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Abstract

Hate speech and offensive language on social media, particularly Twitter in Indonesia, have
become a serious problem that can threaten the social and psychological stability of users. This study
aims to analyze and detect such harmful content using a multi-label classification approach, which is
more representative in capturing the complexity of real-world language. The research methodology
involves collecting data through the Twitter API, which is then subjected to an intensive preprocessing
stage, including data cleaning and text normalization using a slang dictionary. We apply machine
learning algorithms such as Support Vector Machine (SVM), Naive Bayes (NB), and Random Forest
Decision Tree (RFDT). To handle the multi-label characteristics, Binary Relevance (BR), Label Power-set
(LP), and Classifier Chains (CC) transformation techniques are used. The results show that the RFDT
algorithm with LP transformation provides the best performance with an accuracy rate of 81.2%. This
finding confirms that text normalization and the selection of appropriate label transformation techniques
are crucial in improving detection accuracy. The results of this study are expected to provide a foundation
for the development of a smarter automated content moderation system for Indonesian-language social
media.

Keywords — Hate speech, abusive language, multi-label classification, Indonesian Twitter, Random
Forest.

1. INTRODUCTION

The growth of social media users in Indonesia, particularly Twitter, has brought about a
significant transformation in digital communication patterns. However, this ease of sharing
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information has also triggered an increase in the spread of negative content, such as hate speech
and abusive language [/ 1], [5]. This phenomenon not only triggers social unrest but can also
escalate into physical or psychological conflict if not handled properly [2], [4]. Automatic
identification of this dangerous communication is crucial to maintaining the integrity of the
digital space and protecting users, especially vulnerable groups [3].

Several previous studies have explored hate speech detection in English with significant
results [11], [13]. However, applying these methods to the Indonesian context faces unique
challenges due to the complex language structure, use of slang , and cultural diversity [6], [7].
Research by Alfina et al. [7] and Ibrohim & Budi [9] has made an important step by providing
an initial dataset and preliminary study on multi-label detection on Indonesian Twitter.

Although binary classification is often used, the reality in the field shows that a single
post often contains several label categories at once, such as hate speech directed at an individual
while also containing elements of racism [8], [12]. Therefore, a multi-label classification
approach is considered more representative [21], [22]. Various machine learning algorithms
such as Support Vector Machine (SVM), Naive Bayes (NB), and Random Forest Decision Tree
(RFDT) have been tested for their reliability in handling large-scale textual data [10], [17].

In addition to algorithms, classification success is highly dependent on data
preprocessing, including text normalization and feature extraction such as TF-IDF or Deep
Learning- based techniques [15], [20]. The use of data transformation methods such as Binary
Relevance (BR), Label Power-set (LP), and Classifier Chains (CC) has become standard in
handling dependencies between labels in multi-label classification [21].

This study aims to analyze the performance of various machine learning algorithms in
detecting hate speech and offensive language on Indonesian Twitter. The main focus of this
study is to evaluate the effectiveness of Label Power-set transformation combined with RFDT,
as well as to underline the importance of text normalization in improving detection accuracy
[14], [18]. The results of this study are expected to contribute to the development of content
moderation systems that are more intelligent and adaptive to local language characteristics.

2. RESEARCH METHODOLOGY

This research methodology is designed to handle multi-label classification of Indonesian
Twitter textual data. The workflow consists of several main stages: data collection,
preprocessing, annotation, and machine learning algorithm implementation.

2.1 Data Collection

The dataset used in this study is sourced from previous research conducted by Ibrohim
et al. [9] and enriched with additional data retrieved using the Twitter Search API through the
Tweepy library. Data collection was conducted over a seven-month period (March 20 to
September 10, 2018) to capture various trending expressions of hate speech. The final dataset
consists of thousands of unique tweet entries representing various categories of hate speech and
offensive language in Indonesia.

2.2 Data Preprocessing
Preprocessing is a crucial step in improving data quality before entering the
classification stage. The steps involved include:
1. Data Cleaning: Removes non-alphanumeric characters, URLs, hashtags , and anonymized
usernames ((@user).
2. Case Folding: Changes all text to lowercase .
3. Text Normalization: Convert non-standard words, abbreviations, and slang info standard
form using the normalization dictionary ( new kamusalay.csv) [5].
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4. Handling Abusive Words: Identify abusive words using a reference list ( abusive.csv ) to
strengthen the classification features.

2.3 Annotation Process
The annotation process is carried out in stages using a crowdsourcing method . To
maintain quality and objectivity, annotators are selected based on certain criteria:
1. Diversity: Includes a variety of age ranges and educational backgrounds.
2. Language Skills: Have a good understanding of local language dialects and contexts.
3. Experience: Active Twitter users who understand the platform's culture of engagement. Each
tweet is assessed by at least two annotators to determine a label (HS, Abusive, or other
specific category) to minimize subjective bias.

2.4 Multi-label Classification Approach
Since a single tweet can have more than one label (for example, containing both hate
speech and offensive language), this study applies multi-label data transformation techniques
[21], [22]:
1. Binary Relevance (BR): Treats each label as an independent binary classification problem.
2. Label Power-set (LP): Converts each unique combination of labels into a single, unique class
label.
3. Classifier Chains (CC): Forms a chain of classifiers where the predictions of the previous
label become features for the next label.

2.5 Algorithm and Feature Extraction
This study compares the performance of three popular algorithms:
1. Support Vector Machine (SVM): Known to be effective for high-dimensional feature spaces
[11].
2. Naive Bayes (NB): Used as an efficient baseline for text classification [17].
3. Random Forest Decision Tree (RFDT): Used because of its ability to handle non-linear data
and prevent overfitting .
Features are extracted using the Term Frequency-Inverse Document Frequency (TF-IDF)
method to represent the importance weight of a word in a document against the entire data
corpus [20].

2.6 Evaluation Metrics

Model performance was evaluated using standard classification metrics, namely
Accuracy , Precision , Recall , and F1-Score . Testing was performed using a cross-validation
scheme to ensure the stability of the results across different data subsets.

3. RESULTS AND DISCUSSION

This section presents the results of multi-label classification experiments for hate speech
and offensive language detection, as well as an analysis of the performance of the algorithms
used.

3.1 Data Distribution Analysis

Based on the labeling results on the Indonesian Twitter dataset, it was found that the
label distribution was uneven. The labels "HS" (Hate Speech) and "Abusive" appeared
predominantly. Specifically, the most frequently appearing hate speech category related to
sentiments against certain individuals and groups (SARA). This indicates that the polarity of
conversations on Indonesian Twitter is heavily influenced by issues of identity and personality.
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3.2 Model Performance Comparison
Experimental results using three machine learning algorithms with three multi-label
transformation techniques show significant performance variations. Table 1 summarizes the
accuracy results from these tests.
Table 1. Comparison of Algorithm Accuracy and Transformation Techniques

Algorithm Binary Relevance (BR) | Label Power-set (LP) | Classifier Chains (CC)
Naive Bayes 68.4% 70.1% 69.2%
(NB)

Support Vector 74.2% 76.5% 75.8%
Machine
(SVM)

Random Forest 77.8% 81.2% 79.5%
(RFDT)

Based on Table 1, the Random Forest Decision Tree (RFDT) algorithm combined with
the Label Power-set (LP) technique provides the highest accuracy of 81.2% . This is due to
RFDT's ability to handle non-linear relationships between word features, while the LP technique
successfully captures correlations between labels by treating the combination of labels as a
single, unique class [22].

3.3 Impact of Text Normalization

Analysis shows that the preprocessing stage, specifically text normalization using
new_kamusalay.csv , improves model accuracy by approximately 5-8%. The massive use of
slang and abbreviations on Indonesian Twitter (such as "yg" becoming "yang", "tdk" becoming
"tidak") previously often caused misclassification because word features were considered
different even though they actually had the same meaning [5], [20].

3.4 Error Analysis

Although the RFDT-LP model performed best, it still misclassified tweets containing
sarcasm or subtle innuendo. The model struggled to detect hate speech that did not explicitly
(implicitly) use offensive language. This suggests the need for further research to develop
deeper context-based features, such as the use of Word Embedding (Word2Vec or BERT), to
capture broader semantic meaning [14], [15].

3.5 Discussion on Specific Labels

In specific tests against target labels, the model performed very well in detecting the
“Abusive” label due to its highly distinctive abusive features. However, for specific labels such
as “HS_Religion” or “HS_Race”, the model requires more balanced training data to avoid bias
towards the majority label “HS Individual”. Overall, the multi-label approach proved to be
much more effective in mapping the complexity of language in social media than simple binary
classification [9].

4. CONCLUSION
This research has successfully implemented a multi-label classification method to detect

hate speech and abusive language on Twitter in Indonesia. Based on the experimental results
and analysis, the following key conclusions can be drawn:
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First, the use of a multi-label classification approach has proven to be more effective
and representative in mapping the complexity of language in social media compared to binary
classification, because it is able to identify several label categories in one tweet simultaneously
[91, [22].

Second, from a comparison of various machine learning algorithms, Random Forest
Decision Tree (RFDT) with Label Power-set (LP) transformation technique showed the best
performance with an accuracy level reaching 81.2% . The LP technique excels because of its
ability to consider the correlation between labels as a unique class unit, which is very relevant to
the characteristics of hate speech data in Indonesia [21].

Third, the data preprocessing process, especially text normalization using a slang
dictionary , plays a vital role in increasing model accuracy by up to 8%. This proves that
handling variations in informal writing on Indonesian Twitter is crucial before the data enters
the TF-IDF feature extraction stage [20].

Finally, although the model has shown good results, error analysis indicates challenges
in detecting implicit hate speech or using sarcasm. This provides an opportunity for future
research to explore the use of deeper semantic features such as Word Embedding or Transformer
architecture to improve understanding of language context [14], [15].

5. RECOMMENDATION

Based on the research findings and limitations identified during the process of
classifying hate speech on Indonesian Twitter, the author offers several recommendations for
future research development.

1. Exploration of Advanced NLP Methods: Given that traditional machine learning models still
struggle with implicit context and sarcasm, it is advisable to use advanced Deep Learning
architectures like Bidirectional Encoder Representations from Transformers (BERT) or large
language models that are specifically trained on the Indonesian language corpus
(IndoBERT). This approach is expected to better capture the semantic meaning and nuances
of slang accurately [14].

2. Data Source Expansion: Further research should not only be limited to the Twitter platform,
but also expand to other social media platforms such as Instagram, TikTok, or Facebook
which have different linguistic characteristics and audiences, in order to test the scalability of
the developed model.

3. Dataset Development and Annotation: A more balanced dataset is needed, especially for less
frequently occurring label categories (such as hatred of disability or sexual orientation), to
prevent the model from being biased toward the majority label. Furthermore, the use of
active learning techniques in the annotation process can help improve the efficiency of
selecting high-quality data.

4. Multimodal Feature Integration: Considering that hate speech is often conveyed in the form
of images (memes) or videos, future detection system development needs to consider a
multimodal approach that combines text analysis with visual analysis to obtain more
comprehensive detection results.

5. Implementation of Real-time Systems: Recommends the implementation of the developed
model in the form of an API ( Application Programming Interface ) or real - time monitoring
tool that regulators or platform providers can use to carry out content moderation
automatically and quickly.
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