight of edges
with mention edges and topics. The network that incorporates retweet and
mention with the topic and sentiment shows better results than other
network because of the increased weight of edges with mention edges,

topics, and sentiments. Thus, content and Twitter features help enhance

the Leiden method results.

User D |

Text

Domizsnt Topic

Sentiment ](‘o-nniry No

2186261 |I'n a recent @Samsweg user. a short bit frustrated with it! must I change to #1Pbone @yack @3olnsa

Phone

| 1183655 |{@Sam When I kave nothing o do . whea ' doing bomework. Tm on twiter | doa't do ANVTHING

Social Meda |

0

|

1

Figure 4. 9 Community Detection Result Details
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The modularity showed less change in their value than CPM because
of resolution limits which may cluster smaller communities into larger
communities, while CPM has not contained this problem. Thus, high
CPM values are easier to understand. The retweet network has shown less
value for modularity and CPM because it only depends on link
relationships, which ignores other attributes that may help improve
quality. The retweet and topics network performs close results to the
retweet, mention, and topic network because a small number of mentions
exist between users in dataset. Update edge weight values with additional
attributes allowed community detection to discover more accurate
communities representing user’s interactions and discussing topics
between users and their sentiments. Every node in the community has not
only the community number of nodes, but it also has helpful information
about user topics and opinions. Figure (4.9) shows the result of the two
communities. The user in community O writes about the phone and has a
negative opinion about phone. While the user in community 1 writes about
social media and has a neutral opinion about social media. This
information helps researchers and companies analyze and detect users'

behavior in communities.

Further, this combination will help know community sentiments about
a particular topic in networks by providing users' opinions. Figure (4.10)
displays the distribution of opinion in the three most significant
communities. The positive users opinion is high in all three communities,
while negative users opinion is low in all three communities. Also, The

neutral and negative opinions are almost equal in community 1.
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Figure 4. 10 Distribution of Sentiment in Communities

4.5 Other Experiments

The proposed model was applied on the collected dataset 2 of the
Twitter network. The preprocessing step in Algorithm (3.2) was applied
on tweet dataset to change the tweets to the readable format required by
the next phase of the proposed model. Then, retweet and mention
networks are built-in Twitter as an interactive graph representing a group
of nodes connected by edges with weights assigned. These mentions and
retweets are extracted in preprocessing used to build networks in
Algorithm (3.3). Next, the hashtags enrichment process is applied to
cleaned tweets by appending hashtags words extracted from the dataset.
The enriched tweets were mapped into a numerical representation of
tweets dataset called TF-IDF.
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The LSA topic model was used in this experiments. Several
experiments have been executed on various setups to extract latent topics
by applying the LSA method in Algorithm (3.4). The experiments used
k's topics between 2 and 20 to find the best cluster topics. The coherence
score is used to evaluate each experiment of topic modelling. Table (4.15)
has shown the result of LSA model experiments. LSA with hashtags
enrichment tweets gets higher coherence value than without hashtags
enrichment because adding hashtags into tweets increases word co-

occurrences with rich words.

0.44 /

Coherence score

e
gl | ,—’\/\

2 4 6 8 10 12 14 16
Num Topics

Figure 4. 11 Coherence Score of LSA for Different K

The experiments showed the best result for LSA with hashtags
enrichment tweets when k = 4 with a coherence score of 0.4744 see Figure
(4.11), while The best number of topics for LSA without hashtags is k =
2 with a coherence score of 0.4269. The result shows that LSA

incorporates hashtags that perform better than LSA without hashtags on
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most k topic numbers. Using hashtags attribute to enriched tweets helps
improve the coherence score value in our LSA result from 0.4269 to
0.4744.

Table 4. 15. Coherence Score for LSA on Dataset 2

Topic  LSA with Hashtags LSA without Hashtags

No.
2 0.3229 0.4269
4 0.4744 0.385
6 0.4449 0.3679
8 0.3329 0.278
10 0.3955 0.3281
12 0.3229 0.3124
14 0.2615 0.2936
16 0.3384 0.2764
18 0.3136 0.3041

Table (4.16) has shown the topics and their words discovered by the
LSA method on enriched tweets. The words in the topics were ordered
according to their probability. Figure (4.12) is a word cloud that plots
words when each word is scaled by its probability for an additional
indication. The experiments have been executed on LSA tweets output to
discover user opinion by applying the SVM method in Algorithm (3.6).
The result of SVM in Figure (4.13) has shown very few users have
negative opinions, while most users have a positive and neutral opinion

about four topics.
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Table 4. 16. LSA topics result on Enriched Tweets

Topic #0 Topic #1 Topic #3 Topic #4
anxiety driver school movie
attack car college vacation
time race course artist
depression ride student life
today man knowledge cinema
people front teacher picnic
thing accident tuition lounge
day insurance university break
stress park level interest
work finance institute holiday

movie

driver

financs man

Ak

bre

Figure 4. 12 LSA Word Cloud for Topics on Dataset 2
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Tweets Sentiment

40%
35%
30%
25%
20%
15%
10%

5%

0%

Postive Netural Negative

Figure 4. 13 SVM Sentiment Result on Dataset 2

A new edges network was calculated by applying the Algorithm (3.7).
The Leiden community detection is started after obtaining the new weight
network by applying the Algorithm (3.8). The Leiden community
detection algorithm was applied on new weighted network. The
performance of improved Leiden community detection was tested on
Twitter networks by comparing the algorithm's results on five different
types of networks that contain user content and attributes. The parameters
were adjusted for modularity with resolution parameter (y = 1) and CPM
constant parameter (y= 0.01, 0.001). Table (4.17) is shown the result of
experiments that have tested the improved Leiden method for structural
and content networks. The result shows improvement in quality of
community detection for both modularity and CPM. The network that
incorporates retweet weights and mentions with topics and sentiment has
the higher values for modularity (0.9828) and CPM (0.7395 and 0.9537)
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metrics. In contrast, the structural network that depends on link relation

shows less quality value for the improved Leiden method.

Table 4. 17. Community Detection Result on Dataset2

CPM CPM
Type Modularity| y=0.01 | y=0.001
Retweet Network 0.9824 0.7174 0.9410

Retweet and Mention Network 0.9825 0.7337 0.9525

Retweet and Topic Network 0.9826 0.7359 0.9530

Retweet, Mention and Topic
Network
Retweet, Mention and Topic,
Sentiment Network

0.9826 0.7364 0.9530

0.9828 0.7395 0.9537

4.6 Benchmark Dataset

For more general, The proposed model was tested on a benchmark
dataset. Zachary karate club network is a standard network dataset. It
contains 34 nodes and 78 edges assigned a weight one. This dataset only
represents a structural network that does not accumulate text information.
The performance of proposal was tested on Zachary Karate Club
benchmark network by comparing the results of the improved Leiden
community detection on two types of networks. We suppose that the
Zachary network includes data about users. The weights between edges
have been updated randomly for 30 link relations in experiments. The
parameters were adjusted for modularity with resolution parameter (y=1)
and CPM constant parameter (y = 0.05).
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Table 4. 18. Zachary Network Result

Zachary Network

0.4198

0.6865

0.5282

New Zachary Network

0.4647

0.8295

0.7447
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Figure 4. 14 Zachary Communities

114



Chapter Four Experimental Results and Discussions

Table (4.18) is shown the result of experiments that have tested the
improved Leiden method for structural Zachary network and update
Zachary network. The result shows improvement in quality of enhanced
Leiden community detection for modularity and CPM when updating
edges weight. A new weights network increases the quality of enhanced
Leiden algorithm for modularity from 0.4198 in link relationship to
0.4647 and CPM from 0.5282 and 0.6865 in link relationship to 0.7447
and 0.8295. Figure (4.14) was shown the Zachary network has updated
the weights of the edges. Then, communities were detected using the

enhanced Leiden method.

4.7 Results Comparison
The proposed enhancement work has been compared on the dataset of

tweets for topic modelling and community detection.

4.7.1 LSA and LDA Topic Modelling

LSA is compared with the LDA topic model algorithm using tweets to
find latent topics. Each method executes for several numbers of k
depending on the dataset. The topics were used between k = 2 and 20, and
the coherence score was calculated for each technique with k topics. LSA
and LDA clustering methods are applied to the TF-IDF built from Twitter
dataset. The results of LSA and LDA methods with hashtags and without
hashtags are listed in Table (4.19) and Figure (4.15). The best number of
topics for LSA with hashtags is a k = 4 with a coherence score of 0.4744,
while the best number of topics for LSA without hashtags is k = 2 with a

coherence score of 0.4269. For the LDA method, the best number of topics
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with hashtags is 16 topics with a coherence score of 0.6036, while the best
number of topics without hashtags is 14 topics with a coherence score of
0.6047. The LDA coherence score value has increased with the number
of topics. Using hashtags attribute to enriched tweets helps improve the
coherence score value in LSA result, while LDA performs better without
incorporating hashtags. LDA has a higher coherence score value than LSA
due to the Dirichlet process finding more topics in the text. The words are
still duplicated in many topics, and some topics can cluster into the same
topic rather than be put into multiple topics that increase coherence value.
In contrast, LSA is a semantic structure method that collects words to
share the same subject into the same topic. Therefore, the number of k
topics in LSA is less than LDA due to collecting all tweets sharing the
same topics into one general topic. Thus, LSA coherence score values are
less than LDA in the result.

Table 4. 19. Comparison between LSA and LDA Results

0.3229 0.4269 0.285 0.357
- 0.4744 0.385 0.3788 0.3279
- 0.4449 0.3679 0.4304 0.4368
- 0.3329 0.278 0.4856 0.5077
- 0.3955 0.3281 0.5047 0.5716
- 0.3229 0.3124 0.5944 0.5574
- 0.2615 0.2936 0.5867 0.6047
- 0.3384 0.2764 0.6036 0.6023
- 0.3136 0.3041 0.6027 0.6004
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LSA Model
0.5
0.4
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0.2
0.1
0
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LSA with Hashtags Tweets LSA without Hashtags Tweets
LDA Model
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LDA with Hashtags Tweets LDA without Hashtags Tweets

Figure 4. 15 LSA and LDA coherence Score Results

4.7.2 Leiden and Louvain Community Detection Algorithms

The proposed model and Louvain were compared with different
networks containing user content and attributes. The results of the
experiments are shown in Table (4.20). The improve Leiden community
detection acts better than the Louvain community detection regarding the
clustering quality obtained. It determinates substantially better
community than Louvain in all networks. The proposed model
outperforms Louvain for both modularity and CPM in all experiments.

117



Chapter Four Experimental Results and Discussions

The results have shown the network combines retweet, mention, topic,
and sentiment get high-quality function for improved Leiden modularity
0.82 and CPM 0.96. The differences between the results of the two
methods aren't significant, probably because both ways try to find
partitions with optimal clusters. Therefore, the quality function is near-
optimal quality, making results close to each other. The new weight
calculation is essential to improve the quality of communities detection
methods. The Leiden and Louvain method improved when combined

content and structure data to calculate new weights.

Table 4. 20. Comparison Result of Community Detection

Retweet Network 0.7984 | 09133 | 0.7864 | 0.9096
Retweet and Mention
Network 0.8302 | 0.9495 | 0.8297 | 0.9342

Retweet and Topic Network
0.7851 0.9538 0.7742 0.9425

Retweet, Mention and
Topic Network 0.8136 0.9574 0.8026 0.9401

Retweet, Mention and
Topic, Sentiment Network | 0.8234 0.9637 0.8124 0.9544
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5.1 Conclusion

Nowadays, the social network has overgrown because people share
their opinions, feelings, ideas, and life. They tend to create communities
to share ideas, topics, or events. Communities detection is an attractive
area for several researchers in social networks. Most current research only
concentrate on link relation between users that disregards other attributes
to enhance the quality of community detection. Therefore, It is important
to improve and develop the community detection algorithms by adding
more useful information on communities rather than only depending on
network connections. Several conclusions have been found through the
development and implementation of the proposed model.

1- There is no existing benchmark dataset available in public that has
user content and relationships in the same dataset. Therefore in this
work construct a dataset with text content and link relation by
downloading from Twitter to build valuable data.

2- Social network data has many meaningless and irrelevant terms that
may cause unreasonable results. In this work, many preprocessing
techniques were implemented to clean the Twitter social media

datasets because of the nature of Twitter posts.

3- Hashtags attributes in Twitter social network have store important
content that help to enrich and discover latent topics in users
content. Hashtags improve the performance of the LSA topic

method.
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4- Other social network attributes (mentions, retweets, and replays)
are used to build interaction networks utilized to detect

communities.

5- Topics and sentiment results with mentions and retweets relation
are used to calculate a new weight between nodes to build a new

network.

6- The present model has improved Leiden community detection
quality for both modularity and CPM when using new weights
networks that incorporate content and attributes of the Twitter

social network.

7- Thus, incorporating helps enhance the community detection and
add more information that allows companies and businesses to get
details about their product and know which topics are discussed
between users and their sentiments about a particular topic in

networks by providing information about nodes and communities.

5.2 Future Works
For future work, some suggestions can be viewed as follows:
1- The proposed model can apply to other social network datasets like
Facebook or Instagram that have different characteristics.
2- Testing proposed model with another language like Arabic after
editing work with appropriate change.
3- Exploit social network emoticons and abbreviations rather than

selecting only complete terms from the posts, which sometimes
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donate to the texts emotion and sentiment to get high classification
performance.

4- The proposed model generalizes with a dynamic community that
can adjust the influence changes in the graph representation based
on users behavior.

5- Communities results can utilize to understand and finding influencer
users, whether they are users with a high connection with other users
or those with who they agree about a specific topic or opinion to see

what indicates someone to be significant in the community.
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