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This study examines hate speech detection in TikTok comments using
natural language processing (NLP) techniques within the student community
of UIN Sunan Ampel Surabaya. A dataset of 10,000 comments associated
with the hashtag #PBAKUINSA2023 was analyzed using a lexicon-based
sentiment analysis approach implemented through the TextBlob library,
combined with Indonesian text preprocessing techniques, including
tokenization, normalization, stopword removal, and stemming using the
Sastrawi library. The results indicate that the proposed approach achieved an
accuracy of 0.85, with precision of 0.88, recall of 0.83, and an F1-score of
0.854. Most comments were classified as neutral, while 31.8% were
positive, and only a small proportion were negative. These findings suggest
that discussions related to campus activities tend to be neutral or supportive.
However, the findings also reveal that sentiment polarity does not always
directly correspond to hate speech, as certain harmful expressions may
appear neutral in lexicon-based analysis. This limitation highlights the need

for more context-aware approaches. Overall, the proposed method provides
an efficient solution for monitoring online discourse in academic
environments.
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1. INTRODUCTION

The rapid growth of social media has significantly transformed communication and generated large
volumes of unstructured data that are difficult to analyze and manage. Platforms such as TikTok have
become widely used communication channels, particularly among students at UIN Sunan Ampel Surabaya.
Along with this growth, social media has also facilitated the spread of harmful content, including hate
speech, which may negatively affect online interactions and digital environments [1]. Therefore, systematic
approaches are required to effectively process and analyze social media data in order to detect potentially
harmful content [2], [3].

Social media has also changed the role of users from passive consumers of information to active
producers who continuously generate digital content and interactions [4]. This shift results in increasingly
complex data that requires modern analytical techniques for effective analysis [5]. In this context, natural
language processing (NLP) provides powerful tools for extracting meaningful insights from large-scale
textual data generated through social media platforms [6], [7].

Recent studies highlight that NLP techniques, including sentiment analysis approaches, have been
widely applied to detect hate speech and analyze sentiment patterns in online communication [8], [9].
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Sentiment analysis enables the classification of textual data into positive, neutral, or negative sentiments,
which can help identify hostile or offensive language targeting individuals or groups based on attributes such
as race, religion, gender, or nationality [10]. In general, sentiment analysis approaches can be categorized
into lexicon-based methods and machine learning-based methods [11]. Lexicon-based approaches rely on
predefined sentiment dictionaries, while machine learning approaches learn sentiment patterns from labeled
datasets [12], [13].

This study applies NLP techniques to analyze TikTok comments in order to identify hate speech and
sentiment patterns within the academic community of UIN Sunan Ampel Surabaya [14]. By utilizing a
lexicon-based sentiment analysis approach combined with Indonesian text preprocessing techniques using the
sastrawi library, the research develops an automated system capable of classifying sentiment in social media
comments [15]. The system is implemented through a prototype application designed to monitor and analyze
discussions related to campus activities on TikTok [16].

Although numerous studies have investigated hate speech detection on social media platforms,
limited research has specifically examined TikTok interactions within Indonesian academic communities.
This study addresses this gap by analyzing TikTok comments associated with campus-related hashtags and
implementing a sentiment analysis system for automated monitoring. The findings are expected to provide
insights into student interaction patterns on social media and support efforts to promote safer and more
responsible digital communication within academic environments.

2. METHOD

This study applies NLP techniques to analyze TikTok comments and identify sentiment patterns
related to potential hate speech within the academic community of UIN Sunan Ampel Surabaya. The
proposed approach follows a structured workflow consisting of data collection, text preprocessing, sentiment
analysis, classification, and performance evaluation. The overall pipeline of the proposed system is illustrated

in Figure 1.
Data Preprocessing
TikTok API Data Collection (Tokenization, Stopword removal,
Stemming)
Tools: Sastrawi

Sentiment Analysis Sentiment Classification Result Storage &
(TextBlob) (positive / neutral / negative) Visualization

Figure 1. Overall workflow of the proposed TikTok sentiment analysis system, including data collection,
preprocessing, sentiment analysis using TextBlob, and result storage and visualization

2.1. Data collection

The dataset used in this study consists of 10,000 TikTok comments collected from videos associated
with the hashtag #PBAKUINSA2023, which relates to campus orientation activities at UIN Sunan Ampel
Surabaya. The data were retrieved using the TikTokApi Python library, focusing on publicly available
comments posted by users on videos containing the selected hashtag. The collected comments are primarily
written in Indonesian and often contain informal expressions, abbreviations, slang, and mixed-language
usage commonly found in social media communication. These characteristics make social media text
particularly challenging for automated analysis. From the collected dataset, 8,000 comments were used for
training purposes and 2,000 comments were used for testing in order to evaluate the performance of the
sentiment classification system. This data partition allows the proposed approach to be assessed on unseen
data and ensures a more reliable evaluation of classification performance.

2.2. Data preprocessing

Prior to performing sentiment analysis, the textual data undergo several preprocessing stages in
order to improve data quality and reduce noise in the dataset. Text obtained from social media platforms
often contains irregular sentence structures, informal expressions, abbreviations, slang, and unnecessary
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symbols that may negatively affect the accuracy of sentiment analysis. Therefore, several preprocessing
techniques are applied to standardize the textual data before analysis [17].

These steps include tokenization, which splits sentences into individual tokens or words; stopword
removal, which eliminates common words that do not significantly contribute to sentiment interpretation;
normalization, which converts informal or abbreviated words into their standard forms; and stemming, which
reduces words to their base or root form. In this study, stemming is performed using the Sastrawi library,
which is specifically designed for Indonesian language processing.

2.3. Sentiment analysis

Sentiment classification in this study is performed using the TextBlob library, which implements a
lexicon-based sentiment analysis approach. In this method, each word in the text is assigned a sentiment
score based on a predefined sentiment lexicon. Negative sentiment is considered a potential indicator of hate
speech-related expressions within the analyzed comments. TextBlob computes two primary sentiment
indicators for each text input, namely polarity and subjectivity scores [18]. The polarity score represents the
sentiment orientation of a text and ranges between —1 and +1. A polarity value greater than zero indicates
positive sentiment, a value equal to zero represents neutral sentiment, and a value less than zero indicates
negative sentiment [19]. Mathematically, the polarity value P of a sentence can be represented as the average
sentiment score of all words contained in the text, expressed as:

" s

p= 0 ®
where:
— P represents the polarity score of a sentence, indicating the overall sentiment orientation.
- ™, denotes the summation operator, which adds the sentiment scores of all words in the sentence.
—  s; represents the sentiment score of the i -th word in the text.
n denotes the total number of words in the sentence.
In addition to polarity, TextBlob also calculates a subjectivity score S, which measures the degree of
personal opinion contained in the text. The subjectivity score ranges between 0 and 1, where values closer to
1 indicate highly subjective expressions, while values closer to 0 indicate more objective statements.

To evaluate the performance of the proposed sentiment analysis system, the model was tested using
2,000 TikTok comments that were not included in the training dataset. The evaluation aims to measure the
effectiveness of the sentiment classification approach in identifying sentiment polarity in social media
comments. Several standard performance metrics were used to assess the classification results, including
accuracy, precision, recall, and F1-score. These metrics provide a comprehensive evaluation of the model’s
ability to correctly classify sentiment polarity and detect hate speech-related expressions within the dataset.
Accuracy measures the proportion of correctly classified instances among all evaluated samples [20]. It
reflects the overall correctness of the classification system and is defined as:

TP+ TN

Accuracy = ———
y TP+ TN+FP+FN

)
where true positive (TP) represents correctly classified positive instances, true negative (TN) represents
correctly classified negative instances, false positive (FP) represents instances incorrectly classified as
positive, and false negative (FN) represents instances incorrectly classified as negative. Precision measures
the proportion of correctly predicted positive instances among all predicted positive instances. It indicates the
reliability of positive sentiment predictions and is defined as:

TP
TP+FP

Precision =

©)

Recall measures the proportion of actual positive instances that are correctly identified by the system. It
evaluates the model’s ability to detect relevant positive cases and is defined as:

TP
TP+FN

Recall = 4)
The F1-score is the harmonic mean of precision and recall, providing a balanced evaluation between the two
metrics. It is expressed as:

F1 =g x PrecisionxRecall -

Precision XRecall
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In addition to these metrics, a confusion matrix was used to provide a more detailed analysis of the
classification performance. The confusion matrix presents the distribution of correctly and incorrectly
classified instances by showing the number of TP, TN, FP, and FN [21]. This representation allows for a
deeper understanding of the model’s strengths and weaknesses, particularly in identifying misclassification
patterns. By analyzing the confusion matrix, it becomes possible to observe how well the model distinguishes
between hate speech and non-hate speech comments and to identify potential sources of classification errors.

2.4. Sentiment classification
After obtaining the polarity score from the sentiment analysis process, each comment is classified
into one of three sentiment categories: positive, neutral, or negative. The classification is determined based
on the polarity value obtained from the TextBlob analysis. The sentiment classification function can be
defined as:
Positive,P > 0
Clx) = { Neutral.P =0 } (6)
Negative,P <0

where P represents the polarity score of the analyzed comment.

Through this classification mechanism, each TikTok comment is assigned a sentiment label. The
classification results are then aggregated to analyze the distribution of sentiments within discussions related
to the hashtag #PBAKUINSA2023. This enables the identification of sentiment patterns within the dataset.

2.5. Result storage and visualization

After the sentiment classification process is completed, the results are stored and visualized to
facilitate interpretation of the sentiment distribution. Each analyzed comment is stored in a CSV file
containing the comment text, polarity score, subjectivity score, and sentiment classification label. To present
the sentiment distribution in a more interpretable form, the results are visualized using graphical
representations. In this study, a donut chart generated using the Matplotlib library is used to display the
proportion of positive, neutral, and negative comments associated with the analyzed hashtag.

This visualization helps provide a clear overview of sentiment trends in TikTok discussions and
enables easier interpretation of the results by researchers and stakeholders. Furthermore, graphical
visualization allows the identification of dominant sentiment patterns and potential indicators of harmful or
negative online interactions within the academic digital environment.

3. RESULTS AND DISCUSSION

This section presents the results obtained from the implementation of the proposed sentiment
analysis system and discusses the performance of the model in analyzing TikTok comments. The results
include the application implementation, sentiment classification performance, sentiment analysis outcomes,
and interpretation of sentiment patterns found in the dataset.

3.1. Application implementation and key features

The UINSA Sentiment Tracker application was developed to analyze sentiment from TikTok
comments associated with specific hashtags. The application was implemented using the Python
programming language with the Tkinter framework to provide a user-friendly graphical interface for social
media sentiment analysis. Through this interface, users can input a hashtag to retrieve related TikTok videos
and comments. The system then processes the collected comments, performs sentiment analysis, and presents
the results in both numerical and graphical formats. Figure 2 illustrates the user interface of the UINSA
Sentiment Tracker application, including the main dashboard as in Figure 2(a) and the sentiment analysis
processing interface as in Figure 2(b).

The application utilizes the TextBlob library to perform lexicon-based sentiment analysis, while the
Sastrawi library is used for Indonesian text preprocessing, particularly for stemming operations. Comments
extracted from TikTok videos are first processed through the preprocessing pipeline before sentiment polarity
and subjectivity scores are calculated. The processed data are subsequently stored in a CSV file for further
analysis and documentation. To facilitate interpretation of the results, the sentiment distribution is visualized
using a donut chart generated with the Matplotlib library, which displays the proportion of positive, neutral,
and negative sentiments. The Tkinter-based interface provides an intuitive layout that allows users to easily
interact with the system and observe the sentiment analysis results.
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Figure 2. User interface of the proposed system: (a) application dashboard and (b) sentiment analysis
processing interface

3.2. Algorithm components

The developed application integrates several components to perform automated sentiment analysis
on TikTok comments. The system utilizes Tkinter to provide a graphical user interface (GUI), allowing users
to input hashtags and view analysis results. TikTok comments associated with the specified hashtag are
retrieved using the TikTokApi Python library. After the comments are collected, the system performs text
preprocessing including cleaning and stemming using the Sastrawi library to standardize Indonesian-
language text. Sentiment analysis is then conducted using the TextBlob library, which calculates polarity and
subjectivity scores for each comment. Based on the polarity value, comments are classified into positive,
neutral, or negative sentiment categories. The analysis results are stored in a CSV file and visualized using a
donut chart generated with the Matplotlib library. This visualization helps illustrate the distribution of
sentiment categories within the analyzed dataset and enables users to easily interpret the sentiment patterns of
TikTok comments.

3.3. Application testing

To evaluate the performance of the proposed NLP-based approach, several evaluation metrics were
used, including accuracy, precision, recall, F1-score, and confusion matrix analysis. The dataset consisted of
10,000 TikTok comments, with 8,000 comments used for training and 2,000 comments used for testing. The
model achieved an accuracy of 0.85, with precision of 0.88, recall of 0.83, and an F1-score of 0.854,
indicating effective performance in classifying sentiment in informal social media text. This performance can
be attributed to the preprocessing techniques applied, which help normalize slang, abbreviations, and non-
standard expressions commonly found in TikTok comments. Further analysis of the classification results is
presented using confusion matrix and precision—recall evaluation. The distribution of the dataset used for
model training and evaluation is illustrated in Figure 3.

Figure 3(a) shows the distribution of data for training and testing, while Figure 3(b) presents the
class distribution within the testing dataset, illustrating the proportion of hate speech and non-hate speech
comments used for model evaluation. The test dataset contains 1,060 hate speech comments (53%) and 940
non-hate speech comments (47%), indicating that the dataset is relatively balanced. A balanced dataset is
important for ensuring that the classification model does not become biased toward one particular class and
can effectively detect both hate speech and non-hate speech instances. This data split ensures that the model
can be trained effectively and evaluated using unseen data to measure its generalization capability. Figure 4
shows the visualization of the evaluation metrics of the hate speech classification model based on the selected
performance metrics, including accuracy, precision, recall, and F1-score.
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Figure 3. Dataset distribution used for model development: (a) distribution of data for training and testing
and (b) class distribution in the testing dataset
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Figure 4. Visualization metrics of hate speech classification model

To further analyze the classification performance, Figure 5 presents the evaluation results of the
proposed hate speech classification model using two complementary visualizations. Figure 5(a) illustrates the
confusion matrix of the classification results, while Figure 5(b) shows the precision—recall trade-off analysis
of the model. Figure 5(a) presents the confusion matrix summarizing the classification results in terms of TP,
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TN, FP, and FN. The model correctly identified 880 hate speech comments as TP and 820 non-hate speech
comments as TN. However, 180 hate speech comments were misclassified as non-hate speech or FN, while
120 non-hate speech comments were incorrectly classified as hate speech or FP. These results indicate that
the proposed model is capable of correctly identifying the majority of instances in the dataset. The
occurrence of false negatives suggests that certain hate speech expressions may be subtle or context-
dependent, while false positives may arise when neutral comments contain words interpreted as negative by
the sentiment lexicon.

Figure 5(b) illustrates the precision—-recall trade-off of the classification model, indicating a
balanced performance between detecting hate speech and minimizing classification errors. These results
confirm the effectiveness of the proposed approach in identifying hate speech in TikTok comments. Further
error analysis based on the confusion matrix shows that the model produced 300 misclassified comments
(15% of the test dataset), consisting of 180 false negatives and 120 false positives, as illustrated in Figure 6.

The higher number of false negatives indicates that certain hate speech expressions were not
detected by the system. This limitation may occur due to the complexity of social media language, including
informal expressions, slang, sarcasm, or contextual meanings that are difficult to capture using lexicon-based
sentiment analysis methods. Meanwhile, false positives occur when neutral or informal comments contain
words that are interpreted as negative by the sentiment lexicon.
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Figure 5. Performance evaluation of the proposed hate speech classification model: (a) confusion matrix
showing the classification results of the proposed model and (b) precision—recall trade-off analysis of the
proposed hate speech classification model
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Figure 6. Error analysis misclassification breakdown
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3.4. Sentiment analysis result

Table 1 presents a sample of TikTok comments along with their corresponding polarity scores,
subjectivity values, and sentiment classification results. The Table 1 illustrates how the proposed sentiment
analysis system assigns polarity and subjectivity scores to each comment and subsequently classifies the
sentiment into positive, neutral, or negative categories. Based on the overall analysis of the dataset, the
majority of comments associated with the hashtag #PBAKUINSA2023 were classified as neutral, while
31.8% of the comments were identified as positive and only a small proportion of comments were classified
as negative. The examples shown in Table 1 illustrate how the sentiment classification process works for
individual comments. These results indicate that discussions related to the hashtag tend to generate neutral or
supportive interactions among users. The predominance of neutral comments suggests that the conversation
surrounding the hashtag is largely informational or conversational rather than emotionally polarized. This
finding indicates that sentiment polarity alone does not always directly correspond to hate speech, as certain
harmful expressions may appear neutral due to the limitations of lexicon-based sentiment analysis.

Table 1. Sample sentiment analysis results from TikTok comments associated with the hashtag
#PBAKUINSA2023

Original comment

English translation

Polarity  Subjectivity  Sentiment

farabil705 adek mu Farabil705, is that your younger sibling? 0.0 0.0 Neutral
Alhamdulillah dapet Thank God, | got it 0.0 0.0 Neutral
sapa aku dong kak Please say hi to me 0.0 0.0 Neutral
cakep amat kak deka You look very beautiful, Deka 0.65 1.0 Positive
ahaiii timses e nde ngarep iku wkwkw Haha, that’s the campaign team standing in 0.0 0.0 Neutral
front
welll Well... 0.0 0.0 Neutral
halah? remek That’s just an exaggeration 0.0 0.0 Neutral
good people Good people 0.7 0.6 Positive
kalo fyp dapet apa kak What do you get if this reaches the for you 0.0 0.0 Neutral
page (FYP)?
butuh jasa viral kak Do you need a social media promotion 0.0 0.0 Neutral
service?
Keamanan tik banyangan ga ketok blas ~ The security staff in the background are not 0.5 0.5 Positive
visible at all
oh iki ibnu Oh, this is Ibnu 0.0 0.0 Neutral
Gini kan enakkk This is much better 0.7 0.6 Positive
zahwa_machrunnisa lah siti se fakultas ~ Zahwa_Machrunnisa, Siti is from the same 0.0 0.125 Neutral
sama kmu faculty as you
semangat pbak Keep up the spirit! 0.0 0.0 Neutral
MasPengggggg emng bowlehh Wow, that’s really impressive! 0.0 0.0 Neutral
izin post sg boleh kak May | repost this on my story? 0.5 0.5 Positive
kiw kiw Cheering/flirting expression (“woohoo!”) 0.0 0.0 Neutral
lucuu So cute! 0.25 1.0 Positive
ihhh sok centil banget aku Haha, I’'m being so playful/flirty 0.2 0.2 Positive

3.5. Discussion

The obtained results indicate that lexicon-based sentiment analysis is effective in capturing general
sentiment trends in social media data but has limitations in detecting implicit or context-dependent hate
speech expressions. The proposed approach achieved an accuracy of 85%, indicating that the model is able to
correctly classify the majority of comments. Despite these promising results, several challenges were
observed during the analysis of TikTok comments. Social media language often contains ambiguity, slang,
and informal expressions, which can reduce the effectiveness of lexicon-based sentiment analysis methods
[22]. In addition, hate speech may depend heavily on contextual interpretation, including sarcasm, cultural
references, or implicit meanings that are difficult to capture using simple lexical approaches.

TextBlob provides an efficient and practical approach for prototype development by enabling the
calculation of polarity and subjectivity scores for sentiment classification. However, lexicon-based
approaches have limitations in capturing deeper linguistic nuances. Previous studies have shown that
transformer-based models such as bidirectional encoder representations from transformers (BERT) can
provide improved performance in sentiment and hate speech detection by capturing contextual relationships
within text [23]-[27]. Visualization of sentiment distributions also supports better interpretation of social
media data by illustrating sentiment patterns and interaction trends within the dataset [28]. These
visualizations help researchers and stakeholders quickly understand the dynamics of user engagement on
social media platforms.
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Future research may focus on integrating advanced deep learning models, expanding datasets, and
improving preprocessing techniques to better handle slang, sarcasm, and contextual language. In addition,
multimodal analysis, which combines textual, visual, and audio information, may provide more
comprehensive insights into social media communication dynamics [29]. Overall, the proposed system
demonstrates the potential of NLP-based approaches for monitoring sentiment patterns in TikTok comments.
Although the current system has certain limitations, the findings provide a useful foundation for developing
automated tools that support digital safety and responsible social media engagement within academic
communities [30].

4. CONCLUSION

This study developed a NLP-based system to analyze sentiment and detect potential hate speech
patterns in TikTok comments associated with the hashtag #PBAKUINSA2023. The proposed system
integrates TikTok data retrieval, Indonesian text preprocessing using the Sastrawi library, and sentiment
analysis using TextBlob to automatically classify user comments. The evaluation results show that the model
achieved an accuracy of 0.85, with precision of 0.88, recall of 0.83, and an F1-score of 0.854, indicating
reliable performance in sentiment classification. The analysis also reveals that most comments were neutral,
while 31.8% were positive, and only a small proportion of comments were classified as negative. Overall, the
results demonstrate the potential of NLP-based approaches for analyzing sentiment patterns in social media
discussions and supporting safer digital communication within academic communities. Future research may
improve classification performance by incorporating advanced transformer-based models and expanding the
dataset to better capture linguistic variations in social media content.
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