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ABSTRACT

Purpose - The rapid growth of social media Platform X has increased the risk of
cyberbullying, which is difficult to detect due to the unstructured nature of
textual data. This study proposes an integration of Named Entity Recognition
(NER) and Latent Dirichlet Allocation (LDA) to support the extraction of
cyberbullying-related social issues.

Methods - A total of 2,000 tweets were processed through preprocessing, spaCy-
based entity extraction, TF-IDF weighting, and LDA topic modeling. The latent
topics generated by LDA were manually mapped into four predefined categories
(Bodyshaming, Racism, Gender, and Neutral) and evaluated against researcher-
annotated ground truth labels.

Findings - Experimental results achieved an overall accuracy of 80%, with F1-
scores of 94% for Racism, 93% for Gender, 70% for Bodyshaming, and 63% for
Neutral.

Research implications - The proposed framework provides practical support
for monitoring cyberbullying patterns and assisting policymakers in
understanding online social issues.

Originality - The originality of this research lies in the sequential integration of
NER as an entity-filtering stage prior to LDA, enabling a more comprehensive
analysis of cyberbullying discussions than the isolated application of either
method.
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INTRODUCTION

The development of information technology has made social media the primary space for public
interaction and communication. Social media is an online platform that provides opportunities for
individuals or groups to interact, exchange information, communicate, and build connections in the
virtual world using text, photos, videos, or audio. There is a wide and diverse range of social media
platforms, with one of the most well-known and widely used by the public being the X application.
Platform X is currently a popular social media platform among the Indonesian public and even
globally, as it allows for a wealth of news and information to be responded to quickly and accurately
from various perspectives. This phenomenon brings various impacts of social media use, both
positive and negative, a small example of which is the bullying phenomenon.

Bullying is a variety of aggressive actions carried out repeatedly, characterized by an imbalance of
power between the perpetrator and the victim, making it difficult for the victim to protect themselves
[1]- Bullying has several types, such as physical and non-physical bullying. Physical bullying is the
most visible type of bullying, which includes physically aggressive actions such as hitting, kicking, or
ganging up on someone [2]. Meanwhile, non-physical bullying involves indirect aggressive behavior
and does not involve physical interaction. This type of bullying consists of verbal insults, mockery,
exclusion, and other psychological behaviors, such as emotional manipulation. Non-physical bullying
can have a detrimental effect on the development of adolescents' self-concept, including mental
health issues such as depression and anxiety [3]. Bullying can occur anywhere, and anyone can be a
perpetrator or victim. A frequently occurring case recently is bullying conducted through social
media, better known as cyberbullying.

Cyberbullying is an act carried out by an individual or group repeatedly with the aim of frightening,
degrading, and threatening others, which can cause psychological, social, and emotional impacts on
the victim. In this study, this behavior is manifested through the social media Platform X [4]. There is
no minimum or maximum age limit for cyberbullying perpetrators or victims. Children and
adolescents, especially those active on the internet across various age ranges, are easily influenced
to become perpetrators or even targets of cyberbullying on social media platforms because they
spend a lot of time in the virtual world [5]. In Law Number 11 of 2008 concerning Electronic
Information and Transactions (UU ITE), which was updated by Law No. 19 of 2016, particularly
Article 27 paragraph (3), it emphasizes the prohibition of disseminating electronic information
containing insults or defamation. This provision indicates that acts of cyberbullying on social media
are not just a social phenomenon but also a legal issue carrying criminal consequences. In February
2020, UNICEEF released a report on the issue of bullying in Indonesia. The report revealed that 45%
of 2,777 youths in Indonesia aged 14 to 24 had been victims of cyberbullying, based on a survey
conducted on U-Report. In terms of reporting, 49% came from boys and 41% from girls (UNICEF,
2020). The resulting impacts can be severe, ranging from decreased self-confidence and excessive
anxiety to mental issues such as depression and a tendency to isolate oneself [6].

A study conducted by [7], published in a journal titled “Analisis Teks Pemberitaan Telemedicine di
Indonesia: Pendekatan Sentimen, NER, Topic Modeling, dan Social Network dalam Memahami Isu
dan Persepsi”, showed that out of 802 online news articles about telemedicine, 49% had a positive
sentiment, 40.4% neutral, and 10.6% negative. Using the NER (Named Entity Recognition) method,
the research found that the most frequently appearing entities were government officials such as
President Joko Widodo and the Minister of Health. Furthermore, research conducted by [8]stated
that combining the NER and LDA methods to improve the accuracy of generated addresses showed
clearly better results, as the integration of both reached an accuracy rate of 71.97%, exceeding the
use of each method separately. The relatively low performance of NER, with an accuracy of only
29.78%, indicates that this method has limitations in providing complete addresses as it only focuses
on known entities. On the other hand, the LDA method achieved a better accuracy of 67.80%, thanks
to its ability to identify hidden topics, but it remains less accurate than the combination of both
methods. This demonstrates that combining NER and LDA produces more accurate and
comprehensive addresses compared to using just one of the methods.
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Given the rise of cyberbullying on Platform X, this study proposes using an integration of Named
Entity Recognition (NER) and Topic Modeling Latent Dirichlet Allocation methods to extract and
analyze social issues related to cyberbullying on X. Named Entity Recognition (NER) plays a role in
recognizing and categorizing named entities in writing, such as names of people, institutions,
locations, and so on. The use of NER in the keyword filtering extraction process provides a deeper
understanding of the content and improves the proximity and accuracy of the resulting data [9].
Meanwhile, the use of Topic Modeling (LDA) can be employed to analyze information from social
media to understand writing patterns that indicate bullying behavior through digital platforms [10].

Unlike previous studies that only focused on examining formal health issues in media reporting and
used four standalone methods without any integration, this study offers a solution approach to
understand the increasingly prevalent phenomenon of cyberbullying in the digital world of X. By
using the Named Entity Recognition method, this study can recognize related entities, such as user
accounts, organizations, and specific groups frequently discussed in that context. Latent Dirichlet
Allocation topic modeling is used to identify the main themes of bullying that emerge on social media
platforms. The combination of these two methods allows for the automatic recognition of bullying
behavior patterns from big data, thus enabling the mapping of cyberbullying types into four
categories: bodyshaming, racism, gender, and neutral. The neutral category in this dataset is
populated by tweets or comments that contain the targeted keywords but are used in non-aggressive
contexts, such as general discussions, news reporting, educational purposes, or anti-bullying
campaigns. The inclusion of this neutral class is crucial to ensure that the machine learning system
learns to distinguish between the malicious intent of these terms and their normal, benign usage.

Although the sequential integration of NER and LDA has been reported in previous studies, this
research introduces several domain-specific adaptations for Indonesian cyberbullying detection on
Platform X. These adaptations include slang normalization during preprocessing, cyberbullying-
oriented keyword filtering, entity extraction focused on social media discussions, and manual
semantic mapping of latent topics into four predefined cyberbullying categories (Bodyshaming,
Racism, Gender, and Neutral). These adaptations enable the framework to process informal social
media language more effectively than a direct implementation of the existing workflow. Therefore,
this research can serve as a valuable reference for the development of more effective cyberbullying
prevention policies and intervention strategies by providing comprehensive insights into the
patterns, characteristics, and distribution of cyberbullying content on social media. Through the
integration of Named Entity Recognition (NER) and Latent Dirichlet Allocation (LDA), the proposed
approach enables the identification of both relevant entities and underlying discussion topics,
allowing stakeholders to better understand the context and dynamics of cyberbullying. Furthermore,
the findings of this study can contribute to enhancing public awareness, supporting future academic
research, and assisting policymakers, educators, and social media platforms in designing evidence-
based initiatives to reduce the prevalence and impact of cyberbullying in digital environments

LITERATURE REVIEW
Bullying

Bullying is a form of violence intentionally committed by an individual or a group that can have
serious consequences for the well-being of others [11]. Bullying refers to deliberate and repeated
acts of aggression, whether physical, verbal, or psychological, intended to harm, intimidate, or
demean another individual [12]. Physical bullying is the most visible type of bullying, involving direct
physical aggression such as hitting, kicking, or assaulting another person [2]. In contrast, verbal or
psychological bullying is carried out through intimidation using offensive language, including insults,
mockery, ridicule, or derogatory expressions intended to humiliate or belittle others [13].

Cyberbullying

Cyberbullying is a form of bullying that occurs through digital media, such as comments, messages,
or posts on social media platforms, with the intention of humiliating, intimidating, or threatening
other individuals [14]. In this study, cyberbullying is limited to three main categories: bodyshaming,
racism, and gender-based cyberbullying.
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Bodyshaming refers to insulting or mocking an individual's physical appearance or body condition,
which may negatively affect mental health and self-confidence [15]. Racism refers to discriminatory
behavior based on race or ethnicity that arises from stereotypes and beliefs regarding the superiority
of a particular group [16]. Meanwhile, gender-based cyberbullying refers to acts of intimidation or
harassment directed at individuals based on their gender or gender identity, which are influenced by
social and cultural factors within digital environments [17].

Platform X

One of the most widely used social media platforms today is Twitter, now known as X. It is a
microblogging platform that allows users to publish short posts of up to 280 characters. Twitter users
come from diverse backgrounds, including government officials, celebrities, public figures, and the
general public [18].

Web Scraping

Web scraping is a technique used to automatically extract information from websites. This process
involves the use of software or algorithms capable of collecting required data from web pages,
including text, images, or other types of information, which are generally presented in HTML or XML
format. As the amount of online information continues to grow, web scraping has become an essential
tool for research and data analysis across various disciplines [19]. In this study, web scraping was
used to collect tweets and comments from the X platform.

Data Mining

Data mining is a process that integrates statistical methods, mathematics, artificial intelligence, and
machine learning (a field that enables computers to operate and learn autonomously without explicit
user guidance) to discover meaningful and valuable patterns from large datasets [20].

Python

Python is one of the most popular programming languages and is widely used in various applications
today. Known for its simple and readable syntax, Python is an ideal choice for beginners learning
programming. With the increasing demand for information technology solutions, Python offers great
flexibility and is widely applied in web development, data analysis, artificial intelligence, and task
automation [21].

Machine Learning

Machine Learning is a branch of Artificial Intelligence (Al) that enables computers to learn
independently from available data and improve their performance over time without being explicitly
programmed. Machine learning algorithms identify patterns within data and use these patterns to
make predictions autonomously [22]. In this study, the machine learning process occurs during data
analysis using the Latent Dirichlet Allocation (LDA) method.

Latent Dirichlet Allocation (LDA) is a prominent topic modeling method in Natural Language
Processing (NLP) and text mining. First introduced by Blei, Ng, and Jordan in 2003, LDA is a
probabilistic generative model designed to analyze large collections of textual data by identifying
latent topics within document collections [23].

Named Entity Recognition

Named Entity Recognition (NER) is used to identify and classify named entities within text, such as
person names, organizations, locations, and other entity types. Integrating NER into the keyword
extraction process provides a deeper understanding of textual content while improving the relevance
and accuracy of the extracted information [9].

Natural Language Processing

Natural Language Processing (NLP) is a branch of Artificial Intelligence (AI) that focuses on enabling
computers to understand and interact with humans through natural language. In recent years, NLP
has advanced rapidly due to the increasing availability of textual data and the growing demand for
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more sophisticated human-computer communication that reflects the way humans naturally
communicate [24].

Term Frequency-Inverse Document Frequency

Term Frequency-Inverse Document Frequency (TF-IDF) is a feature extraction technique that
transforms text into high-dimensional numerical vectors based on the importance of each term
across the entire corpus. This method is highly efficient for large-scale datasets because it
emphasizes document-specific keywords while reducing the influence of commonly occurring words
[25].

METHOD

Place and Time of Research Implementation

This study employed a quantitative descriptive research design. The research was conducted in
Lhokseumawe, Aceh, Indonesia, using textual data collected from Platform X. The study was carried
out from October 2025 until the completion of the research.

Research Scheme

The research framework provides a comprehensive overview of the processes and steps
implemented in this study. The following is the research framework for this study:

Requirement Analysis

h J

System Design

Y

Implementation

k4

Testing

Y

Evaluation & Results

Figure 1. Research Scheme

a. Requirement Analysis: This stage is the initial phase of system development, where the necessary
data for the research are collected. In this study, the process includes collecting tweets or
comments from the X platform as the primary dataset.

b. System Design: At this stage, the system architecture is designed to identify and categorize
cyberbullying conversations on the X platform by integrating the Named Entity Recognition
(NER) and Latent Dirichlet Allocation (LDA) topic modeling methods.
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c. Implementation: The designed system is then implemented into a functional application. During
this stage, data are collected from the X platform using an API, followed by a preprocessing
process thatincludes removing punctuation, URLs, emojis, and other irrelevant words to improve
data quality before analysis.

d. Testing: The testing phase is conducted to ensure that the integration of the Named Entity
Recognition (NER) and Latent Dirichlet Allocation (LDA) methods functions correctly and
produces outputs that meet the objectives of the research.

e. Evaluation and Results: The final stage aims to evaluate the overall performance of the system in
terms of both the accuracy of the analysis results and the clarity of data visualization. The
outcome of this research is the classification of cyberbullying into four categories: Bodyshaming,
Racism, Gender-based Cyberbullying, and Neutral.

System Requirements Analysis

A system requirements analysis was conducted to identify the tools used in the development of the

integrated Named Entity Recognition (NER) and Latent Dirichlet Allocation (LDA) system for

extracting cyberbullying social issues on the X platform. The hardware used includes a laptop with
an AMD Ryzen 5 processor, 8 GB of RAM, and a 512 GB SSD. Meanwhile, the software used consists
of Windows 11 as the operating system, Visual Studio Code as the development environment, Google

Colab for modeling and model training, XAMPP as a local server, and Microsoft Office 2021 for

research documentation.

Training Data System Scheme

The Training Data System Schema is a workflow illustration that depicts how raw data is collected,
processed, and utilized to train a machine learning model. The following are the steps of the training
data system schema:

@ Input Data Preprocessing ’\E‘e’zggnf;;’:’y

A 4

Category P NER & Topic P
Labeling A Modeling Integration |

Topic Modeling |« TF-IDF

Resuit
Visualization

Figure 2. Training Data System Scheme
a. Start
The initial step indicating that the system will be executed.
b. Input Data

At this stage, the collected dataset of 2,000 tweets is divided into 80% development data (1,600
tweets) and 20% evaluation data (400 tweets). Although LDA is an unsupervised probabilistic topic
modeling method rather than a supervised classifier, the 80% portion is used to build the corpus
dictionary and fit the LDA topic model by estimating the latent topic distributions. The remaining
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20% is reserved for topic inference on previously unseen documents. The inferred dominant topics
are then manually mapped to the predefined cyberbullying categories and compared with the
manually annotated ground-truth labels for evaluation.

c. Data Preprocessing
This stage consists of several steps, namely:

a. Case Folding: This step is useful for converting text into lowercase to facilitate the analysis.

b. Tokenizing: At this step, the text will be separated into individual tokens.

c. Stopword Removal: This step filters out words that have no significant meaning, such as
conjunctions or prepositions (e.g., "dan", "di") and others.
Stemming: This step converts words into their base forms without affixes.

e. Filtering Data: This step selects important information and removes useless data so that the
analysis results become more accurate.

d. Named Entity Recognition (NER)

This stage is useful for assigning labels to important entities in the text. Examples of entities include
people (victims or perpetrators), mentioned organizations, and others.

e. TF-IDF

This stage converts text into a numerical representation (weight vectors). This process is useful for
assessing the level of importance of a word, so that keywords characteristic of cyberbullying can be
identified mathematically by the system.

f. Topic Modeling

After labels are assigned to important entities in the text, this section applies Latent Dirichlet
Allocation (LDA) Topic Modeling to discover the topics and themes discussed in the cyberbullying
acts.

g. Integration

This stage combines Named Entity Recognition and Latent Dirichlet Allocation Topic Modeling,
which is useful for better understanding the social issue of bullying, as well as identifying the
perpetrators, victims, and frequently emerging topics.

h. Category Labeling

[t is important to distinguish between the dataset preparation phase and the final live system
implementation. While the final web application automatically categorizes cyberbullying issues
without human intervention, the initial preparation of the entire dataset involved a rigorous manual
annotation process. All 2,000 text data points were manually evaluated and categorized by the
researcher into one of the four predefined classes: bodyshaming, racism, gender, or neutral, to
establish the ground truth (actual) labels. This comprehensive manual labeling was essential to
provide a definitive "answer key" for evaluating the model's accuracy on the testing set (as presented
in the confusion matrix) and to reliably map the unsupervised topic clusters generated by the LDA
model to the actual cyberbullying categories.

To ensure annotation consistency, the manual labeling process followed predefined annotation
guidelines established before the annotation stage. Each tweet was assigned to only one category
based on its dominant cyberbullying context. Bodyshaming labels were assigned to texts targeting
physical appearance, Racism labels to texts containing racial, ethnic, or religion-based attacks,
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Gender labels to texts containing insults related to gender or gender identity, and Neutral labels to
texts discussing the monitored keywords without cyberbullying intent. The same annotation criteria
were consistently applied throughout the entire dataset.

Table 1. Category Labeling

Category Annotation Criteria

Tweets containing insults or ridicule directed at
physical appearance or body characteristics.
Tweets containing insults or discriminatory

Racism expressions targeting race, ethnicity, nationality, or

religion.

Tweets containing insults directed at gender,

gender identity, or sexual orientation.

Tweets containing general words that do not

contain elements of bullying

Bodyshaming

Gender

Neutral

i. Result Visualization

This stage will display the analysis results in a visual form to make them easier to understand. In this
system, the output displays the entities discussed in the tweets or comments, shows the topics
present in those tweets or comments, and displays the discussed topics categorized into
bodyshaming, gender, or neutral.

jo End
Indicates the end of the system process.
User System Scheme

The user system schema is a system workflow design that demonstrates how users interact with the
system. The following is the user system schema:

A 4

Input Data

Y

Automatic Processing
by System

Output

Figure 3. User System Scheme
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a. Start

The initial step indicating that the system testing process will begin.
b. User

This stage is the first point of interaction for the user with the system.
c. InputData

At this stage, the user must input the sentence data to be processed.
d. Automatic Processing by System

This process is the stage where the system independently processes information from tweets or
comments without human involvement. This includes reading the content, cleaning the data,
identifying main entities, discovering the discussed themes, and generating an output in the form of
bullying discussion patterns. All steps, such as preprocessing, entity extraction (NER), topic modeling
(LDA), and the integration of both processes, are performed automatically by the algorithm.

e. Output

This is the final stage in the system that provides the results of the previously analyzed text. In this
research, the output displayed will be the topics discussed in the tweet or comment, categorized into
cyberbullying types such as bodyshaming, racism, gender, or neutral, and will also display the entities
discussed within the tweet or comment.

f. End

Indicates the end of the system process.

RESULTS AND DISCUSSION
Dataset Collection

The dataset collection phase in this study was conducted using text crawling techniques directly from
the social media Platform X. The data extraction focused on tweets or replies from users containing
keywords relevant to indications of cyberbullying issues, such as racist sentiments, body shaming,
and gender.

Table 2. Raw Data

No. Raw Data
1. @geloraco SURYO BANCI
) @wayangndeso77 @yappingfess Pasti lu orang Jawa tolol percaya cerita hoax bgni. Kresten
' emang goblok
3. @tanyakanr] Bete jink ada cewe matre
4. tina kebanyakan makan bakso...,,,,,,---

Data Cleaning

Table 3. Data Cleaning

No. Data Cleaning
1. suryo banci
2. kamu orang jawa bodoh percaya cerita hoax kristen emang bodoh
3. kesal anjing cewe matre
4. tina banyak makan bakso
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Table 3 presents the final results of the data cleaning or text preprocessing stage on the raw text data.
At this stage, the text has been transformed through a case folding process, converting all characters
to lowercase. Furthermore, elements that act as noise in the text data, such as punctuation, symbols,
excessive spacing, and other social media attributes, have been completely removed. Slang word
handling and stemming processes have also been applied to transform non-standard words or
abbreviations into standard Indonesian forms. The resulting clean text from this stage minimizes
word ambiguity and serves as an optimal data representation to be executed in the subsequent
stages, namely Named Entity Recognition (NER) extraction and word feature weighting.

Entity Extraction with Named Entity Recognition

Table 4. Entity

Text Entity Detected Entity Label
suryo banci Suryo Orang
kamu orang ]a.wa bodoh percaya cerita hoax Jawa Lokasi
kristen emang bodoh
kesal anjing cewe matre - -
tina banyak makan bakso Tina Orang

Table 3 presents the entity extraction results using the Named Entity Recognition (NER) method on
the cleaned text data. At this stage, the model spaCy automatically scans the text to identify and
classify specific words into designated entity labels, such as names of individuals (Person) and places
(Location). For instance, the system successfully extracted the word "Suryo" and labeled it as a
'Person’ entity in the first row, and detected "Jawa" as a 'Location’ entity in the second row. This
entity extraction process is essential for identifying the subjects or targets being discussed within the
cyberbullying context, and this information will subsequently be integrated with topic modeling in
the next stage to produce a more comprehensive analysis.

Unlike previous studies that applied NER in formal text domains, this research applies standard
entity extraction to informal social media text on Platform X. Despite the presence of non-standard
writing styles and slang expressions, the extracted Person, Organization, and Location entities
provide contextual information that complements the topic modeling results in identifying
cyberbullying-related discussions.

Word Weighting with Term Frequency-Inverse Document Frequency

Table 5. TF-IDF

Term TF IDF TF-IDF
anjing 0.250 0.6021 0.1505
bakso 0.250 0.6021 0.1505
banci 0.500 0.6021 0.3010
banyak 0.250 0.6021 0.1505
bodoh 0.250 0.6021 0.1505
cewe 0.250 0.6021 0.1505
cerita 0.125 0.6021 0.0753
hoax 0.125 0.6021 0.0753
jawa 0.125 0.6021 0.0753
kesal 0.250 0.6021 0.1505
Kresten 0.125 0.6021 0.0753
kulup 0.125 0.6021 0.0753
makan 0.250 0.6021 0.1505
matre 0.250 0.6021 0.1505

percaya 0.125 0.6021 0.0753
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Term TF IDF TF-IDF
suryo 0.500 0.6021 0.3010
tina 0.250 0.6021 0.1505

Table 4 displays the final calculation results of the word feature matrix weighting using the Term
Frequency-Inverse Document Frequency (TF-IDF) method. The final TF-IDF value in the table is
obtained by multiplying the term's occurrence frequency within a single document (TF) by its
uniqueness value across the entire document corpus (IDF). Based on the calculations, terms such as
"banci" and "suryo" have the highest weight scores of 0.3010. This indicates that these words are
highly dominant in specific documents but relatively rare in others, leading the algorithm to evaluate
them as highly strong and representative keywords or features. Conversely, words with lower TF-
IDF weights, such as "cerita", "hoax", and "jawa" (0.0753), hold less significance in distinguishing
context between documents. This numerical weighting result subsequently serves as the input data
for the Machine Learning model in the classification stage.

Latent Dirichlet Allocation Modeling
Table 6. Words

Document Text
D1 suryo banci
D2 orang jawa bodoh percaya cerita hoax kresten kulup bodoh
D3 kesal anjing cewe matre
D4 tina banyak makan bakso

Next, frequency calculations are carried out for the 4 previously determined datasets.

Table 7. Frequency
Term Frequency
bodoh 2
suryo
banci

jawa
percaya
cerita
hoax
kresten
kulup
kesal
anjing
cewe
matre
tina
banyak
makan
bakso

e S e g T W S G G S G Y

Total words = 18
a. Calculation of Dominant Topics
1. Topic 1 (cyberbullying)
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Table 8. Frequency topic 1
Words Total
bodoh 2

banci

anjing
matre
kesal

N

jawa

Total topic frequency = 7

Probability:

| b2

P(bodoh | T;) == = 0.286

7
P(banci | T;) = %: 0.143,

For the word "banci" the probability obtained is 14.3%, the higher the probability of the word, the
more the word represents the topic sentence.

2. Topic 2 (General/Neutral Words)
Table 9. Common word frequency

Text Frequency
tina 1
banyak 1
makan 1
bakso 1

Total topic frequency = 4
Probability:

1
P(bakso | T;) = i 0.25

To convert the LDA's continuous probabilistic output into a single, definitive discrete label (predicted
label) for the confusion matrix, the system applies an argmax function. The system assigns a single
predicted label to each document based on its dominant topic—the topic that yields the highest
probability distribution score in that specific text. Furthermore, the mapping of the unsupervised
hidden topics generated by LDA to the four predefined researcher categories (Bodyshaming, Racism,
Gender, Neutral) was conducted manually. The researchers inspected the top 15 most frequent and
dominant keywords (terms) within each generated LDA topic cluster and qualitatively aligned them
with the semantic context of the targeted cyberbullying categories. For instance, a cluster dominated

by terms like "cina", "jawa", was manually mapped to the "Racism" class.

Table 10. Manual Topic-to-Category Mapping Based on Dominant LDA Keywords

LDA Topic Top Keyword Category Mapping Rationale

jelek, gendut, muka Dominated by words

Topic 1 Bodyshamin that insult physical
P hitam y 5 Py
appearance.
. . Most keywords refer to
. cina, jawa, papua, batak, . .
Topic 2 . Racism race, ethnicity, or
kafir o
religion.
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LDA Topic Top Keyword Category Mapping Rationale

Dominant words are
banci, bencong, cewe, related to gender
Topic 3 8 Gender 8

cowo, gay identity and gender-

based insults.
common words that do
Neutral not lead to
cyberbullying

makan, bakso, rumah,

Topic 4
opic sekolah, pagi

Model Evaluation

The evaluation of the system's performance was conducted by comparing the category labels
obtained from the dominant inferred topic after manual topic-to-label mapping with the manually
annotated ground-truth labels. Although the underlying model is based on unsupervised topic
modeling, the dominant inferred topic of each document was manually mapped to one of the
predefined cyberbullying categories, enabling the calculation of standard evaluation metrics such as
accuracy, precision, recall, and F1-score. The results of this comparison are presented in the
confusion matrix below, which subsequently serves as the basis for calculating precision, recall, F1-
score, and overall accuracy across the four predefined categories.

Table 11. Model Evaluation

Prediction
Actual - .
Bodyshaming Gender Neutral Racist
Bodyshaming 80 2 25 0
Gender 7 99 2 1
Neutral 31 1 57 5
Racist 2 1 2 85

Total Correct Predictions ( )
Total of All Data

TP =321
Total Data = 400

Accuracy =

=321 _ 08025 (80.25%
400 (80,25%)

a. Bodyshaming Class Calculation

Precision measures the machine's accuracy when predicting the Body shaming class, while Recall
measures the machine's sensitivity in identifying all existing Body shaming data.
TP=80
FP=7+31+2 = FP=40
FN =27
80

P . s -
recision 80 + 40

80

T 120
= 0,6667

= 66,67%
Recall =TP + FNTP.................... 2

_ 80
"~ 80 + 27
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80
107
=0,7477
= 74,77%

PrecisionxRecall

F1 —Score =2 X —————..vvuurnnns (3)

Precision+Recall
0,6667 x 0,7477
X 0,6667 + 0,7477
= 0,7048
= 70,48%

b. Gender Class Calculation

TP=99
FP=2+1+1=4
FN=7+2+1=10
99
99 + 4
99
~ 103
= 0,9612
=96,12%

Recall = —22
e =99+ 10
99

=009

109 0,9083
=90,83%

9 0,9612 x 0,9083
0,9612 + 0,9083

=0.9340 =93,40%

Precision =

c. Neutral Class Calculation

TP=57
FP=25+2+2=29
FN=31+1+5=37

Precision = = 28 = 280
recision 57129 0,6628 = 66,28%
= — 0,
Recall ST 137 0,6064 (60,64%)
66,28 x 60,64
F1-Score = 2 = 0,6334 = 63,34%

X —
66,28 + 60,64

d. Racism Class Calculation

TP=85
FP=0+1+5=6
FN:2+1+2:5

85
P ision = ——— = 41 419
recision 516 0,9341 (93,41%)

85
= = 0,
Recall 8515 0,9444 (94,44%)
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F1-S =2X 09341 x 09444 _ 0.9392 (93,92%)
COTE = L 0,0341 + 0,9444 e

System Implementation

The following is the result of the system implementation in the form of a web-based application
developed using the Python programming language and the Flask framework. This application is
designed to detect and extract cyberbullying social issues from text data on Platform X by integrating
Named Entity Recognition (NER) and Latent Dirichlet Allocation (LDA) methods. Through this
application, users can comprehensively observe the stages of the analytical process, ranging from
text cleaning (text preprocessing) and target entity extraction, to the final results of interactive
cyberbullying categorization.

a. Dashboard Page
The dashboard page is the initial page for users who have successfully logged into the system.

Welcome, juandal

Sistem Integrasi NER-LDA Powered Cyberbullying Defense.

© Total Deteksl: 19643 Data 22 Tingkat Akses: Pengguna Biasa

0 ]

Mulai Deteksi Arsip Data

Analisis teks tunggal atau unggah file Kelola dan pantau seluruh riwayat data

Excel untuk ekstraksiisu sosial secara deteksi dari semua pengguna sistem.
otomatis

Figure 4. Dashboard
b. Detection Page
This is the results page, where beforehand the user must input the dataset they wish to detect
into the system. After the user uploads the dataset in Excel format, the system will process it
and display the results as shown in the following image.
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cyberDeteCt user@ juanda
& Ringkasan Analisis Massal 1848 Data Diproses

KOMENTAR (SAMPEL 5 BARIS) KATEGORILDA

@BendiTheBagak Cuci duit tu. Cina babi tau dia xdpt jadi kerajaan nanti nak larimcm jho lo Cyberbullying RASIS

@Simaniakair2 @gmail _great @yappingfess Lu aja Jawa tolol percayaan dgn ceritasampah ..  Cyberbullying RASIS

HASIL NER (NAMED ENTITY RECOGNITION):

Jawa

ALURPENGOLAHAN TEKS (PREPROCESSING):

1. CaseFolding: "1lu aja jawa tolol percayaan dgn cerita sampah begini dasar ras rendahan"
2. Stopword Removal: "1u aja jawa tolol percayaan dgn cerita sampah begini dasar ras rendahan"
3. Stemming: “kamu aja jawa bodoh percaya dengan cerita sampah begini dasar ras rendah"

4. Final Filtering: "kamu aja jawa bodoh percaya cerita sampah begini dasar ras rendah"

@neyrashazeyra Bape cina babitu bayar ko

@whOsknow @yappingfess Jawa tolol percaya cerita hoax begini Cyberbullying RASIS

77 @yappi Pastilu orang Jawa tolol percaya cerita hoax bgni. Kreste... Cyberbullying RASIS

Figure 5. Detection

= AWAN KATA DOMINAN (WORD CLOUD)

lu muka jelek yg tolol anjing
babi aja cina ga jawa orang

Figure 6. Word Cloud

¢ DISTRIBUSI FREKUENSI (TOP 5)

I v B muka B jelek NEEEN kek NN yg

Figure 7. Frequency Distribution
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The integration of Named Entity Recognition (NER) and Latent Dirichlet Allocation (LDA) provides a
robust framework for identifying cyberbullying social issues within unstructured text data from the
X platform, yielding an overall classification accuracy of 80%. This finding confirms that the synergy
between entity extraction and thematic modeling offers superior predictive capabilities compared to
utilizing individual methods in isolation. The performance of the proposed model aligns with and
extends the findings of Taher et al., who observed that the integration of NER and LDA significantly
enhances accuracy—specifically reaching 71.97% in their research on address extraction. The
current study achieves a higher accuracy of 80% within the context of cyberbullying detection,
suggesting that this integration remains highly effective even when applied to the complex, informal,
and slang-heavy language characteristic of the X platform. This demonstrates the scalability and
adaptability of the integrated NER-LDA pipeline across different domains, from data extraction to
social issue classification.

Furthermore, this study addresses the methodological limitations observed in prior research, such
as the work by [7] While that study successfully employed NER and topic modeling to analyze
telemedicine news, it treated these methods as separate analytical components rather than as a fully
integrated, sequential pipeline. In contrast, the current research leverages NER as an essential
preprocessing filter to identify key actors, organizations, and entities, which then informs the LDA
process. This structural integration allows for a more granular mapping of cyberbullying types,
enabling the system to categorize content into distinct classes like racism, gender, and bodyshaming
with greater precision.

The high F1-Scores achieved in the Racism (94%) and Gender (93%) categories indicate that the
model is particularly adept at detecting specific, keyword-driven social issues. However, the
relatively lower performance in the Bodyshaming (70%) and Neutral (63%) categories highlights
the inherent challenges of linguistic ambiguity in social media interactions. Furthermore, this
performance gap may not be exclusively due to linguistic ambiguity; it is highly likely that the
keyword-based data collection and annotation strategies inherently favor categories characterized
by strong, explicit lexical markers such as racial or gender slurs. Consequently, these categories
naturally achieve higher classification scores regardless of the deeper semantic pattern recognition
capabilities of the NER-LDA pipeline. Bodyshaming often relies on figurative or context-dependent
language that may not always contain explicit entities or distinct keyword markers, leading to lower
sensitivity. These results suggest that while the current model is highly effective for detecting overt
forms of aggression, future work could incorporate more context-aware word embeddings to better
handle the subtle or metaphorical expressions often found in bodyshaming or neutral-toned
conversations.

In conclusion, this study validates the use of an integrated NER-LDA approach as a practical,
automated tool for monitoring cyberbullying. It provides a structured foundation that outperforms
disjointed method applications, offering a pathway for more effective policy formulation and
intervention strategies on social media platforms. While the findings demonstrate the efficacy of the
proposed model, certain limitations must be recognized. Primarily, the dataset was exclusively
sourced from Platform X and is confined to Indonesian text. This single-platform and single-language
focus may constrain the applicability of the model to other social networks or languages.
Additionally, The ground-truth annotation for the entire dataset was performed by the researcher
following predefined annotation guidelines to ensure consistent labeling across all samples.
Nevertheless, because this study did not involve multiple independent annotators or calculate inter-
annotator agreement metrics such as Cohen's Kappa, some degree of subjective bias may remain,
particularly in context-dependent cases such as sarcasm, figurative language, or implicit

Journal of Deep Learning, Computer Vision and Digital Image Processing | 293



Journal of Deep Learning. Computer Vision and Digital Image Processing
Pratama et.al | Integration of named entity recognition ....

cyberbullying. Future studies should involve multiple annotators and report formal inter-annotator
agreement statistics to further strengthen annotation reliability.

CONCLUSION

The integration of Named Entity Recognition (NER) and Latent Dirichlet Allocation (LDA) methods
has proven effective in producing a comprehensive analysis of the cyberbullying phenomenon on the
X platform. This approach combines NER's capability to extract key entities—such as the names of
individuals, organizations, and locations with LDA's reliability in modeling the main topic patterns of
conversations. The evaluation results show that this model achieves an overall accuracy of 80%, with
excellent classification performance in the Racism (F1-Score 94%) and Gender (93%) categories.
Although the Body shaming (70%) and Neutral (63%) categories were slightly hindered by the
contextual similarities of social media language, the system as a whole successfully clustered topics
and entities in a structured manner, thus holding great potential to be utilized as a foundation for
analysis and decision-making. For future research, it is recommended to expand the dataset across
multiple platforms and languages while establishing formal inter-annotator reliability metrics during
the labeling process. Additionally, comparing this integrated NER-LDA pipeline against supervised
deep learning baselines could provide deeper insights into its comparative effectiveness.
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