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Abstract— The term hate speech encompasses 

communication that conveys hostility or prejudice toward 

individuals or groups based on specific attributes, including 

race, ethnicity, gender, or religion. Given the prevalence of such 

harmful content on major social media platforms like Twitter, 

it is imperative to prioritize ongoing research into automated 

detection methods. This study employs advanced artificial 

intelligence and machine learning techniques, involving pivotal 

stages such as data collection, preprocessing, oversampling, 

fastText word embedding, and classification using Long Short-

Term Memory (LSTM) networks to achieve the objective. The 

amalgamation of fastText embeddings with LSTM classification 

yielded noteworthy results, with the model achieving 94% 

accuracy, 92% precision, 94% recall, and a 93% F1 score. These 

outcomes underscore the effectiveness of sophisticated machine 

learning methodologies in accurately discerning and addressing 

the proliferation of hate speech online, particularly in the 

context of Indonesian-language content. 

Keywords—FastText, LSTM, Adasyn, Imbalanced class, 

Indonesia Language 

I. INTRODUCTION 

The pervasive presence of social media in society has 
rendered it an indispensable platform for communication, 
information dissemination, and the articulation of opinions. 
Social media utilization's implications can manifest in positive 
and negative outcomes for individuals' lives. For instance, 
Twitter, a prominent social media platform, boasts a 
substantial user base in Indonesia. According to the Director-
General of Resources for Post and Information Technology 
(SDPP) at the Ministry of Communication and Information, 
19.5 million Indonesians are active Twitter users, positioning 
Indonesia as the fifth most active country on the platform [1].   

One pertinent issue associated with social media, 
particularly Twitter, is the prevalence of hate speech[2]. Hate 
speech encompasses any form of communication expressing 
hatred towards individuals or groups [3]. The proliferation of 
user-generated web content, especially on social media 
platforms where individuals can freely express their opinions 
without stringent regulations, has resulted in a rise in incidents 
of hate speech. [3], [4], [5], [6]. Data from the Ministry of 
Communication and Information Technology indicates a 23% 
increase in reported hate speech incidents on social media 
platforms in Indonesia over the past year. This upsurge in hate 

speech poses significant risks to social harmony and 
individual well-being, rendering it a critical area of concern 
for policymakers, social media companies, and researchers 
alike. 

Despite various efforts to tackle hate speech on social 
media, current models often encounter challenges in 
accurately identifying hate speech due to the nuanced and 
context-dependent nature of language. Conventional methods, 
such as keyword-based filtering, prove inadequate in 
capturing the subtleties and complexities of hate speech, 
resulting in high rates of false positives and negatives. 
Furthermore, the predominant focus of existing studies and 
models on English language datasets leaves a notable gap in 
research specifically addressing hate speech in the Indonesian 
language on Twitter [2], [6], [7], [8], [9].  

In addressing this issue, an effective automated method for 
detecting hate speech involves the utilization of a machine 
learning (ML) framework [2]. Among advanced ML 
techniques, the Long Short-Term Memory (LSTM) algorithm 
has demonstrated significant promise. LSTM is well-suited 
for sequence prediction problems given its capacity to 
maintain long-term dependencies and address the vanishing 
gradient problem more effectively than traditional RNNs. This 
characteristic renders LSTM particularly advantageous for 
processing sequential data, such as text, wherein context and 
order are paramount for understanding meaning. Recent 
studies [10] have indicated that combining LSTM with 
FastText, a word embedding technique, yields impressive 
accuracy rates in text classification tasks. Although recent 
advancements in machine learning processing show promise 
in enhancing hate speech detection, there remains a paucity of 
models that integrate contextual and sequential information to 
improve detection accuracy. Specifically, the application of 
advanced machine learning techniques such as Long Short-
Term Memory (LSTM) networks in conjunction with word 
embedding methods like FastText has received limited 
exploration in the context of Indonesian hate speech on 
Twitter. 

The objective of this research is to create a strong model 
for identifying hate speech on Twitter using FastText word 
embeddings alongside the LSTM algorithm. Furthermore, the 
study aims to assess the performance of the proposed model, 
emphasizing the effectiveness of combining FastText and 
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LSTM to achieve high accuracy, precision, recall, and F1-
score metrics in the context of hate speech detection. 

II. RELATED WORK 

The identification of hate speech on social media 

platforms has emerged as a major focus of research in natural 

language processing (NLP). Numerous studies have 

investigated different methods and techniques to enhance the 

precision and dependability of hate speech detection systems. 

The range of text mining techniques applicable to the 

automated detection of hate speech is considerable, and 

comprehensive research is required to address the diverse 

aspects involved, including sentiment analysis, thematic 

classification and contextual understanding[11]. An effective 

approach to hate speech detection requires the analysis and 

extraction of significant information from extensive 

collections of user-generated content on social media 

platforms. Although the potential applications of text mining 

are extensive and the need for advanced techniques is 

pressing, the research output in this field remains relatively 

limited and highly relevant. This highlights the necessity for 

continued investigation and the development of sophisticated 

algorithms in order to enhance the online detection, and 

subsequent mitigation, of hate speech.  

A. Detection of Hate Speech 

The identification of hate speech involves the recognition 

and classification of text expressing hatred or bias towards 

individuals or groups based on specific characteristics such 

as race, ethnicity, gender, sexual orientation, nationality, 

religion, or other identifying factors. Previous studies have 

employed a range of machine learning (ML) and deep 

learning (DL) techniques for this purpose. For example, 

Davidson et al. assembled a dataset and utilized logistic 

regression and random forest classifiers to detect hate speech 

on Twitter, underscoring the challenge of discerning hate 

speech in the Indonesian language. [1], [12], [13]. 

B. Word Embeddings 

Word embeddings have become a standard approach for 

representing text data in NLP tasks. Techniques like 

Word2Vec [14] and GloVe [15] are commonly used. 

FastText, which includes subword information to handle out-

of-vocabulary words better, outperforms other embedding 

methods in various text classification tasks and hate speech 

detection [16], [17], [18], [19], [20]. 

C. Application of LSTM Networks 

Recurrent neural networks, particularly Long Short-Term 

Memory (LSTM) networks, are adept at processing 

sequential data due to their ability to maintain long-term 

dependencies. LSTMs have found successful applications in 

various natural language processing (NLP) tasks, including 

language modeling, machine translation, and text 

classification. For instance, Syam et al. leveraged LSTM 

networks in combination with gradient-boosted decision trees 

to effectively detect hate speech on Twitter, resulting in high 

accuracy and F1-scores [10]. 

D. Combining FastText and LSTM 

Recent research highlights the advantages of integrating 

word embeddings with LSTM networks for text classification 

tasks. FastText embeddings capture semantic relationships 

between words, while LSTM networks effectively model the 

sequential nature of text data. This combination was explored 

for sentiment analysis, achieving impressive results[21], [22], 

[23], [24]. 

The Indonesian language processing domain examines 

the use of FastText and LSTM for sentiment analysis. This 

research demonstrates the potential of these methods for the 

effective handling of Indonesian text [17]. Nevertheless, 

there has been no specific research conducted on the use of 

FastText and LSTM to detect hate speech in Indonesian 

contexts. 

E. Recent Advances in Hate Speech Detection 

There have been significant advances in hate speech 
detection methods in recent years.  Kumar et al. [14] proposed 
a hybrid model that integrates FastText and Bidirectional 
Long Short-Term Memory (BiLSTM) networks for the 
detection of hate speech on the social media platform Twitter. 
This approach demonstrated a significant increase in 
classification accuracy compared to existing methods. Arango 
et al. [23] thoroughly evaluated various deep learning 
frameworks, including LSTM and FastText, for hate speech 
identification, underscoring the critical role of contextual 
understanding in enhancing model performance. Zhang et 
al.[25] introduced an efficient and lightweight model 
leveraging FastText embeddings and a CNN-LSTM 
architecture, which proved robust across multiple datasets [8]. 
Furthermore, Mandl et al. [26] investigated the challenges of 
multilingual hate speech detection using FastText and LSTM, 
addressing the complexities involved in cross-linguistic and 
cultural variations. Additionally, Wang et al.[27] developed 
an attention-based LSTM model augmented with FastText 
embeddings, aiming to improve contextual comprehension in 
hate speech detection. 

FastText, developed by Facebook's AI Research (FAIA.I. 
team, provides an efficient method for word vectorization and 
text classification. In contrast to traditional word embedding 
methods like Word2Vec and GloVe, FastText incorporates 
subword information, enhancing its capability to handle out-
of-vocabulary words. A comparative study was conducted to 
evaluate various word embeddings techniques in the context 
of text classification tasks, encompassing Word2Vec, GloVe, 
and FastText. The findings revealed that the FastText 
technique demonstrated superior performance compared to 
the other techniques, with an F-Measure accuracy of 97% 
[21]. Additionally, FastText has shown to be more effective 
than traditional TF-IDF methods, which do not capture 
semantic relationships between words and fail to handle out-
of-vocabulary terms efficiently. 

F. Scope and Relevance of Text Mining in Hate Speech 

Detection 

The application of text mining methods for the automated 

identification of hate speech presents significant 

opportunities and warrants comprehensive exploration across 

various dimensions, including sentiment analysis, thematic 

classification, and contextual comprehension. The effective 

detection of hate speech involves the analysis and extraction 

of valuable insights from extensive user-generated content on 

social media platforms. Despite the broad relevance and 

pressing demand for advanced text mining techniques, the 

body of research in this domain remains somewhat limited 
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but exceedingly pertinent. This underscores the imperative 

for sustained inquiry and the advancement of sophisticated 

algorithms to bolster the online identification and mitigation 

of hate speech. 

III. METHODOLOGY 

A. Research Methodology Flowchart 

In this study, several steps were taken to implement 
FastText for hate speech detection. These steps are shown in 
Fig. 1. The stages include data collection, pre-processing, 
oversampling, FastText word weighting, classification using 
LSTM, and evaluation. 

This study carried out several stages of hate speech 
detection, as shown in Fig.1. as follows : 

Fig.1. Flowchart 

The diagram in Fig. 1 depicts the preprocessing stages, 
encompassing cleaning, case folding, normalization, 
stopword removal, stemming, and tokenization. Following 
preprocessing, data balancing is conducted through 
oversampling. Subsequently, word weighting is implemented 
using FastText, and the processed data is subjected to 
classification using the Long Short-Term Memory (LSTM) 
algorithm. The final phase entails evaluating the classification 
performance to assess the system's accuracy. 

B. Data Collection 

The data used is obtained from a dataset of Indonesian-
language tweets taken from the research of Ibrahim & 
Budi[28], which have been classified into HS (Hate Speech) 
and NonHS (Non-Hate Speech) classes, totalling 13,169 
tweets. This dataset is crucial as it provides a labelled 
collection of tweets, allowing supervised learning methods to 
be applied. The diversity and size of the dataset helps to train 
robust models that can generalise well to unseen data 

C. Data Preprocessing 

Preprocessing plays a critical role in the preparation of raw 
text data for analysis. It encompasses a series of sub-processes 
aimed at cleansing and normalizing the text, thereby 
addressing potential issues that may impact the accuracy of 
the model's results. The processes involved are as follows: 

• Cleaning: Remove unnecessary characters such 
as numbers, special symbols, and punctuation 
marks that do not add to the meaning of the text. 

• Case Folding: Convert all letters to lowercase to 
ensure consistency throughout the dataset. 

• Text Normalization: Standardizing text by 
replacing abbreviations and slang words with 
their standard forms. 

• Stopword Removal: The exclusion of common 

words that carry minimal semantic value, such as 

"and", "the", "is", etc., using the PySastrawi 

library. 

• Stemming: This process involves reducing words 

to their base or root form to ensure consistent 

word. 

• Tokenization: This process entails the 
segmentation of text into individual words or 
tokens 

D. FastText Word Weighting 

FastText builds word vectors by summing the vectors of 

their constituent n-grams, ensuring effective representation of 

words not present in the training corpus by their n-grams 

present in the corpus[20]. By incorporating subword 

information, FastText significantly improves upon traditional 

word embeddings, making it particularly advantageous for 

handling morphologically rich languages such as Indonesian. 

In the FastText framework, the vector representation for 

a word (w) is computed as in (1): 

 

      (1) 

 

Where ; 

• v(g) signifies the vector representation of n-gram g 

• g(w) denotes the set of n-grams generated from the 

word w 

A pseudocode representation of the FastText word 

weighting process as follows in Table I: 

TABLE I PSEUDOCODE OF THE FASTTEXT 

Pseudocode for FastText word vector calculation 

function compute_word_vector(word, ngrams, vector_dim): 

    word_vector = zeros(vector_dim) 

    for ngram in generate_ngrams(word, ngrams): 

        if ngram in vocabulary: 

            word_vector += get_vector(ngram) 

    return word_vector 

function generate_ngrams(word, ngrams): 

    ngrams_list = [] 

    for n in ngrams: 

        for i in range(len(word) - n + 1): 

            ngrams_list.append(word[i:i+n]) 

    return ngrams_list 

This study utilized a pre-trained FastText model designed 
for the Indonesian language with a vector dimension of 300. 
The main parameters set for the FastText model are outlined 
in Table II below: 
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TABLE II FASTTEXT PARAMETERS 

Parameter Score 

Minn 2 

Maxn 5 

Dim 300 

Lr 0.2 

Where ; 

• Minn   : Minimum of  n-gram length,  

• Maxn  : Maximum of n-gram length,  

• Dim : Dimensionality word vectors,  

• Lr.       : Learning rate. 

These parameters were selected based on empirical 

research to optimize the performance of word embeddings for 

the classification task. 

E. Classification 

The text classification process for Indonesian will utilize 

one of the RNN architectures known as Long Short-Term 

Memory (LSTM). LSTM networks are well-suited for this 

task as they are capable of learning long-term dependencies 

in sequential data. This ability is crucial for understanding the 

context in which hate speech occurs, as demonstrated in Fig. 

2 below. 

 
Fig 2. LSTM Architecture 

At the bottom, cell gates regulate information issued to 

the next cell state or unit [13]. The cell state is the path at the 

top to send information to the next unit [14]. This mechanism 

enables the LSTM to determine which information to add or 

remove from the cell state, effectively capturing 

dependencies across different time steps. 

F. Evaluation 

The process of evaluating a system involves utilizing a 

confusion matrix to compute accuracy, precision, recall, and 

F1-score for each class. The confusion matrix serves as a 

tabular representation of correctly and incorrectly classified 

test data [15]. An illustrative example of a confusion matrix 

for text classification is demonstrated in Table III. 

TABLE III. CONFUSION MATRIX 

 Prediction Class 

1 0 

real class 1 TP FN 

0 FP. TN 

 

The performance of the model is thoroughly evaluated by 

this confusion matrix, showcasing its precision in accurately 

detecting hate speech in Indonesian tweets. 

IV. RESULT AND CONCLUSION 

A. Result 

In this study, 13,169 tweets, formatted as CSV files, were 

classified into two groups: HS (hate speech) and NHS (non-

hate speech). The dataset consists of 5,561 tweets classified as 

hate speech and 7,608 tweets classified as non-hate speech. 

Below is an illustrative snapshot of the dataset as in Fig. 3 

below: 

 
Fig. 3. Dataset Results 

Fig. 3. Illustrates that the dataset contains 13,169 rows, 

each representing an individual tweet. Each row is composed 

of two primary columns: the first column contains the tweet 

text, which includes various expressions, phrases, and 

sentences as posted by users on the social media platform, and 

the second column contains the HS label. The HS Label is a 

binary classification where 1 indicates the presence of hate 

speech in the tweet, and 0 denotes that the tweet does not 

contain hate speech. This clear division enables precise 

categorization and facilitates practical training and evaluation 

of the hate speech detection model. 

In order to transform raw text data into a structured format 

suitable for subsequent analysis, preprocessing is crucial. 

Cleaning, case folding, normalization, stop word removal, 

stemming and tokenization are the preprocessing steps 

undertaken in this study. Table IV provides an example of 

these preprocessing steps and their outputs. 

The preprocessed dataset was then stored in a file named 

'tweet_clean.' This file contains the cleaned, normalized, and 

tokenized tweet data, ready for further analysis. The Adaptive 

Synthetic (ADASYN) technique was used to address the issue 

of class imbalance, where the number of non-hate speech 

tweets significantly outnumbered the number of hate speech 

tweets. 

 

 

 

 

 

 

Authorized licensed use limited to: Universiti Teknikal Malaysia Melaka-UTEM. Downloaded on February 03,2025 at 04:46:41 UTC from IEEE Xplore.  Restrictions apply. 



303 

 

TABLE IV. RESULTS OF PREPROCESSING DATA 

Preprocessing Input Output 

Cleaning  RT @USER  

@USER Udah cape 

gw ngasih tau elu? 

Kok telat bet sih?? 

RT USER  USER 

Udah cape gw 

ngasih tau elu 

Kok telat bet sih 

Case Folding RT USER  USER 

Udah cape gw ngasih 

tau elu Kok telat bet 

sih 

rt user  user udah 

cape gw ngasih 

tau elu kok telat 

bet sih 

Normalisasi rt user  user udah 

cape gw ngasih tau 

elu kok telat bet sih 

sudah lelah saya 

mamberi tau 

kamu kenapa telat 

sekali 

Stopword 

Removal 

sudah lelah memberi 

tau kamu kenapa telat 

sekali 

sudah lelah 

memberi tau 

kamu kenapa telat 

sekali 

Stemming sudah lelah memberi 

tau kamu kenapa telat 

sekali 

sudah lelah tau 

kamu kenapa telat 

kali 

Tokenizing Lelah siapa beri tau 

kamu kenapa telat 

kali 

‘lelah’ ‘beri’ ‘tau’ 

‘kamu’ ‘telat’ 

‘‘kali’ 

ADASYN generates synthetic data points for the minority 

class (hate speech) by considering the data distribution and 

creating new, plausible instances that help balance the dataset. 

This method ensures that the classification model does not 

become biased towards the majority class, thus promoting a 

more accurate and reliable detection of hate speech. Through 

the use of ADASYN, we achieve a balanced distribution of 

classes, which is crucial for the training of an effective and 

unbiased machine learning model. 

FastText training is used to represent a word as a vector. 

The FastText model will be utilized as a classification model 

matrix. The initial step involves creating a FastText model 

using the dataset that has undergone preprocessing. The 

fastText model used is an Indonesian pre-train model with a 

dimension length of 300 dimensions. The fast text model does 

not need to be re-weighted each time the model is run, as it is 

saved as a file to be used repeatedly. As shown in Fig. 4 

below, the model is saved in file.bin format and then 

converted to vector: 

 

Fig 4. FastText Matrix Results 

 

 

After FastText training, the LSTM modeling 

development is carried out with the architecture, as shown in 

Fig 5. 

 
Fig 5. LSTM Modeling 

The LSTM architecture utilizes a sequential model to 

stack LSTM layers, with each LSTM layer comprising 128 

cells. The optimization function employed is "adam," and the 

loss function is binary_crossentropy. The output assesses the 

accuracy of the Hate Speech classification process. The 

LSTM architecture undergoes training for 30 epochs, 

necessitating 30 complete iterations of processing the training 

data to achieve optimal accuracy. The batch size is set at 250, 

and this phase involves dataset processing using the LSTM 

algorithm for classification. 

In this research, a direct comparison was made between 

two feature extraction methods, namely FastText and TF-

IDF. The aim was to provide a comprehensive evaluation of 

the performance of FastText when it is integrated with LSTM 

algorithms. In the study, a split validation technique was 

rigorously applied to effectively split the data set into training 

and test data during the testing phase, with 80% being 

allocated to training and 20% to testing during the 

classification phase. After carefully implementing the LSTM 

algorithm, a thorough evaluation process was conducted to 

validate and assess the performance of this study's hate 

speech classification model. 

The evaluation results include a comparison between the 

FastText-LSTM model and the TF-IDF-LSTM model. This 

comparison details the differences in accuracy, precision, 

recall, and F1 score to identify the more effective approach 

for hate speech detection. The outputs of the models are 

presented in Fig. 6 below: 

 

Fig 6. Comparative Performance of FastText-LSTM and TF-IDF-LSTM 
Models 
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The evaluation of the model's performance is based on 

accuracy, recall, and F1 score, as demonstrated in Fig. 7: 

 

 

Fig 7. Confusion Matrix and LSTM Model Performance Report using 
FastText Model 

After conducting comprehensive research, it can be 

concluded that the combination of FastText and Long Short-

Term Memory (LSTM) networks, as implemented in this 

study, showed exceptional performance in detecting hate 

speech. The model achieved 94% accuracy, 92% precision, 

94% recall, and a 93% F1 score. 

B. Conclusion 

 The extensive research conducted in this study has shown 

that the combination of FastText and Long Short-Term 

Memory (LSTM) networks is highly effective in detecting 

hate speech. Several key factors contributed to this success. 

The use of effective pre-processing techniques, such as text 

normalisation, stopword removal and stemming, was crucial 

in preparing the raw text data for analysis. These techniques 

significantly improved the model's ability to accurately 

classify hate speech by ensuring that the data was clean and 

consistent. In addition, the model's performance, particularly 

for the morphologically rich Indonesian language, was 

significantly improved by the use of FastText embeddings, 

which can handle out-of-vocabulary words and capture 

subword information. The robustness of LSTM networks in 

maintaining long-term dependencies in sequential data was 

essential for understanding the context in which hate speech 

occurs, making LSTM networks particularly effective in this 

classification task. 

 This study highlights the importance of using 

sophisticated machine learning techniques to improve hate 

speech detection systems. The results show that combining 

FastText embeddings with LSTM networks improves 

classification accuracy and provides a robust framework for 

detecting hate speech in different contexts, especially for 

Indonesian language content. In future research, the 

integration of other advanced techniques and models could 

be further explored to improve hate speech detection systems. 

In addition, applying this methodology to different languages 

and larger datasets could validate and extend the findings of 

this study.  
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