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Ozet— Giiniimiizde internetin hizli bir sekilde gelismesi ve kolay bir sekilde ulasilir olmas1; Facebook, Instagram, Twitter
ve LinkedIN gibi yaygin kullanilan sosyal iletisim platformlarni  biiyik veri yigmlarmm oldugu ortamlara
doniistiirmiistiir. Bu durum hem aranan bilgiye kolay bir sekilde ulasilabilmesi i¢in konu tespiti uygulamalarmm, hem de
konuyla ilgili paylasmm yapan benzer egilim ve diisiinceye sahip topluluklara toplu hizmet verebilmek i¢in topluluk tespit
uygulamalarmin bu platformlarda kullanimini zorunlu hale getirmistir. Bu yilizden arastwrmacilarin  sosyal iletis im
aglarinda konu tespiti ve topluluk tespiti alanlan {izerine aragtirmalar yapmasi ve problemin ¢oziimii ile ilgili yontemve
teknikler geligtirmesi bu ortamlarin etkin kullanim agisindan hayatibir 6nem arz eder. Bu ¢alismada, bu alanlara kapsamli
bir bakis saglamak i¢in sosyal medya platformlarinda konu ve topluluk analizi yapan ¢aliymalar {izerine sistematik ve
derinlemesine bir literatiir incelemesi sunulmaktadir. Incelemesi yapilacak ¢ahsmalarm ¢ogu uygulamada basarili
sonuglar trettigi bilnen makine Ogrenmesi temelli modeller kullanan makalelerden segcilmistir. Bu calismalarin
incelenmesi neticesinde; topluluk tespiti alaninda elde ettigi performans degerleri ile Louvain metodunun one ¢iktig1
goriiliirken, performans agismdan konu analizi alaninda tek bir modelin 6nerilemeyecegi ve uygun modelin ancak verilen

sorunun tiim Ozellikleri g6z 6niinde bulundurularak, probleme 6zgii sekilde segilmesi ya da olug turulmasi gerektigi
sonucuna varilmistir.

Anahtar Kelimeler— sosyal ag, topluluk tespiti, konu tespiti, twitter, dogal dil isleme, makine 6grenmesi

Systematic Literature Review of Detecting Topics and
Communities in Social Networks

Abstract— In the recent pastand in today’s world, the internet is advancing rapidly and is easily accessible; this growth
has made the social media platforms such as Facebook, Instagram, Twitter, and LinkedIn widely used which produces
big data. This requires both topic Detection applications in order to access the required information, as well as community
detection practices in orderto provide collective services to communities that can be referred to as individuals with similar
interests and opinions over the same subject. Therefore, it is vital for researchers to conduct research on topic detection
and community detection research areas in social networks and to develop methods and techniques for problem-solving.
In this study, asystematic and in-depth literature review is provided on studies that conduct topic and community analysis
onsocial media platforms to provide a comprehensive overview of the given areas. Most of the studies to be analyzed are
selected from articles using machine learning-based models thatare known to achieve successfulresults in practice. As a
result of the analysis of these studies; it has been concluded that a single model cannot be proposed in the area of topic
detection and that the appropriate model should only be selected or created in a problem-specific way, taking into account
all the characteristics of the given problem, while the Louvain method seems to stand out with its results in terms of
performance in the area of community detection.

Keywords—social network, community detection, topic detection, twitter, natural language processing, machine learning
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1. INTRODUCTION

Social networks advanced widely over the last decade and
become a very important part of our life because they
offered a new way to interact and communicate. However,
these advances have brought about an exponential increase
in the data load on social networks, as it has led to the
widespread use ofsome social communication applications
suchas Facebook, Instagram, and Twitter. The number of
monthly active social media users worldwide is expected
to reach 3.43 billion by 2023, about a third of the world’s
entire population [1].

Twitter among these networks has become one of the most
widely used social media apps due to its unique features,
including a simple interface and a limit of 140 characters
per post. In addition to the growth in the numbers for the
usage of social networks due to their nature allow users to
create their content in the forms of messages, pictures, etc.,
and letting them create connections with other users has
gained a considerable amount of attention from the
researchers. Such interest from the researchers towards the
social media has introduced the term Social Media
Analysis (SNA) which provides the methods for utilizing
the big data received from social networks and allowing the
researchers to analyze this data to produce meaningful
information.

There are several methods developed by researchers with
the goal of analyzing the social media data for a great
variety of different purposes such as detection of
communities, detection of emerging topics, opinion
mining, sentiment analysis, etc. While topic detectionis an
important  tool for providing a comprehensive
understanding ofthe emerging issues and what is the users’
perceptions about the given topic, community detection
allows us to understand the connections between the users
in a much more detailed way. This information can be used
for suggestions, marketing reasons, security-based
applications visualization, and so on. This information also
brought us to the conclusion of Community Detection and
Topic Detection concepts can be referred to as linked
topics due to the strong connections between their inputs &
outputs. Namely, the topics can be extracted from the
popular words & word groups in communities and the
communities can be extracted by finding the people who
are talking about similar topics.

We conduct this SLR (Systematic Literature Review) with
an aim to describe the methods and models which are used
to solve the above-given problems, compare the
performance of these models, and provide a
comprehensive view of the overall situation in the fields of
topic detection and community detection. Namely, we
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perform an in-depth systematic search for the existing topic
detection and community detection methods. Furthermore,
we precisely discuss the performance evaluation of given
algorithms. We hope this study will give a broad idea about
the current situation in the field to the researchers and will
be beneficial for their evaluation ofthe current state-of-the-
art methods in the given domains.

The rest of the paper is organized as follows: Section 2
consists of basic definitions of the research and gives
information about the background of this study. The
methodology we follow is given in Section 3. The results
obtained in this study are presented in Section 4 and
Section 5 summarizes and concludes the paper.

2. BACKGROUND

To understand the studies carried out in the field of
community detection and topic detection, it is of great
importance to first define the terms community and topic
as they are used in these studies. In this section, it is aimed
to present these two terms and to give a broad idea about
the usage of these terms.

2.1. Community Definition

The issue of community detection has gained an important
place on social media platforms. This is mainly becausea
number of useful information about the users can be
extracted and evaluated through the detection of users who
has certain features in common.

Community detection aims to identify compatible clusters
or groups in real-world graphs, such as social media
networks [2]. It also aims to identify the modules of the
graph as well [3]. Identifying user communities with
similar interests, determining which advertisement to show
to which users, and identifying the spam-posting accounts
and communities are some of the results that are intended
to be obtained [4]. These results are used for many different
purposes such as blocking spam-posting accounts [5],
showing the related advertisement to the users with similar
interests [6], and so on. This also shows the diverse nature
of the studies based on community detection.

2.2. Emerging Topics Definition

The emerging topic is considered simultaneously seen in
words in word-groups [7]. The detection of topics is
defined as the process of obtaining and summarizing
trending topics in a form that will contain useful
information. Therefore, the emerging topic detection
concept can be defined as the detection of emerging issues
on social networks. Also known as hot topic detection,
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these methods aimto group thematically related documents
from atemporal setofdocuments into an unknown number
of topics, and then find a series of topics that are frequently
seen over a period of time [8].

3.METHODOLOGY AND FINDINGS

In social media analysis, topic detection and community
detection are known as some of the most common research
areas. Thus, a large number of studies can be expected to
exist which is related to the objective of this study. A
systematic literature review (SLR) is chosen to be able to
identify suitable articles from a large number of
publications. Some useful features such as the method
being accurate, robust, and transparent are taken into
consideration when making this selection [9].

3.1. Review Planning Phase

During the study ofa new field of information, researchers
usually conduct a bibliographic examination to determine
publications on a particular topic. However, such reviews
do not use a systematic approach and do not offer any
system to prevent factors such as deviation, bias,
misapprehension, and tendentiousness that may occur
during the selection of publications to be analyzed [10].

While conducting the identification of publications,
another way of analyzing primary studies is to use the
systematic examination method [11], because it allows
gaining clear and unbiased information about the research
topic [12]. This systematic review study is conducted to
summarize information about approaches involving topic
and community detection through social networks and
therefore to investigate the advantages and limitations of
these studies. The process used in this systematic review is
given below.

Table 1. Identification of the purpose of the study using
the GQM Method [13]

. Studies on topic and community

Analysis detection

Characterizing and summarizing the
Purpose .

studies
Scope Originality and performance of the

proposed model
Viewpoint Researcher

Primary studies involving topic and
Context community detection

The following sections describe the basic information
about the conduct of this systematic review. A more
detailed description can be found in the study of Barcelo’s
& Travasos [14].
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As given in Table 2, selected studies are limited to be
published after 2016 to focus on relatively state-of-art
studies. In addition to that, there are also rules about the
selection process given in the ‘Context’ tab of Table 2,
such as ‘The studies should be tested with a dataset.” and
“The performance metrics of the study should be specified
in the article.”. Theserules are made to be able to compare
the performance of the studies correctly.

3.1.2 Search Terms

Based on the keywords and research questions, the
following search strings are chosen.

e “Topic Detection” OR “Emerging Topic
Detection” AND (“Social Network” OR “Social
Media” OR “Twitter”)

e “Community Detection” OR “Communities
Detection” AND (“Social Network” OR “Social
Media” OR “Twitter”)

The above-given search strings are used at the selected
resource portal in order to find the related works.

Table 2. Systematic review protocol master information
based on the template of Biolchini et. al. [15]

Research
Question
Target

Review and evaluation of the studies in the
field of community and topic detection.

What are the state-of-the-art
solutions for detecting topics
and communities in social
networks?

What are the methods/models
used in those solutions?

Is there any specific model or
models  that are  more
successful than the others?

RO1

Research
Questions

(RQ)

RQ2

RQ3

(1) The studies should be published after
2016.

(2) The studies should be primary.

(3) The studies should be tested with a
dataset.

(4) The performance metrics of the study
should be specified in the article.

(5) The studies should have the SCI/SCI -
e/SSCI index.

(6) The studies should be in the English
language.

(7) The datathat used in the studies should
be fetched from Twitter or equivalent
social platforms.

Context

Community detection, emerging topic
detection, topic detection, social networks,
twitter, deep learning, machine learning

Keywords

(1) The resource should have a search
engine suitable for finding the articles.

It is the extended version of the paper " Systematic Literature Review of Detecting T opics and Communities in Social Networks™ accepted at the
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(2) The resource should have official
Resource s -
Selection recognition in the academic field.
Criteria (3) The resource should consist of Q1, Q2
or at least Q3 indexed articles
Eess;ource Science Direct Portal [16]
Inclusion, | The articles should be accessible and
Exclusion | include the topics mentioned in the
Criteria Question tab.

3.2. Review Phase

There are two steps in the execution of this systematic
review. The first of these steps consists of scanning
scientific publications related to the above-mentioned
topics. This scanis carried out by using search engines of
the resource websites given in Table 2 to find the related
papers. This search was done with custom search strings
specified using specific keywords defined in the protocol.
The relevant information is provided in Table 2.

Table 3. Steps of SLR approach used in this study
No Step

Search for the studies using custom search
strings specified using specific keywords
defined in the protocol and filter the results
according to the given date (which should be
after 2016 as defined in Table 2), paper type
(Journal Paper & Conference Paper), and
language which should be English. Then,
download the search results to a local drive.

Reading the abstractand introduction sections:
2 of the downloaded papers and checking the
relevance with the aim of this research.

Performing Quality Evaluation using the

3 method proposed by Dyba et. Al. [17].
4 Determined the final set of papers used in the
study.
After the identification process, the summary and

introduction part of each publication were analyzed and it
was determined whether they were selected for a more
comprehensive analysis according to the criteria for
inclusion or exclusion.

This systematic review is carried out in January 2022. In
this review, we usedthe IEEE Explore and Science Direct
databases to access the papers as given above in Table 2.
We followed a four-step approach to conduct this
systematic literature review, which is given in Table 3, and
used the Quality Assessment Method introduced by Dyba
& Dingsoyr [17].
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3.2.1. Topic Detection

Following the steps given in Table 3, a total of 83 scientific
studies were found after the search process and 15 of them
were deemed to meet the relevant criteria after the first and
second review steps, 20 studies were selected out of 83
total studies found with the given keywords. After step
three, 5 more studies were excluded from this research
based on the quality evaluation result.

6 5
5
4
3
2
1
0
2016 2017 2018 2019 2020 2021
Figure 1.The distribution of the topic detection studies
within years
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Figure 2. The distribution of the topic detection studies
based on the research area

The distribution of the selected papers in the topic
detection research area within the years is given in Figure
1. According to this distribution, the highest rate for
publications in topic detection has taken place in 2020 on
the other hand 2017 and 2019 have the lowest rate with
zero and one selected publication to analyze respectively.
The distribution also shows that the remaining studies have
been distributed equally over 2016, 2018, and 2021 with
three publications selected for each year. Figure 2 shows
the main research areas for the selected papers.

According to Figure 2, there are different perspectives on
the studies about community detection, and the majority
(9%660) of the selected papers are mainly focused on finding
topics in general use whereas some of them aimed to find
specific topics within social media content such as
psychological, health-related, etcetera.
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Table 4. Used algorithms, datasets & performance metrics for selected topic detection papers (‘N/A’ refers to ‘not

available”)

Used Algorithm / Performance Metric
Study Metghod Dataset Accuracy Precision [ Recall | f-score
Researcher 3 Twitter datasets collected by
[18] developed model Aiello et. al. [19] containing N/A 0,615* N/A N/A
based on Graphs 2.999.870 tweets
A user-made dataset containing an
[20] LDA & SWM unknown number of tweets N/A 0,870* N/A N/A
collected using Twitter API
2] | Glove & GRU C-SSRS gold standard dataset N/A N/A NA | 0243
containing 500 users’ posts
3 subsets of the Aiello dataset [19]
[22] ARM containing 4.535.691 tweets in total N/A 0,709 0631 0562
23] FCA The Replab 2013 dataset containing N/A N/A N/A 0,406
2200 tweets
[24] HUPM Aiello dataset [19] N/A 0,386 0,624 0,476
A user-made dataset containing
[25] GSDMM 6.487.842 tweets in English a_lnd N/A N/A N/A 0,780
Portuguese was collected using
Twitter API
A user-made dataset containing
[26] Fine-tuned BERT 1.769.384 tweets was collected N/A 0,96 0,96 0,96
using Twitter API
RF-based two-stage A user-made dataset containi_ng
[27] o 5487 tweets was collected using N/A 0,869 N/A N/A
classifier .
Twitter API
A user-made dataset containing
[28] LDA 11.703 tweets was collected using 0,830 N/A N/A N/A
Twitter API
A researcher- First Story Detection Dataset
[29] developed model containing 51.879.318 tweets in N/A N/A 0,844 N/A
using k-NN total [30]
A user-made dataset containing
[31] RNN+LSTM 234.088 tweets collected using 0,670 0,750 0,931 0,831
Docteur Tweety
Twitter dataset acquired from John
Hopkins University (2019-nCOV
[32] MNBMC Data Repository) containing an 0.700 NIA NIA N/A
unknown number of tweets
A user-made dataset containing
[33] | One-Class SYM vicfr?;itls $;§;Z£%Leaclteadngr°srgb N/A 0750 | 0820 | 0780
websites
LSTM: Long Short-Term Memory GSDMM: Gibbs Sampling Algorithm for the Dirichlet
LDA: Latent Dirichlet Allocation Multinominal Mixture
SVM: Support Vector Machine RNN: Recurrent Neural Network
GRU: Gated Recurrent Unit BERT: Bidirectional Encoder Representations from
ARM: Association Rule Mining Transformers
FCA: Formal Concept Analysis RF: Random Forest
HUPM: High Utility Pattern Mining MNBMC: Multinominal Naive Bayes Multi-Class

3.2.2. Community Detection

Similar to the topic detection, we followed the steps given
in Table 3 and after the search process, we found 79 papers

in total as they meet the initial criteria. After the detailed
examination using the first and second steps given in Table
3, 34 of them were selected. To be specific, a total of 45
studies were excluded, 41 of them were excluded because

It is the extended version of the paper " Systematic Literature Review of Detecting T opics and Communities in Social Networks™ accepted at the
International Conference on Informatics and Computer Science 2021.
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they were notrelated to the research area of this study and
4 more were excluded because they were secondary
research papers. Later on, we performed the quality
evaluation as Table 3 suggests,and 16 studies were deemed
to meet the relevant criteria for selection. The detailed
information about the distribution of the selected papers in
the community detection area within the years is given in
Figure 3. According to the information from Figure 3, the
highestrate for community detection studies has achieved
in 2021 with 6 selected papers. Even though 2018 follows
2021 with 5 selected papers, it can be said that 2022 will
eventually surpass 2018 because this study takes place at
the beginning of 2022 and there are already 3 selected
papers from the year 2022. In addition to that, the years
2020, 2019, and 2017 follow the restwith equally selected
papers, 2 for each and there were no papers selected from
the year 2016.

O P N W b~ 01 O N

2016

2017

2018 2019 2020 2021 2022

Figure 3. The distribution of the community detection
studies within years
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Figure 4. The distribution of the community detection
studies based on the research area

Like the topic detection, there are different perspectives on
the studies about the community detection research area as
well. These perspectives are given in Figure 4 above.
According to the data provided in Figure 4, the majority
(%53,33) of the papers are focused on finding the
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communities in social media for general purposes. On the
other hand, there are also studies for finding the
communities  for health-related, adversarial, and
cybersecurity concerns.

Health-related papers mostly focus on the effects of the
COVID-19 pandemic. While both of the health-related
papers are about the COVID-19 pandemic, one of these
studies focuses on social media users’ views on the
COVID-19 vaccine and the other has the goal of
visualizing the spread of the virus using social media
content.

In addition to that, it is seen that one study focuses on
making appropriate friend suggestions on social media
while the other aims to increase the success in the field of
advertising by identifying the users with the same interests
as communities.

Finally, in cyber security-based studies, it has been
observed that the aims of the studies vary such as finding
and blocking spam sharing communities, finding, and
blocking the users who have multiple fake accounts, and
preventing hate-speech by finding the communities who
suffer from hate-speech.

The metrics used to evaluate the performance of studies in
the field of community detection may differ from the
performance evaluation metrics used in the topic detection.
Because the performance of the community detection
methods can also be calculated using the modularity
metric, which expresses the strength of the bonds between
the nodes in the community. Therefore, although there are
some studies using metrics that are also used in the field of
topic detection such as Accuracy and F1-Score, it is not
possible to evaluate all studies in the field of community
detection using those metrics only. On accountof that, in
this section, the related studies are evaluated by
considering the modularity metric as well.

The modularity metric was introduced by Newman [34],
[35] andis one of the most common measures to calculate
the strength ofthe connection between the nodes. Namely,
the higher the modularity score, the denserthe connections
in the community and it can take values between -1 and 1.
Additionally, modularity scores higher than 0 means that
there is a possible presence of a community.
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Table 5. Used algorithms, datasets & performance metrics for selected community detection papers (N/A refers to 'not
available’)

study Used Algorithm / Datase Performance Metric -
Method Accuracy | Precision | Recall | Modularity score
A researcher Zachary’s karate club
developed two-stage 38], dolphin social
[36] framech))rk based gn ngtvaork [3?9], political 0600 NIA N/A 0915 NIA
[37] and LDA blog dataset [40]
A user-made dataset
[41] Louvain [42] containing an unknown N/A N/A N/A 0,870 N/A
number of tweets
Louvain [42] and its A use_r-_made dataset
[43] - . containing 83.894.772 N/A N/A N/A 0,988 N/A
implementation [44]
tweets
Researcher
developed method ISIS Twitter Network
[4°] based on the work of dataset [47] N/A N/A N/A 0,860 NIA
Freeman [46]
Researcher
developed method .
[48] | based on trust based FilmTrust [49] & 0,900 NA | NA N/A N/A
. CiaoDVD [50]
modeled weighted
directed graphs
Spectral Clustering
1] | [52] & Node2Vec [38], [39], [54]. [55], N/A NA | NA 0,596 N/A
(53] [56], [57], [58]
A user-made dataset
[59] Louvain [42] containing 6.7 million 0,755 N/A N/A N/A N/A
tweets
Extended version of
[60] Louvain [42] [61] N/A 0,280 N/A N/A 0,342
Louvain [42], LPA
[62] [63], walktrap [64], HCR [66], OMD [67] 0,770 N/A N/A N/A N/A
Infomap [65]
Extended version of
[68] Louvain called NI- [69], [70] N/A N/A N/A 0,558 N/A
Louvain
Initial community set
expansion and
[71] optimization by Xie [73], [74] N/A 0,926 0,968 0,492 0,930
et. al. [72]
Researcher
[75] developed method YelpChi & [76] N/A 0,300 0,100 N/A 0,150
based on CPM
Researcher
[771 | developed method | A USer-Made datasetirom | o0 0950 | 0,950 N/A 0,950
based on Fast Greedy Wikipedia
[78] TTSLPA [79] N/A 0,850 0,830 N/A 0,850
The method by A user-made dataset from
[80] Chena et. al Reddit containing 257 0,970 N/A N/A N/A 0,937
get.al [81] .
subreddits
g2 | NN % | Btended versionof[83] | 0925 NA | NA N/A N/A

LPA: Label Propagation Algorithm

CPM: Clique Percolation Method

TTSLPA: Text and Time-series based on Speaker-Listener Label Propagation Algorithm
RNN-LSTM: Recurrent Neural Network — Long Short-Term Memory

RNN-GRU: Recurrent Neural Network — Gated Recurrent Unit

It is the extended version of the paper " Systematic Literature Review of Detecting T opics and Communities in Social Networks™ accepted at the
International Conference on Informatics and Computer Science 2021.
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3.2.3. Connection Between Community Detection and
Topic Detection

After a detailed examination of selected studies in both
Community Detection and Topic Detection fields, as
foreseen before conducting this research, a connection has
been found between the given two areas. The most
noticeable feature of this connection is that it affects both
sides. This connection can be inspected in two aspects;

1) Finding Topics based on Communities
2) Finding Communities based on Topics

Based on the explanation of Wu et. al.[2], it is safe to say
that networks can be seen as real-world graphs, in which,
the nodes are connected to each other and the communities
can be found inspecting these connections’ density. A fter
the extraction of communities using these graphs, topics
can also be extracted by identifying the semantics of the
given groups [41].

From the otherperspective, similarly to the first argument,
community datacan be obtained by inspecting the already -
found topic data because talking about the same topic
causes the users to interact with each other on social
networks and therefore, the links between these users’
nodes become denser.

In addition to that, it can also be observedthat even if the
users talk about different subjects, if the given subjects are
somehow correlated, the users will be more likely to
interact with each other as a result and this will cause their
nodes to be connected to each other stronger to form a
community.

In the inspection of the graphs and networks formed by the
users in social networks, the nodes representthe users and
while the collection of connected nodes forms the
community, the edges between these nodes are formed by
the topics which cause the nodes to interact and that
interaction connects these nodes to each other forming the
community.

4. EXPERIMENTAL RESULTS

The results obtained in this systematic literature review
which examines the studies in the literature for the topic
detection and community detection research areas are
discussed in this section. Furthermore, an in-depth
overview of the common methods used for detecting topics
and communities, performances, and rates of usage of
those methods and the superior methods in terms of
performance in the given research areas is given in this
section.
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RQ1 — What are the state-of-the-art solutions for
detecting topics and communities on social networks

Although the quantity of studies on social media still rising
day by day, a lot of work already has been done in this area.
Based on the reviewed papers, it has been seen thata great
variety of different models and methods has been used in
order to detect topics from the social media content. We
further divide the methods and models which are used in
these studies into 5 subgroups as follows:

e Supervised Learning

e Unsupervised Learning

e Hybrid Models

e Optimization-Based Models
e Others

The distribution of the usage of these models in selected
papers is given in Figure 5.

4.1.1. Supervised Learning

Supervised learning is one of the main subsections of
machine learning and it is commonly used for classifying
the data [84]. Supervised learning-based methods use pre-
labeled data as a baseline to feed the model and predict
further unlabeled data. Methods such as Support Vector
Machines, Naive Bayes, and Decision Trees fall in this
category.

4.1.2. Unsupervised Learning

Unlike  supervised learning, unsupervised learning
methods don’t need labeled data to be effective [85]. On
the contrary, this type of model focuses on finding the
patterns or trends in the given data using the attributes of
the datasetand is mostly used for clustering [86]. Namely,
methods like K-means and Fuzzy C-means fall in this
category.

4.1.3. Hybrid Models

Hybrid models are the models thathave emerged multiple
machine learning models working together in a single
frame. Hybrid models also include the models that consists
of machine learning methods and graph-based method in
the same work [87]. Presently, it is seen that better
performance results are achieved as a result of the usage of
a combination of two or more of the above-mentioned
models in new studies. To exemplify, after the detailed
examination ofthe papers selected for this research, studies
that use hybrid-based models and are relatively newer have
shown great promise going onwards. For example, [82]
achieved 0,925 Accuracy score which is the third-best
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result in the examined articles. In addition to that, there are
also some hybrid models which include machine learning-
based algorithms and optimization-based algorithms in the
same model to work together [72]. This way, researchers
aim to improve the performance of the overall model by
taking advantage of both of the given approaches and
trying to optimize the selected method by using
optimization methods [71].
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4.1.4. Others

Although machine learning-based methods are widely used
in studies involving sentiment analysis, researchers have
also been found to benefit from different-based methods by
using some of the attributes that social media networks
have offered. Methods such as graph-based models [78]
and mathematical-based models such as randomwalks [65]
can be cited as examples in this field.

3
Community Detection

Hybrid Models B Others

Figure 5. The distribution of the methods based on the models

RQ2 — What are the state-of-the-art solutions for
detecting topics and communities on social networks

For the topic detection, it has been observed that there are
a great variety of models thatare used for this purpose. As
seen in Figure 5, four studies benefited from supervised
learning-based methods, while two studies used an
unsupervised learning-based model and three studies used
hybrid models. However, in five studies, it has been seen
that they used problem-specific models that can fall into
the Others category.

Considering performance metrics and usage rate, the
following methods can be shown as state-of-the-art
methods in this field:

e BERT - Other

¢ RNN + LSTM - Hybrid

e RF-based two-stage classifier — Supervised
Learning

On the otherhand, for the community detection, it has been
observed that the Louvain [42] method is frequently
selected as the model to use for this purpose by the
researchers. This has also led to a significant dominance by
the unsupervised learning-based methods in this field in
terms of usage rate. Therefore, it was observed that

unsupervised learning-based methods were used in 43,75%
of the studies examined in the field of community
detection. Other methods ranked second with a frequency
of 31,25% while hybrid methods and supervised learning-
based methods were the least used models with three and
one studies respectively. In terms of performance metrics
and usage rate, the Louvain method has shown great
dominance overothers and can be stated as the state-of-the-
art method for community detection.

RQ3 - Is there any specific model/models that are more
successful than others?

The review process has shown that there is awide spectrum
of choices available for the task of topic detection.
Although the methods used can be sorted according to the
performance metrics that they achieved, it has also been
seen as a result of the same process that selecting or
constructing these models specifically for the problem in
hand leads to more successful results in terms of
performance. Therefore, when the usage rates are taken
into accountas well, it is concluded that there is notasingle
algorithm, method, or model in the field that can
outperform the others.
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On the other hand, although it has been observed that
different methods are used in the field of community
detection, it was seen that the Louvain method
outperformed other methods in terms of both frequency of
use and performance metrics. Therefore, it is possible to
mention that there is a method in the field of community
detection that can outpace other models and methods in
terms of performance.

5. CONCLUS IONS

In this systematic literature review, we identified and
discussed the models that are used in state-of-the-art topic
detection and community detection studies. The systematic
literature review included a total of 30 papers, 14 for topic
detection and 16 for community detection which has been
published between 2016 and 2022. After the examination
of the selected papers, it can be said that there is a constant
and growing interest in data mining studies from social
networks such as topic detection and community detection.
For these purposes, there is a wide spectrumof choices in
terms of methods to be used are available for the
researchers. Although there was no single method found
that is more successful in the field of topic detection than
other methods, it is not possible to make the same
deduction in the field of community detection. The results
of this SLR indicated the Louvain [42] method has
outperformed the other methods for detecting the
communities both in terms of usage and performance. In
addition to that, there were also some methods for the
above-given purposes found that are constructed for
problem-specific reasons, it has been found the usage of
these models is strictly limited based on the problem.

To summarize, this study offers a comprehensive and
detailed review study about the studies in the fields of topic
detection and community detection to our knowledge. We
provide, an up-to-date view of the studies in the above-
given fields.
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