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ABSTRACT

The paper addresses the critical issue of the hate speech detection in online Sinhala and Ro-

manized sinhala content associated with emojis. The widespread of online hateful content is

particularly significant in low-resource languages such as Sinhala, where natural language

processing tools and resources are limited. The study examined the development and eval-

uation of a novel deep learning approach to effectively identify the words of hatred in the

Sinhala language and the Romanized Sinhala text, and complicated the inclusion of emojis,

which are prevalent in the online communications of the Sinhala language.

In order to address this challenge, we propose a combined model of the Convolutional

Neural Network - Bidirectional Long Short-TermMemory (CNN-BiLSTM) as our primary

architecture. This model is designed to use the strengths of both CNNs to capture local

n-gram patterns and BiLSTMs to understand the sequential context within the Sinhala text.

CNN extracts local signs of hate speech, while BiLSTM captures long-term dependencies

and contextual information in Sinhala comments. An Embedding layer, shared by both

branches, learns dense vector representations for Sinhala words and emojis optimized for

the task of detecting offensive speeches. In order to compare, we also implemented and

evaluated independent CNN, BiLSTM, LSTM, Support Vector Machine (SVM), Random

Forest, Logistic Regression, and Naive Bayes models.

The results show that our CNN-BiLSTM combined model is superior to the comparable

models. The CNN-BiLSTM model achieved a high accuracy of 0.9251 and a balanced F1

score of 0.92 for the “Offensive” class, indicating the robustness of detecting hatred speech

while minimizing both positive and negative false information. The analysis of the confu-

sion matrix further revealed a balanced distribution of errors, highlighting the effectiveness

of the model in the treatment of offensive and non-offensive Sinhala content. Although sim-

ple models such as SVM and Random Forest showed competitive accuracy, their precision

and F1 points were generally lower, especially in the “Offensive” class. Neural network ar-

chitectures, in particular CNN-BiLSTM and CNN, have consistently surpassed traditional

machine learning methods.

Keywords: Hate SpeechDetection, Sinhala Language, Low-Resource Language, CNN-

BiLSTM, Deep Learning, Natural Language Processing, Romanized Sinhala, Emojis
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CHAPTER 1

INTRODUCTION

1.1 Chapter Overview

This chapter provides the foundation for research by introducing the context of the hate

speech in Sinhala and Romanized Sinhala (Singlish) mixed code with emojis. The chapter

also presents the research objectives, scope and structure of the thesis.

1.2 Background to the Research

In the era of social computing, people are increasingly interacting with one another, partic-

ularly through social media platforms and online chat forums. Microblogging applications

have allowed people to share their thoughts instantly and widely with a global audience (Ja-

han&Oussalah 2023). However, this openness also facilitates the dissemination of destruc-

tive and hostile information, driven by users’ desire to dominate discussions, strengthen

views, and sometimes even to pursue business incentives.

Hate speech (HS) is widely understood as any form of expression that provokes hostility

or insults individuals or groups based on inherent characteristics such as race, color, national

origin, gender, disability, religion or sexual orientation (Jahan &Oussalah 2023). Although

the legal definitions of hatred are different in each nation, the common factor remains its

potential to perpetuate discrimination and social division (Alkomah & Ma 2022).

Further classification of hate speech identifies various subcategories, including cyber-

bullying, racism, sexism, gender discrimination, radicalization, abusive language, offensive

language, and religious hate speech (Jahan & Oussalah 2023). These categories are inter-

related, forming a hierarchical structure depicted in Figure 1.1 where hate speech serves

as the parent node, encompassing these subcategories. At the second level, cyberbully-

ing and abusive/offensive language are distinguished as key branches. Further distinctions

are made for sexism, racism, and radicalization, each representing specific dimensions of

online toxicity.

With the fast development in technology, internet users have increased exponentially

over the years (Tarwani et al. 2019). With the advancement of smartphones and more

affordable data plans, the use of social media has become one of the main communication

channels in both global and local contexts. It has been stated that the number of social media

1
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Figure 1.1: Different type of Hate Speech Concepts

users has been stated to increase day by day, particularly in developing countries such as

India, Sri Lanka, China, etc. (Tarwani et al. 2019).

There were 7.50 million active social media users in Sri Lanka by January 2024 (Kemp

2024), which is 34.2 percent of the total population. Social media can be used to gain many

insights such as the popularity of products among customers from a business perspective.

With this rapid increase in social media users, the use of hate speech, abusive, and offen-

sive content sharing has increased substantially. These behaviors are called cyberbullying,

where people bully others behind closed curtains where no one can see. And the victims

can get more affected psychologically as these activities can be seen by a wider audience

within a concise period.

Some of the statistics figures related to the internet and social media usage in Sri Lanka

are shown in Figures 1.2 and 1.3. According to Figure 1.3, we can see that 3.9% of internet

users have increased compared to the past year in January 2024.

According to the Sri Lanka Computer Emergency Readiness Team (SLCERT), there

were over 20,000 cybersecurity-related incidents in 2023. During the period of COVID-19

pandemic, there’s been a rapid increase in cyber-crimes which includes cyberbullying and

hate speech (CERT 2025). Hence the importance of early detection of cyberbullying/ hate

speech can result in a decrease in the overall number of such cyber-crimes. The growth of

social media cybercrimes in Sri Lanka from 2018-2023 is depicted in Figure 1.4.

Many studies have been done on hate speech (HS) detection for social media, particularly

English (Patil et al. 2023, Sossi Alaoui et al. 2022, Malik et al. 2023) and other widely

spoken languages. However, there has been limited number of research on hate speech

detection in Sinhala and Romanized Sinhala (Muthuthanthri & Smith 2024, Fernando et al.

2



Figure 1.2: Internet & Social Media usage in Sri Lanka (Source: https://datareportal.com/)

Figure 1.3: Internet user trends in Sri Lanka

2022). In Sri Lanka, most of the hate speech content can be seen in code mixed form due

to the widespread use of the language on popular social media platforms.

Sentiment analysis for Romanized Sinhala is very difficult due to various challenges.

The Sinhala language belongs to the Indo-Aryan branch of the Indo-European languages,

3



Figure 1.4: Growth of social media cyber crimes in Sri Lanka from 2018-2023 Source:

(CERT 2025)

and it has also been influenced by colonial-period languages such as Dutch, Portuguese, and

English (Ishara Amali & Jayalal 2020). Romanized Sinhala has many different spelling

variations; for example, “Ayya” and “Aiya” are the same Romanized Sinhala word for

‘brother’ in English and the lack of a lexical database such as WordNet for Sinhala words

makes this task rather difficult.

Moreover, Sinhala and Romanized Sinhala words can have multiple interpretations for

the same word, lack specific grammar rules, and have a different vocabulary in different

regions of the country, resulting in difficulties when automating the detection of hate speech

comments. For example: “ne,a,sf.a putha” which means “Son of bitch” in English and

“gedara ne,a,s” which means “female dog at home” indicates two different interpretations

of the word “ne,a,s” where the first use makes it offensive and the second does not. In

addition, there can be various trends coming up from time to time in social media which

would change how people use their language. Ex - There has been a trend to type Sinhala

with the sound of the letter ‘m’ (i.e., “karamnam”, “lshïk” etc). Furthermore, new words

are being added to the vocabulary of people with time (i.e., “Sago” as a word to talk to

someone close).

Despite these complexities, there has been minimal research on hate speech detection

in Sinhala and Romanized Sinhala code-mixed text with emojis, and no significant studies

were found focusing specifically on this area. Therefore, the main focus of this study is

to identify harsh or insulting comments targeting a person in social media comments using

effective and highly accurate machine learning models.

4



1.3 Motivation

This research is driven by several important reasons. There is a lack of reliable ways to

automatically detect hate speech in Sinhala and Romanized Sinhala with emojis as stated

in section 1.2. Organizations need a system that can identify and deal with harmful online

content in real-time. Without it, hate speech spreads easily, making the internet a negative

place for everyone.

Sinhala and Romanized Sinhala (Singlish) with Emojis have special characteristics that

make it difficult to detect hate speech. Romanized Sinhala hasmanyways of spellingwords,

different meanings for the same words, and no strict grammar rules that make it difficult

to understand the automated system. There is a growing problem of hate speech and cy-

berbullying in Sri Lanka, especially since COVID-19. More people using the internet and

social media means more chances of negative behavior.

Finally, this research aims to make the Internet safer and more welcoming place for

everyone, no matter what language they use. By creating a strong model to detect hate

speech in Sinhala and Romanized Sinhala with emojis, this study hopes to give people the

tools to reduce online negativity and encourage better conversations.

1.4 Statement of the problem and Research Questions

Hate speech (HS) has become a major issue on social media platforms worldwide, and Sin-

hala language content is no exception. Detecting hate speech in social media comments are

written in Sinhala and Romanized Sinhala code-mixed text often used with emojis is par-

ticularly challenging due to the unique features, complexity, and nuances of the language.

Moreover, the use of colloquial terms, slang, and abbreviations in online communications

further complicates the detection process. The problem is further exacerbated by the lack

of effective detection mechanisms and tools that are specifically tailored for Sinhala and

Romanized Sinhala code-mixed text, making it difficult to monitor and address instances

of hate speeches on social media platforms effectively.

This study aims to investigate how machine learning (ML) algorithms can be used to

improve the detection of hate speech in social media comments written in Sinhala and Ro-

manized Sinhala code-mixed text with emojis. By leveraging the power of machine learn-

ing and natural language processing techniques, we seek to develop a robust and accurate

model for detecting and classifying hate speech content. In particular, we explore the perfor-

mance of various classifiers and feature extraction methods to determine their effectiveness

in identifying hate speech content in Sinhala and Romanized Sinhala code-mixed text.

Furthermore, we examine the impact of text pre-processing on the performance of these

5



classifiers and feature extraction methods, taking into account the unique characteristics of

Sinhala and Romanized Sinhala code-mixed text. By understanding the factors that con-

tribute to the success or failure of these detection methods, we hope to contribute to the

development of more effective tools and strategies to identify hate speech in the Sinhala-

speaking community.

Ultimately, the findings of this study will not only provide valuable insights into the

challenges and opportunities in detecting hate speech in the Sinhala and Romanized Sin-

hala code-mixed language but also serve as a foundation for future research and practical

applications in the field of hate speech detection for other languages and contexts. By ad-

dressing this critical issue, we can work towards creating a safer and more inclusive online

environment for all users, regardless of the language they use to communicate.

1. Is a CNN-BiLSTM model an effective architecture for hate speech detection in Sin-

hala and Romanized Sinhala text that contains emojis (Muthuthanthri & Smith 2024)?

2. How effective is the proposed CNN-BiLSTM combined model in detecting hate

speech in Sinhala and Romanized text in Sinhala, particularly with emojis and con-

sidering the complexity of low-resource languages (Muthuthanthri & Smith 2024,

Alkasassbeh et al. 2024)?

3. How is the performance of the CNN-BiLSTMmodel compared to the standalone deep

learning models (CNN, BiLSTM, LSTM) and traditional machine learning classifiers

(SVM, Random Forest, Logistic Regression, Naive Bayes) in the context of Sinhala

hate speech detection, and what are the relative contributions of CNN and BiLSTM

components in the integrated architecture (Riyadi et al. 2024)?

1.5 Research Aim and objectives

1.5.1 Aim

The main focus of this study is to identify harsh or insulting comments targeting individ-

uals on social media by leveraging effective and highly accurate model for detecting hate

speech in Sinhala and Romanized Sinhala (Singlish) text with emojis, using deep learning

techniques.

1.5.2 Objectives

• Create a Sinhala and Romanized Sinhala code-mixed dataset including emojis,

collected from socialmedia and online platforms (Facebook, Instagram, TikTok,

6



YouTube): To provide a strong foundation for the study, a comprehensive dataset

containing Sinhala and Romanized Sinhala text with emojis from various social me-

dia and online platforms will be compiled. This dataset will serve as the basis for

training and evaluating the machine learning models to accurately detect hate speech

instances in Sinhala and Romanized Sinhala code-mixed.

• Investigate the feature extraction methods for detecting hate speech in Sinhala

and Romanized Sinhala code-mixed text: The study will explore the effectiveness

of features in comparison to other feature extraction methods such as Bag-of-Words

and TF-IDF in order to identify themost suitable approach for detecting hate speech in

Sinhala and Romanized Sinhala. (Fernando et al. 2022, Smith & Thayasivam 2019).

• Finding the best-performingmachine learning approche for detecting hate speech

in Sinhala and Romanized Sinhala code-mixed with emojis in social media/on-

line comments: Several machine learning classifiers, including CNN, BiLSTM,

LSTM, SVM, Random Forest (RF), Logistic Regression (LR) and Naive Bayes, will

be evaluated and compared to determine the most effective and accurate classifier for

detecting hate speech (Agrawal & Awekar 2018, Abebaw et al. 2022).

• Assess the impact of text pre-processing on detecting hate speech in Sinhala and

Romanized Sinhala code-mixed: The study will investigate the effects of text pre-

processing techniques, on the performance of feature extraction methods. This will

help determine the optimal pre-processing pipeline for the hate speech detection.

• Evaluate the impact of user-based and text-based features on the performance

of classifiers in detecting hate speech content in Sinhala and Romanized Sinhala

code-mixed: The study will investigate the performance of various machine learning

classifiers using appropriate metrics. This will help in understanding the significance

of these features in enhancing the accuracy of hate speech detection in Sinhala and

Romanized Sinhala.

1.6 Scope

1.6.1 In Scope

• Creating a dataset: Gathering Sinhala and Romanized Sinhala code-mixed text with

emojis from various social media and online platforms to train and test machine learn-

ing models.
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• Exploring feature extraction: Investigating the effectiveness of Bag-of-Words and

TF-IDF for detecting hate speech in Sinhala and Romanized Sinhala code-mixed text.

• Evaluating classifiers: Assessing and comparing the performance of various ma-

chine learning classifiers to determine the most effective and accurate classifier for

detecting hate speech in Sinhala and Romanized Sinhala code-mixed text.

• Investigating text pre-processing: Analysing the effects of text pre-processing tech-

niques on the performance of feature extraction methods.

• Analysing text-based features: Examining the impact on the performance of ma-

chine learning classifiers.

• Performing statistical evaluation: Employ statistical hypothesis evaluate to vali-

date the findings of study and ensure their reliability.

• Providing insights and recommendations: Offering insights into the most effective

methods for detecting hate speech in Sinhala and Romanized Sinhala code-mixed and

suggesting recommendations for future research and practical implementations in the

field of hate speech detection.

1.6.2 Out of Scope

• Analysis of multimedia content: While hate speech may occur through images,

videos, and audio files, this study will solely focus on the detection of hate speech on

text based inputs from social media and online platforms.

• Emotion and sentiment analysis: Although these techniques may provide addi-

tional insights into the nature of hate speech content, the study will not dive into the

sentiment analysis or emotion recognition in the text, as the primary focus lies on

feature extraction methods for detecting hate speech instances.

• Hate speech detection in languages other than Sinhala and Romanized Sinhala

code-mixed: The study is specifically focused on the detection of hate speech content

in Sinhala and Romanized Sinhala code-mixed text with emojis. Research on hate

speech detection in other languages or scripts is considered out of scope.

• Development of a full-fledged hate speech detection system or application: The

primary objective of this research is to identify the most effective methods and clas-

sifiers for detecting hate speech in Sinhala and Romanized Sinhala code-mixed lan-
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guage. The development of an end-to-end system or application for practical use is

not within the scope of this study.

1.7 Structure of the Thesis

The rapid growth of internet and social media usage in Sri Lanka, as illustrated in figs. 1.2

and 1.3, has led to increased opportunities for communication and information sharing.

However, this growth has also contributed to a rise in negative behaviours, such as cyber-

bullying and hate speech. The Sri Lanka Computer Emergency Readiness Team (SLCERT)

reports a sharp increase in cyber crimes, including cyberbullying and hate speech, during

the COVID-19 pandemic, emphasizing the importance of early detection in curbing these

incidents (CERT 2025).

Although numerous studies have been conducted on hate speech detection in English

and other popular languages, limited research has been carried out on the Sinhala and Ro-

manized Sinhala code-mixed language. This study aims to fill this gap by focusing on the

detection of hate speech in Sinhala and Romanized Sinhala code-mixed with emojis using

machine learning approaches. The main objectives of the research include creating a novel

dataset that contain Sinhala and Romanized Sinhala code-mixed language with emojis, in-

vestigating effective feature extraction methods, identifying the best-performing machine

learning classifiers, assessing the impact of text pre-processing, and performing statistical

hypothesis to evaluate and validate the results in detecting hate speech.
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CHAPTER 2

LITERATURE REVIEW

2.1 Chapter Overview

In this chapter provides a comprehensive review of existing hate speech detection approaches

and the background of the research context is explored. Initially, an introductory back-

ground to the context is given and then a comprehensive study is done on the related liter-

ature.

2.2 Hate Speech Detection Approaches

Hate Speech is a broad field and studied across a large number of research domains. Hate

Speech detection approaches can be divided into three main sub-domains which are Ruled

Based, Machine Learning (ML) and Deep Learning (DL). This research is focused on Deep

Learning approaches. According to the literature, deep learning approaches can be further

categorized based on hate speech patterns, as shown in Figure 2.1.

Figure 2.1: Hate Speech detection approaches

2.2.1 Rule-Based Linguistic Approaches

The linguistic rule-based approach for hate speech detection relies on a set of predefined

rules and a linguistic engine that understands grammar, morphology, and semantics in a
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given language. These approaches often use lexicons, dictionaries, and pattern-matching

techniques to identify hateful content (Mohiyaddeen & Siddiqui 2021).

A key characteristic of rule-based approaches is their ability to detect words with simi-

lar meanings by leveraging synonym expansion techniques. For instance, if the system is

programmed to detect the word ”bad”, it can also identify semantically related words like

”terrible”, ”awful”, or ”unsatisfactory” by using linguistic rules and thesauri.

Similarly, Gitari et al. (2015) proposed a rule-based method for sentiment analysis of so-

cial media text, categorizing hate speech into religion, nationality, and race. Their classifi-

cation model utilized sentiment analysis to detect subjective sentences and rank the polarity

of sentiment phrases, linking semantic and subjective features to hate speech. Their lexicon-

based approach achieved 71.55% precision, highlighting the potential of sentiment-driven

rule-based classification in hate speech detection.

Davidson et al. (2017) implemented a lexicon-based filtering method combined with

rule-based pattern matching to classify hate speech. Their approach achieved F1-score of

0.91 for detecting offensive language, demonstrating the effectiveness of predefined hate

speech terms. However, distinguishing between offensive and hateful speech remained a

challenge.

2.2.2 Machine Learning Approaches

Machine learning involves training a classifier or regressionmodel using a given dataset and

evaluating its performance on a test dataset. It enables systems to learn patterns from data

and make predictions or classifications. Machine learning can be broadly categorized into

Supervised Learning, where labeled data is used to train models; Unsupervised Learning,

which identifies patterns and structures in unlabeled data; and Semi-Supervised Learning,

which leverages a small amount of labeled data along with a large pool of unlabeled data

to improve model performance (Mohiyaddeen & Siddiqui 2021).

2.2.2.1 Supervised Learning Approaches

Asogwa et al. (2022) explored the effectiveness of the Support Vector Machine (SVM)

and the Naïve Bayes (NB) algorithms in detecting hate speech. Their study utilized a

dataset comprising 62,485 instances, which underwent preprocessing and feature extraction

to enhance model performance. The empirical evaluation revealed that the SVM classifier

achieved a classification accuracy of approximately 99%, while the NB classifier attained

around 50% accuracy on the test set. These findings suggest that SVM is a more effective

method for hate speech detection in this context.
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Pyingkodi et al. (2023) used various supervised machine learning algorithms to detect

hate speech in social media content. They trained models using a dataset from Kaggle, ap-

plying preprocessing techniques such as tokenization, stop-word removal, and lemmatiza-

tion. The study evaluated classifiers including Logistic Regression, Naïve Bayes, Random

Forest, and Support Vector Machines (SVM). Among these, Random Forest achieved the

highest accuracy of 90.1%, demonstrating its effectiveness in classifying hate speech.

Subramani et al. (2023) proposed a supervisedmachine learning approach for hate speech

classification using Gradient Boosting, Random Forest, and Naïve Bayes algorithms. They

trained their model on a Kaggle dataset containing hate speech, offensive, and neutral com-

ments. After applying data preprocessing techniques such as tokenization, stop-word re-

moval, and feature extraction, they found that Gradient Boosting achieved the highest ac-

curacy of 86.04%, making it the most effective classifier in their study.

Omran et al. (2023) conducted a comprehensive comparative analysis of machine learn-

ing algorithms for hate speech detection in social media. Their study aimed to identify an

optimal algorithmic combination that balances simplicity, ease of implementation, compu-

tational efficiency, and strong performance metrics. Through meticulous pre-processing

and rigorous evaluation, they found that combining Naïve Bayes and Decision Tree al-

gorithms achieved a high accuracy of 0.887 and an F1-score of 0.885, demonstrating its

effectiveness in hate speech detection.

Alfreihat et al. (2024) developed an Emoji Sentiment Lexicon (Emo-SL) that is specif-

ically designed for Arabic tweets. They addressed the challenges of feeling analysis in

informal Arabic texts, which include morphological complexity and dialectic variations.

The Emo-SL was constructed using a corpus of 58K Arabic tweets containing emojis, and

sentiment scores were calculated for 222 frequently occurring emojis. By combining emoji-

based features with machine learning (ML) to classify feelings, the authors demonstrated

performance improvements. The paper mentions that the integrated emoji-aware approach

achieves an 89% F1 score, exceeding the VADER sentiment analysis based on rules. Fur-

thermore, the results show that adding Emo-SL derived emoji functions to ML classifiers

can significantly improve the accuracy of 26.7% compared to only text functions. They

give an example of translated arabic sentiment X’s tweets such as I loved a movie so much-

a great acting, poignant story , I was disappointed with today’s service I expect the

best .

2.2.2.2 Unsupervised Learning Approaches

Di Capua et al. (2016) proposed an unsupervised cyberbullying detection approach using

Growing Hierarchical Self-Organizing Maps (GHSOMs). They applied semantic and syn-
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tactic feature clustering to identify bullying traces in social network data without requiring

labeled datasets. The model was fine-tuned for Twitter and tested on YouTube and Form-

spring, achieving an accuracy of 69%, a recall of 94%, and a precision of 60% on the

YouTube dataset. Their results demonstrated that unsupervised learning can effectively

detect cyberbullying patterns across different social media platforms.

I. et al. (2021) proposed an unsupervised hybrid approach for detecting cyberbullying

on Instagram. They utilized the InstaCities1M dataset, a collection of Instagram posts as-

sociated with major U.S. cities, to evaluate their method. By extracting linguistic features

such as idioms, sarcasm, irony, and voice (active or passive), alongside user and network

attributes, their approach achieved an accuracy of 88% and an F-measure of 0.962. This

demonstrates the effectiveness of unsupervised learning in identifying cyberbullying with-

out the need for labeled data.

2.2.2.3 Deep Learning Approaches

The deep learning approach leverages artificial neural networks to automatically learn and

extract complex patterns from data. When provided with a dataset, deep learning models

process the information through multiple layers of neurons, each refining the understand-

ing of features (Mohiyaddeen & Siddiqui 2021). Convolutional Neural Networks (CNNs)

excel in image recognition by detecting edges, shapes, and textures, while Recurrent Neu-

ral Networks (RNNs) and Long Short-Term Memory (LSTM) networks are effective for

sequential data like text (Agrawal & Awekar 2018). Transformer-based models such as

BERT and GPT further enhance language processing by capturing contextual meaning (Pu-

tra &Wang 2024). With sufficient training, deep learning models achieve high accuracy in

classification tasks, making them powerful tools for hate speech detection and other NLP

applications.

Convolutional Neural Networks (CNN)

Earlier studies experimented with CNNs for hate speech detection. Zhang et al. (2018) pro-

posed a convolutional-GRUdeep neural network for detecting hate speech on Twitter. Their

model combined convolutional layers for feature extraction with GRU layers to capture se-

quential patterns in short text, enhancing accuracy. The approach outperformed existing

models, achieving up to a 13% improvement in F1-score across six out of seven datasets.

The authors also introduced a new dataset covering topics like religion and refugees, ex-

panding the scope of available data for hate speech detection in social media contexts.

Abebaw et al. (2022) proposed a multichannel Convolutional Neural Network (CNN)

for hate speech detection in social networks. Their model utilized word2vec embeddings
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across multiple channels to enhance feature extraction and improve the model’s sensitivity

to nuanced textual patterns. The multichannel approach significantly outperformed single-

channel models, achieving an accuracy of 92.5% and an F1-score of 0.89, demonstrating

its effectiveness in detecting hate speech across limited datasets in social media platforms.

Putra & Wang (2024) proposed an advanced BERT-CNN model for hate speech detec-

tion, combining BERT’s contextual embeddings with CNN for spatial feature extraction.

This hybrid approach achieved high performance, with an accuracy of 94.5% and an F1-

score of 0.937 acrossmultiple datasets, outperforming traditional models and demonstrating

its effectiveness in identifying hate speech on social media platforms.

Recurrent Neural Network (RNN)

Multiple studies have evaluated RNNs, LSTMs andGRUs, given their strength in sequential

modelling. Agrawal & Awekar (2018) investigated cyberbullying detection using RNN-

based models, including LSTM (Long Short-Term Memory) and BiLSTM (Bidirectional

LSTM) with attention. Their study demonstrated that deep learning models significantly

outperform traditional machine learning techniques. By leveraging transfer learning across

multiple social media platforms, their BiLSTM with attention model achieved an F1-score

of 0.94, highlighting its effectiveness in detecting cyberbullying with minimal feature en-

gineering.

Anezi (2022) developed a deep Recurrent Neural Network (RNN)model, namedDRNN-

2, for detecting hate speech in Arabic social media content. The architecture comprises 10

layers with a batch size of 32 and performs classification over 50 iterations. The model

achieved an accuracy of 94% and an F1-score of 0.91, demonstrating its effectiveness in

identifying hate speech within Arabic textual data.

Riyadi et al. (2024) proposed a double-layer hybrid CNN-RNN model to enhance hate

speech detection on imbalanced datasets. This approach integrates Convolutional Neural

Networks (CNNs) andRecurrent Neural Networks (RNNs) to effectively capture spatial and

temporal features in textual data. The double-layer architecture addresses data imbalance

by enhancing feature extraction and representation. The model achieved an accuracy of

82.7%, a precision of 79.7%, a recall of 75.9%, and an F1-score of 77.8%, highlighting its

potential in mitigating online toxicity.

Transformer

Recent studies have evaluated Transformer networks pre trained on large text corpora. De-

vlin et al. (2018) introduced BERT (Bidirectional Encoder Representations from Trans-

formers), a groundbreaking language representation model that captures context from both
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directions in text. By pre-training on large text corpora and fine-tuning on specific tasks,

BERT achieved state-of-the-art results across various NLP benchmarks. Notably, it im-

proved the GLUE benchmark score to 80.5%, MultiNLI accuracy to 86.7%, SQuAD v1.1

question answering Test F1 to 93.2, and SQuAD v2.0 Test F1 to 83.1, demonstrating its

effectiveness in understanding and processing natural language.

Kirk et al. (2022) addressed the challenge of detecting hate speech that incorporates emo-

jis by introducing HatemojiCheck, a test suite of 3,930 short-form statements designed to

evaluate the performance of hate detection models on emoji-based content. Their findings

revealed significant weaknesses in existing models when processing such content. To mit-

igate these issues, they developed HatemojiBuild, a dataset comprising 5,912 adversarial

examples generated through a human-and-model-in-the-loop approach. Models trained on

this dataset demonstrated a substantial improvement in detecting emoji-based hate, achiev-

ing an accuracy increase from 60.0% to 76.2% on the HatemojiCheck test suite, while main-

taining strong performance on text-only hate speech detection. They give an example of

racist use of emoji following England’s defeat in the Euro 2020 football final, with emojis

such as , , and .

Kumar et al. (2024) investigated the effectiveness of leading large language models

(LLMs) in generating synthetic biased and cyberbullying data and evaluated the proficiency

of Transformer AI models in detecting bias and cyberbullying within both authentic and

synthetic contexts. The study involved semantic analysis and feature engineering on a

dataset of over 48,000 sentences related to cyberbullying collected from Twitter. Lever-

aging state-of-the-art LLMs such as ChatGPT-4o, Pi AI, Claude 3 Opus, and Gemini-1.5,

synthetic biased, cyberbullying, and neutral data were generated to deepen the understand-

ing of bias in human-generated data. AI models including DeBERTa, Longformer, Big-

Bird, HateBERT, MobileBERT, DistilBERT, BERT, RoBERTa, ELECTRA, and XLNet

were initially trained to classify Twitter cyberbullying data and subsequently fine-tuned,

optimized, and quantized for multilabel classification (detecting both biases and cyberbul-

lying). The outcome of the study include a prototype of a hybrid application that combines

a Bias Data Detector and a Bias Data Generator, validated through extensive testing.

2.3 Comparative Analysis of Hate Speech Detection Approaches

Various studies have been conducted in the field of hate speech (HS) detection. This

study has categorized these approaches into three main sections: Linguistic Rule-Based

Approaches, Machine Learning Approaches, and Deep Learning Approaches. Table 2.1

summarizes key research work, highlighting the algorithms and features used in each ap-

proach, along with their reported performance metrics.
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Table 2.1: Comparative Analysis

Author &

Year

Platform Algorithm Precision Recall Accuracy F1-score

Rule-Based Linguistic Approach

Gitari et al.

(2015)

Social Media Lexicon-based, Sen-

timent Analysis

73.42% 68.42% - 70.83%

Davidson et al.

(2017)

Twitter Logistic regression

with L2 regulariza-

tion

91% 90% - 90%

Supervised Learning Approach

Asogwa et al.

(2022)

Social Media SVM, NB - -
SVM: 99%

NB: 50%
-

Pyingkodi et al.

(2023)

Twitter LR, NB, RF, SVM - - 90.1% -

Subramani

et al. (2023)

Social Media Gradient Boosting

Algorithm

92% 80% 86.04% 94%

Omran et al.

(2023)

Social Media SVM, KNN, RF,

NB, DT

84% 86% 86% 83%

Alfreihat et al.

(2024)

Twitter SVM, KNN, RF,

NB, KNN

- - 26.7% 89%

Unsupervised Learning Approach

Di Capua et al.

(2016)

Twitter,

YouTube

GHSOM 81% 26% 72% 40%

I. et al. (2021) Instagram HAN, GAE - - 88% 96%

Deep Learning Approaches - CNN

Zhang et al.

(2018)

Twitter CNN, GRU - - 94% -

Abebaw et al.

(2022)

Social Media Multichannel CNN 83.2% 87.6% - 85.3%

Putra & Wang

(2024)

Social Media CNN, BERT - - 91% -

Deep Learning Approaches - RNN

Agrawal &

Awekar (2018)

Social Media CNN, LSTM, SVM,

LR, RF, NB

- - 98% 95%

Anezi (2022) Social Media Deep RNN - - 95.38% -

Riyadi et al.

(2024)

Social Media hybrid CNN-RNN 79.7% 78.8% 82.7% 79.2%

Deep Learning Approaches - Transformers

Continued on next page
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Table 2.1 – continued from previous page

Author &

Year

Platform Algorithm Precision Recall Accuracy F1-score

Devlin et al.

(2018)

Social Media BERT - - 80.5% -

Kirk et al.

(2022)

Social Media BERT - - 82.8% 84.7%

Kumar et al.

(2024)

Twitter DeBERTa, Long-

former, HateBERT,

RoBERTa, XLNet

- - - -

2.4 A Literature Review of the Domain

As stated previously, many studies have been carried out during the past decade in detecting

hate speeches covering many areas. Nevertheless, only very few have been carried out for

the Sinhala language and specifically for Sinhala and Romanized Sinhala. This section will

be focused on previous work on hate speech detection which used machine learning and

deep learning.

2.4.1 Related work for English and other languages

Hate speech detection has been widely researched for English and several code-mixed lan-

guages. Much of the research done in this area had used mainly either machine learning

and deep learning models.

In Davidson et al. (2017) address the challenge of distinguishing hate speech from of-

fensive language on Twitter. They labeled tweets as hate speech, offensive, or neither, and

trained a classifier to differentiate between these categories. The study revealed that racist

and homophobic tweets were more likely to be classified as hate speech, while sexist tweets

were often seen as merely offensive. This highlights the difficulty in automatically detect-

ing hate speech due to the nuances of human interpretation. The research underscores the

need for context-aware and nuanced approaches in automated hate speech detection.

Another research carried out by Badjatiya et al. (2017) explored deep learning for hate

speech detection in English tweets, classifying them as racist, sexist, or neither. They ex-

perimented with deep learning architectures like CNNs and LSTMs to learn semantic word

embeddings. Their approach outperformed character n-gram methods by approximately 18

F1 points, achieving amacro F1 score of 93%. This research demonstrated the effectiveness

of deep learning in capturing the complexities of hate speech.

In Haidar et al. (2017) proposed a system for detecting cyberbullying in Arabic content,

using machine learning techniques such as Naive Bayes, Support Vector Machine (SVM),

and Decision Tree. The authors used a dataset of Arabic comments collected from social

media platforms and achieved an accuracy of 82.2% with the SVM classifier.

Similar to Sinhala, Hindi is also a morphologically rich language, and Tarwani et al.

(2019) was conducted to detect cyberbullying using sentiment classification for the Ro-

manised Hindi language. Here they first created an annotated Romanised Hindi (Hinglish)
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cyberbullying comments dataset taken from Instagram and YouTube and then developed a

hybrid machine-learning model. Here they have used stemming and lemmatization as pre-

processing techniques and TFIDF vectorizing and N-grams as feature extraction methods.

They selected five best-performing classifiers namely, Multinomial Naive Bayes, Logistic

Regression, SVM,Decision Tree, and Passive Aggressive classifiers out of 9 classifiers they

tested individually and then developed a hybrid model by combining these 5 which outper-

formed all the other classifiers. They have also created a spelling variation list to replace

similar words in their dataset. The main limitation of this study is that we cannot exactly

consider content to be cyberbullying/ not cyberbullying solely based on their positive and

negative sentiments.

In Ali & Syed (2020) authors have incorporated sarcastic elements in detecting cyber-

bullies which were not discussed in most of the previously done research in this area. For

sarcasm detection, they have used various features such as symbols: ‘!’ and ‘?’, repeated

letters, intense adjectives, capital letters, etc. They have used several machine learning

classifiers and an ensemble approach where SVM and soft voting ensemble classifiers have

given better results. However, in this research, only textual features were considered where

contextual, and network were ignored.

Deepasree Varma et al. (2022) investigated hate speech detection in code-mixed English

and Malayalam text using the BERT language model for embedding. The study employed

DistilBERT, a smaller version of BERT, to extract features and classify tweets as hate or

non-hate. The authors trained various machine learning models, including Logistic Regres-

sion, SVM, and Naive Bayes, using the BERT embeddings. They achieved an accuracy of

90.5% for the code-mixed dataset using Logistic Regression with Grid Search.

Patil et al. (2023) focus on enhancing the accuracy of hate speech detection by using a

deep learning model called Recurrent Convolutional Neural Network (RCNN). The study

compares the performance of RCNN with a standard Long Short-Term Memory (LSTM)

model on a dataset of tweets labeled as hate speech or non-hate speech. The authors demon-

strate that the RCNN model surpasses the LSTM model in terms of accuracy, precision,

recall, and F1-score, achieving an accuracy of approximately 92%. This improved perfor-

mance is attributed to the RCNN’s ability to capture both the long-term dependencies and

local features of the text, which are crucial for understanding the nuances of hate speech.

Although many studies can be found in the sentiment analysis domain, only a few can

be found for sentiment analysis-based hate speech detection, specifically for Sinhala and

Romanized Sinhala. However, there is limited research addressing Sinhala and Romanized

Sinhala code-mixed content.

2.4.2 Related work for the Sinhala and Romanized Sinhala languages

Though many studies have been done on hate speech detection for English and other lan-

guages. There were only few studies were related to the Sinhala language along with Ro-

manized Sinhala (Singlish). Some of the studies done for the Sinhala and Romanized Sin-

hala Language related to hate speech detection are discussed below.

Dias et al. (2018) conducted a study to determine racist and non-racist content in Sinhala

by training a SVM model and they have received a precision of 100% and an accuracy of

70.8%. Data were collected only from Facebook and have only considered racist comments

18



which can be considered as a subset of hate speech cyberbullying context.

In the research done by Smith & Thayasivam (2019) to detect Sinhala and English code

mixed content they have used word n-grams, character n-grams, and BoW as features to

train deep neural networks, CNN, recurrent neural networks machine learning models,

where XGM model has given the best results compared with the other models with an ac-

curacy of 92.1% with bi-gram features. However, this study was conducted only to detect

Sinhala-English Code-mixed language. (Ex- ”wo uu shopping hkjd” - English and Sin-

hala Unicode mixed data)

In Jayasuriya et al. (2020) have used both machine learning, lexical-based approaches,

and an ensemble classifier with a combination of both. For the lexical-based approach,

they have created a subjective lexicon using the Sinhala-English dictionary and using the

Levenshtein ratio analysis has given the best results. For the ML-based approach, they

have used n-grams with unigrams, bigrams, and trigrams for feature extraction and used

several classifiers to train the model where they observed unigrams are most effective in

terms of feature extraction and logistic regression with stop word removal and unigrams

outperformed other models. Their hybrid approach has provided the best results out of all

the approaches.

In Ishara Amali & Jayalal (2020), authors have developed a rule-based feature extraction

model for the classification of cyberbullying for social media comments in Sinhala. Their

source of data was Twitter and have created rules like having a combination of the first-

person pronoun, badword, and a second-person pronoun, percentage of badwords in tweets,

etc. as features for their classification model. They have labelled by giving four options as

very non-cyberbullying, non-cyberbullying, cyberbullying, and cyberbullying where they

have finally calculated the weight of them to get the final label. As for machine learning,

the approach with the SVM classifier has given the highest F1 score and they have also

observed that the larger the dataset F1 score increases as well, when the dataset was larger

than 600 the accuracy was around 93% while when the dataset was lesser than 200 it was

around 85%.

Samarasinghe et al. (2020) utilized deep learning techniques to detect hate speech in

the Sinhala language. They have used convolutional neural networks (CNN) where a) will

determine if the text contains hate speech or not and b) detected hate speech will be cat-

egorized into multiple levels based on the hate level. According to their study, CNN has

shown higher accuracy than the SVM model when detecting hate speech and during hate-

level classification, SVM has surpassed CNN performance. Their major limitation is the

dataset is too small and since it was collected from gossip sites mainly, it was biased to-

wards politics and racism hence hate speech due to other areas like disability, and sexual

orientation was ignored. And they have suggested in the study that it may improve results

if they have used part of speech tagging (POS) rather than using complete sentences to train

the models.

Another research is done to detect abusive comments in Sinhala (Sandaruwan et al. 2020)

trained three machine learning models Multinomial Naïve Bayes (MNB), Support Vector

Machine (SVM) and, Random Forest Decision Tree (RFDT) using a Sinhala comment cor-

pus consist of 2000 evenly distributed offensive and neutral comments. They have done

feature extraction using a bag of words (BoW), word skip-gram model, character n-gram

model, and word n-gram models. After training each model testing has been done using
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200 comments where MNB has shown the highest performance with 96.5% accuracy and

96% for recall. In addition to that they have also used two lexicon-based approaches called

the cross-lingual lexicon approach and corpus-based lexicon approach and the corpus-based

lexicon approach has given the highest results with an accuracy of 90.5%. Here also they

have only considered features like word n-grams and character n-grams while micro fea-

tures like the word count of sentences, and POS tagging were not considered.

In Hettiarachchi et al. (2020), here they have manually annotated a dataset with labels

and no proper method of labelling has been used. For example, one person can view a

certain comment as hate speech while someone can label it otherwise. In our approach,

we will be getting the assistance of different people with sound knowledge of the Sinhala

language to label the dataset. Here they have used a hybrid approach and have selected

the best-performing classifier where MNB with TF-IDF vectorizer(bigrams) have outper-

formed others.

The research conducted by Liyanage & Jayakumar (2021) has trained several models to

detect Sinhala - English code-mixed language. Sinhala - English code-mixed language can

be of two types.

1. Sinhala words written in English letters (Romanized English) i.e., ”Mama gedara

yanawa.”

2. English and Sinhala Unicode mixed language i.e., ”Mama church hkjd”

They have created a Sinhala - English code-mixed hate and non-hate comment dataset

collected from Facebook and YouTube, and they have trained eight machine learning mod-

els and three ensemble models (two voting classifiers using hard and soft voting methods

and a stacking classifier using SVM, MNB, Ada boost classifiers as base classifiers) to de-

tect hate speech in Singlish and has evaluated against precision, F1 score, accuracy, and

recall. The hard voting classifier has outperformed all the other models by giving an accu-

racy of 84%. During feature extraction, they only considered the word n-grams.

Fernando et al. (2022) tackled the issue of hate speech in Sinhala social media using

machine learning and deep learning. They preprocessed text data and used various methods

to extract meaningful features, including Bag-of-Words, TF-IDF, and word embeddings.

They trained various models, including Logistic Regression, Naïve Bayes, SVM, and deep

learning models like CNN, RNN, and LSTM. Their best-performing model was an RNN

with FastText embeddings, achieving 70% accuracy. This research highlights the potential

of deep learning for Sinhala hate speech detection.

Muthuthanthri & Smith (2024) conducted research on hate speech detection for translit-

erated English and Sinhala code-mixed data, which they called ”Singlish”. The study fo-

cused on transliterated English and Sinhala code-mixed data from Facebook, carefully an-

notated to maintain dataset accuracy. The data underwent preprocessing and feature extrac-

tion, with techniques like Term Frequency (TF) - Inverse Document Frequency (IDF) and

fastText Word Embeddings applied to grasp the complexities of the mixed-code language.

Various models were evaluated, ranging from conventional ones like Logistic Regression

and Support Vector Machine (SVM) to advanced architectures like Convolutional Neural

Networks (CNN) and Recurrent Neural Networks (RNN) with Long Short-Term Memory

(LSTM). The study also incorporated gradient-boosting frameworks and transformer-based
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models like BERT and GPT2. The effectiveness of these models was rigorously assessed

using metrics like accuracy, precision, recall, F1-score, confusion matrices, and Receiver

Operating Characteristic area under curve value (ROC AUC) values. BERT stood out,

achieving 82% accuracy and a 90% ROC AUC value, proving highly effective for this de-

tection task.

2.5 Summary

A summary of Related work for English, Sinhala and Romanized Sinhala and Other lan-

guages used in the literature is provided in Table 2.2.

Table 2.2: Summary of Literature Surveys

Title Authors Year Description Gap

Related work for English and Other languages

Automated Hate

Speech Detection

and the Problem of

Offensive Language

Thomas David-

son, Dana

Warmsley,

Michael Macy,

and Ingmar

Weber

2017 Explored the distinction

between hate speech and

offensive language on

Twitter using crowd-

sourced data and a multi-

class classifier.

Focused on Twitter data;

generalizability to other plat-

forms is unclear. Future re-

search could explore the

impact of context and user

demographics on hate speech

classification.

Deep Learning for

Hate Speech Detec-

tion in Tweets

Pinkesh

Badjatiya,

Shashank

Gupta, Man-

ish Gupta,

and Vasudeva

Varma

2017 Investigated deep learning

for hate speech detection

in English tweets, classify-

ing them as racist, sexist,

or neither, using CNNs

and LSTMs to learn se-

mantic word embeddings.

Focused on detecting hate

speech but did not explore

identifying specific target

groups or the severity of

hate speech. Future work

could incorporate target group

identification.

A Multilingual Sys-

tem for Cyberbully-

ing Detection: Ara-

bic Content Detec-

tion using Machine

Learning

Batoul Haidar,

Maroun

Chamoun

2017 ML models have been

trained to detect Arabic

Cyberbullying content

Trained only SVM and Naive

Bayes to detect cyberbullying

in Arabic content.

Cyberbullying detec-

tion in hindi-english

code-mixed language

using sentiment clas-

sification

Jethanan-

dani Tarwani,

Manan Kanth

2019 Done for a romanized

hindi dataset and has

trained 5 models where

SVM has produced the

best results

Has decided if the content is

cyberbullying or not solely

based on positive and nega-

tive sentiment.

Cyberbullying detec-

tion using machine

learning

Aaminah Ali,

Adeel Sayeed

2020 Sarcasm element is con-

sidered when training ML

models

Have only considered textual

features.

Continued on next page
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Table 2.2 – continued from previous page

Title Authors Year Description Gap

Hate Speech detec-

tion in English and

Malayalam Code-

Mixed Text using

BERT embedding

Deepasree

Varma P, Dr

Vinod P, Dr M

Nandakumar,

Akhil Madhu,

Akshay K

2022 Investigated hate speech

detection in code-mixed

English and Malayalam

text using the BERT lan-

guage model for embed-

ding. They achieved an

accuracy of 90.5% for the

code-mixed dataset using

Logistic Regression with

Grid Search.

The research focused on bi-

nary classification (hate or

non-hate) but did not explore

the detection of different

types of hate speech, such as

racism, sexism, or homopho-

bia. Future work could extend

the model to multi-class clas-

sification and explore the use

of other transformer-based

models.

Hate Speech De-

tection using Deep

Learning and Text

Analysis

Prachi Patil,

Sakshi Raul,

Dhanisha Raut,

Dr. Tatwadashi

Nagarhalli

2023 Proposed a deep learning

model for hate speech

detection using a RCNN.

The study found that the

RCNN model outperforms

the LSTM model in terms

of accuracy, precision,

recall, and F1-score.

The research focused on

binary classification (hate

speech or non-hate speech)

and did not explore the de-

tection of different types of

hate speech or the severity

of hate speech. Future work

could extend the model to

multi-class classification and

explore the use of other deep

learning models.

Related work for Sinhala and Singlish

Identifying racist so-

cial media comments

in sinhala language

using text analytics

models with machine

learning

Dulan Dias,

Madushi We-

likala

2018 Conducted the study to

determine racist and non-

racist content in Sinhala

by training SVMs

Data were collected only

from Facebook and have only

considered racist comments

which can be considered

as a subset of hate speech/

cyberbullying context.

Language Detection

in Sinhala-English

Code-mixed Data

Uthayasanker

Thayasivam,

Ian Smith

2019 Have used word n-grams,

character n-grams, and

BoW as features to train

deep neural networks,

CNN, recurrent neural

networks ML models

Conducted only to detect

Sinhala-English Code-mixed

language

Sentiment classi-

fication of Sinhala

content in social

media

Pradeep Jaya-

suriya, Sarith

Ekanayake

2020 Have used both machine

learning and lexicon ap-

proached and a hybrid

approach where latter has

produced best results

The dataset is only limited to

Sinhala and YouTube content

Continued on next page
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Table 2.2 – continued from previous page

Title Authors Year Description Gap

Classification of cy-

berbullying Sinhala

language comments

on social media

Shantha Jayalal.

Amali Ishara

2020 Have developed a rule-

based feature extraction

model for the classifica-

tion of cyberbullying for

social media comments

in Sinhala and SVM has

produced best results

Dataset is too small which is

around 200 and twitter is the

only source of data

Machine learning

approach for the

detection of hate

speech in sinhala

unicode

SWAMD

Samarasinghe,

RGN Meegama

2020 Have utilized deep learn-

ing techniques to detect

hate speech in the Sinhala

language

Dataset is too smaller and

was collected from gossip

sites mainly where it is biased

toward racism and politics

Identification of

abusive sinhala com-

ments in social me-

dia using text mining

and machine learning

techniques

Supun Tharaka

Sandaruwan

2020 Done to detect abusive

comments in Sinhala

where MNB, SVM, RFDT

models were trained

Features like word count and

POS tagging were ignored

Detecting hate

speech in social

media articles in

romanized sinhala

Nimali Het-

tiarachchi, Ru-

van Weerasek-

era

2020 Have used a hybrid ap-

proach where MNB with

TF-IDF vectorizer(bi-

grams) have outperformed

others

The dataset is only limited to

Facebook and no proper data

annotation methods have been

used. Only textual features

have been considered.

Hate Speech De-

tection in Sinhala-

English Code-Mixed

Language

Oshadhi Liyan-

age, Krish-

nakripa Jayaku-

mar

2021 Created a Sinhala - En-

glish code-mixed hate and

non-hate comment dataset

to retrain 8 different ML

Models where ensemble

approach with Hard voting

classifier has produced

best results

Only textual features were

considered

Sinhala Hate Speech

Detection in Social

Media Using Ma-

chine Learning and

Deep Learning

W.S.S. Fer-

nando, Ruvan

Weerasinghe,

E.R.A.D. Ban-

dara

2022 This study explores hate

speech detection in Sin-

hala social media using

various machine learning

and deep learning models,

including RNN, LSTM,

and CNN, with Fast-

Text word embeddings.

The RNN with FastText

achieved the highest accu-

racy of 70%.

The research focuses on de-

tecting hate speech but does

not identify the target groups

of the hate speech, which

could be valuable informa-

tion for mitigation strategies.

Future research could incor-

porate target group identifi-

cation and explore the use of

more advanced deep learning

models like Transformers.

Continued on next page
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Table 2.2 – continued from previous page

Title Authors Year Description Gap

Hate Speech De-

tection for Translit-

erated English and

Sinhala Code-Mixed

Data

Meuru

Muthuthanthri

and Roy Ian

Smith

2024 This study explores

hate speech detection in

Sinhala-English code-

mixed data from Face-

book, using TF-IDF, fast-

Text, and various machine

learning models including

BERT and GPT2. BERT

achieved 82% accuracy

and a 90% ROC AUC

value.

The research primarily fo-

cuses on Facebook data,

leaving a gap in understand-

ing hate speech detection in

other platforms like Twitter

and YouTube. Future work

could explore these platforms

and address transliteration-

induced spelling variations,

symbol-based evasions, and

the integration of emojis and

symbols into detection mod-

els.

All of the studies mentioned above focused on improving the detection of hate speech in

various ways. If we consider the accuracy of the detection of Sinhala hate speech, there is

potential for improvement using deep learning techniques. In addition to that, many studies

say that symbols such as emojis play a critical role in extracting the semantic meaning from

a text phrase. Thus, this research will be focused on improving the accuracy of hate speech

detection in Sinhala and Romanized Sinhala by considering semantic meanings of symbols

such as emojis.

2.6 Chapter Summary

There are three types of hate speech detection techniques: rule-based, machine learning, and

deep learning. Prior studies on the hate speech detection in Sinhala and other languages

have investigated a number of methods, such as SVM, deep neural networks and CNN.

By creating a hybrid CNN-RNN model for detecting hate speech in code-mixed text with

emojis in both Sinhala and Romanized Sinhala, this study seeks to expand on previous

research.
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CHAPTER 3

METHODOLOGY

3.1 Chapter Overview

Themethodology used in this study is described in this chapter. The data collection process,

including manual data collection and integration of existing data sets, is detailed. The data

annotation process, data preprocessing techniques, functional engineering methods, and the

development of the CNN-RNN hybrid model are also described in the chapter. In addition,

hyperparameter tuning, model training, and assessment strategies are discussed.

3.2 Research High-level design

The high level design for the hate speech detection is structured into five major phases: data

acquisition, preprocessing, model development, training, and evaluation, all adapted to the

unique characteristics of Sinhala data and the challenges of the detection of hate speech in

low-resource settings. The main classification model that was developed and evaluated in

this study is a combination of Convolutional Neural Network(CNN) and Bidirectional

Long Term Short Term Memory (BiLSTM) named CNN-BiLSTM model. An inde-

pendent bidirectional long-term memory network (BiLSTM) was involved in the initial re-

search, but the methodology evolved to focus on CNN-BiLSTM architectures to exploit the

strength of the convolutionary and recurrent layers to optimize the performance of Sinhala

hate speech detection. Each phase will be described in this chapter, along with the adapta-

tions and considerations necessary to efficiently process the text of Sinhala and Romanized

Sinhala with emojis. In addition to that, robust models for this task will be highlighted. The

key components of the research design are illustrated in Figure 3.1.

Figure 3.1: High-level design of research methodology
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3.3 Data Collection

The dynamic evolution of language in the context of social media was recognised in this

study, and the inherent challenge of failure of data sets in the detection of hatred was ad-

dressed. Rapid linguistic innovations are characterized bymodern social media platforms in

which new vocabulary representations, sign languages and evolving communication styles

are constantly introduced by users. As a result, reduced effectiveness may be experienced

by existing datasets when applied to real-time hate speech detection scenarios, which ne-

cessitates the creation of a current and relevant data set.

Furthermore, a critical gap in the public availability of datasets specifically adapted for

Sinhala language content has been identified, especially covering Unicode and Romanized

Sinhala scripts, along with the nuanced expression transmitted through emojis. To over-

come this limitation and ensure the relevance and representativeness of the dataset, a two-

sided approach to data acquisition was adopted, which included both manual data collection

and the integration of existing datasets as described in Figure 3.2.

Figure 3.2: Dataset creation

3.3.1 Manual Data Collection

Due to constraints imposed on privacy policies on social media platforms and constraints

on automated scraping tools and APIs for access to user-generated content on a large scale,

manual data collection methods have been adopted. This approach is resource intensive but

considered essential to capture the latest linguistic trends and contextual nuances of online

Sinhala and mixed language communications.

The data were meticulously collected from prominent social media platforms, particu-

larly Facebook, TikTok, and YouTube. These platforms were selected because they are

widespread in Sri Lanka and make an important contribution to the online discourse in

which hate speech manifests itself. Manual data collection allowed a targeted approach,

focusing on comments sections and public forums where hate speech is more prevalent de-

spite Figure 3.3 (Kemp 2024). This methodology also allowed the inclusion of data that

reflect current events and trending topics, thus ensuring the temporal relevance of the data

set.
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Figure 3.3: Social Media platforms usage in Sri Lanka (Source: https://datareportal.com/)

3.3.2 Integration of Existing Datasets

In order to increasemanually collected data and create a robust and comprehensive resource,

annotated data from three existing hate speech datasets were incorporated. The combination

of these datasets has helped increase the total size of the data set and potentially increase the

linguistic and contextual diversity represented Ziyaden et al. (2024). The specific datasets

used were: Jayasuriya (2020) and Weerathunga (2020). Refer to Appendix A for a com-

parison of dataset analysis.

Before integration, these datasets have been carefully examined to ensure compatibil-

ity with annotation schemes and data formats. When necessary, data transformation and

label harmonization have been performed to create unified data sets suitable for modeling

training.

This study is aimed to combine the collection of manual data focusing on the capture of

contemporary online languages with the inclusion of existing data sets and to establish com-

prehensive and representative data sets. These datasets can be supported the development

of effective and robust hate speech detection models in dynamic social media environments,

especially in the context of Sinhala and Romanized Sinhala.

3.4 Data Annotation/ Data Labelling

As explained in Section 2.4 Sinhala is a morphologically rich language that has many hy-

ponyms and synonyms for one word. When it comes to Romanized Sinhala, it would be

rather difficult with the different types of spelling variations available. In addition to that,

there could be different kinds of trends going on that changes the pronunciations of words

as well (i.e. There is a trend going on by adding ”thee” sound to the end of questions -

”Kamuthee”, ”Karamuthee” etc.) Therefore, the manually annotation is performed on the

dataset using crowd-sourcing to avoid such scenarios. Class labels that are used for the

annotation process are depicted in Table 3.1.

Weights Description

1 Offensive

0 Non-Offensive

Table 3.1: Data Annotation
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These labels will be assigned to the comments that were collected from various social

media platforms as depicted in Table 3.2.

Comment Label

fi,a,ï baduwa aran dunne naane wo Non-Offensive

Tho ne f.dka baduwa Offensive

U nam fyk ponnayek Offensive

Hena hathama .ymka ponnaya Offensive

Table 3.2: Examples for Labelled Dataset

In order to enrich the text data with emoji emotions, a weighted Gazetteer file was cre-

ated. A list of emojis and a corresponding weight (of 10) indicating the potential of the

emoji to contribute to hate speech is contained in this file. It is indicated that a weight of

10 signifies a strong correlation with the speech of hatred when used in a sentence. The

weights were allocated taking into account the density of emoji use in sentences classified

as hate speech, with a focus on sentences that contain at least one emoji. The formula has

been used to calculate the weight of the emoji is shown in Equation (3.1).

The final emoji weight calculated using the formula that shown in Equation (3.1) was

rounded to the nearest integer. This rounding ensures that emojis are grouped into a few dis-

tinct weight categories, allowing for more effective categorization and analysis. By doing

so, it becomes easier to identify and interpret the role of emojis in conveying hate speech,

especially when they share similar emotional intensities.

Emoji Weight =

(︃
EOHS

TOE

)︃
×

(︃
THSemoji

TASemoji

)︃
× 10 (3.1)

Where:

• EOHS = Emoji Occurrences in Hate Speech Sentences

• TOE = Total Occurrences of Emoji in Dataset

• THSemoji = Total Hate Speech Sentences with at least one emoji

• TASemoji = Total Annotated Sentences with at least one emoji

For example, for the emoji :

• EOHS = 90 (The emoji appears 90 times in hate speech sentences)

• TOE = 100 (The emoji appears 100 times in the entire dataset)

• THSemoji = 400 (There are 400 sentences annotated as hate speech that contain at least

one emoji)

• TASemoji = 600 (There are 600 total annotated sentences that contain at least one

emoji)

28



Then, the EmojiWeight for “ ” calculated in Equation (3.2). A sample of extracted emojis

and related calculated weights are shown in Tables 3.3 and 3.4.

Emoji Weight ( ) =

(︃
90

100

)︃
×

(︃
400

600

)︃
× 10 = 6 (3.2)

Emoji Weight

8

6.43

6.85

6

Table 3.3: Emojis with assigned weights

Emoji Weight

2.35

3.1

6.9

7

Table 3.4: Emojis with assigned weights

3.5 Data Pre-Processing

To prepare the collected Sinhala and Romanized Sinhala text data, including emojis, for

effective analysis with our primary CNN-BiLSTM combined model, a carefully designed

preprocessing pipeline has been implemented. The goal of this pipeline is to transform

Sinhala comments into formats that highlight meaningful patterns for the detection of hate

speech in Sinhala while minimizing noise and irrelevant information. The preprocessing

strategy consists of a series of steps that are intentionally applied to ensure optimal text re-

finement and feature extraction specifically for the Sinhala and Romanized Sinhala text and

to maximize the performance of the CNN-BiLSTMmodel. The flow of data pre-processing

is illustrated in Figure 3.4.

Figure 3.4: Data Preprocessing Flow

3.5.1 Enriching Text with Weighted Emoji Sentiment

Recognizing that emojis are far from simply decorations in online communication, of-

ten with significant emotional weight and contextual hints. As an Example: ”oya lr,d

thiyenne hondata ” vs “oya lr,d thiyenne hondata ” The data preprocessing stage

began by addressing these visual elements. Instead of simply throwing away emojis (a com-

mon approach that risks losing valuable sentiment information) this study adopted a strategy
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to embed their feelings directly into the text. This was achieved by using a custom-built

lexicon ”emoji_weights.csv”. This lexicon assigned a numerical sentiment weight to each

emoji, reflecting its perceived emotional intensity (Alfreihat et al. 2024). Sample emoji

weights are depicted in Section 3.4.

During the preprocessing, each emoji encountered in a comment was replaced by a

unique token that can be read by humans. This token, formatted as __EMOJI_WEIGHT_-

[weight]__, effectively transcribed the sentimental weight of the emoji into text data itself.

For example, if an emoji is associated with a weight of 2.0, it will be converted to __-

EMOJI_WEIGHT_2_0__. This initial step ensured that the feeling conveyed by the emojis

was not lost, but rather became an integral part of the text representation, ready for themodel

to learn. This subtle approach recognizes the evolving nature of online communication and

the critical role of non-verbal signs such as emojis in conveying meaning (Alfreihat et al.

2024).

Category Emojis

Anger / Disgust

Animals

Inanimate Things

Disrespect / Dislike

Violence / Threat

Sexual / Inappropriate

Table 3.5: Common Offensive Emojis

3.5.2 Text Cleaning: Laying a Solid Foundation

After incorporation of emoji sentimental information, the next phase was focused on sys-

tematically cleaning text content to eliminate elements that might hinder the learning pro-

cess of the model. This cleaning process was the basic step to ensure that the text was as

easily streamlined and concentrated as possible before further processing. Cleaning activi-

ties are included:

• Target Character Removal: To focus on analysis of linguistic content related to the

communication of Sinhala and Romanized Sinhala, characters outside the alphanu-

meric range of these languages have been systematically removed. This process elim-

inated characters from other scripts that were considered less relevant for the detec-

tion of hate speech in this particular context. Regular expressions have been used to

perform this selective removal efficiently and accurately.

• Whitespace convergence: Changing the whitespace between words or extra spaces

at the beginning and end of comments can create inconsistencies. In order to stan-

dardize text formatting, all instances of multiple whitespace characters were arranged
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into single spaces, and the whitespaces leading/dragging were trimmed. This stan-

dardization ensures cleaner and consistent text input in subsequent steps.

• Case normalization: To reduce the complexity of vocabulary and ensure that mod-

els treat semantically identical words, all text is converted to lowercase. This step

effectively divides capitalization variations such as ”Hate” and ”hate” into a single

representation and simplifies the model learning task (Zhang et al. 2022).

3.5.3 Tokenization: Breaking Down Text for Analysis with Contextual
Awareness

Once the text is cleaned up and prepared, the next critical step is tokenization, which de-

composes the continuous text into a single unit (token) that the model can process. In order

to capture both the meaning of individual words and the crucial context provided by word

sequences, a specialized tokenization strategy was adopted that combined unigrams and bi-

grams (Katona et al. 2021).The combination of unigrams and largerams allowed the model

to take into account the meaning of individual words and the contextual relationship be-

tween words, providing a richer input representation.

3.5.4 Refining Token Sets: Stop Word Removal and Word Standard-
ization

After tokenization, the token set was further refined through two important processes: end-

ing the deletion of words and word standardization. These steps are designed to focus the

attention of the model on the most informative words and reduce redundancy in the vocab-

ulary.

Strategic removal of stop words

Stop words are common words in a language, but often semantically light, can dilute the

signal of richer words. To mitigate this situation, a two-tier approach to halt the removal

of words has been adopted. Custom Stop Word lists loaded from StopWords_425.txt were

incorporated. This custom list was specially curated to include words such as ”fï”, ”tl”,

and ”jf.a”.

In the Table 3.6, the most common terms were chosen, and some words were removed

from the list because they changed the polarity of a phrase (LTRL n.d.).

Word standardized for consistency

variations in word forms, such as different spelling and orientations, can lead to unnecessary

complexity and data sparsity. In order to address this, a word standardization process was

used, using word_variations.csv files. This file acts as a lexicon mapping the spelling and

spelling forms of words to a single standardized base form. This approach will be improved

the generalization of the model by treating the different surface forms of the same word as

equivalent (Jahjah et al. 2016). Sampleword variations that included inword_variations.csv

file is depicted in Table 3.7.

31



Removed words from stop word list

fkdue;s ke; keye

kE ksid fkdyels

fkdj neye ;uhs

fyd| jqkd b;ska

Table 3.6: Removed Words from Stop Word List

Word Variations

walaththaya wal | wala | walattaya | walaa

wassa wassa | wassek | gon wassa

wesi weesi | weasi | wesige | wesey | wesa | wesiyo | vesi | vsigput

| wsgpthata

yako yako | yakoo | yaki | yaku | yakuu

fõiS fíisla | fíisfhdkag | fõisfhda

mql mql | mqfla | mq#fla | mqke | mq# È§ | mqlla | mqlg | mq# | mqm

| mq³ | ysflka mqkd | mqm

Table 3.7: Sinhala word variations

3.5.5 Sinhala-Specific Suffix Removal

Given the potential existence ofmorphologically rich Sinhala text, the preprocessing pipeline

included a step of removing suffixes. This was motivated by the understanding that Sinhala

words often derive different meanings or grammatical functions by suffixes (Sandaruwan

et al. 2020). A list of Sinhala consonants was loaded from ”Suffixes-413.txt”. When remov-

ing suffixes, it needs to be ensured that the remaining ”root” words contained at least two

Sinhala characters after the suffix was removed. This limitation was introduced to prevent

excessive aggression and result in meaning loss and the creation of non-verbal meanings,

which are particularly important in a morphologically rich language such as Sinhala. This

step focuses on the root of the word, aimed at reducing lexical variations and potentially

improving the ability of the model to recognize semantic relationships in the text of Sinhala.

Some sample suffixes are listed in Table 3.8.

l h la hl ll

lla hla hls llg hlf.ka

Table 3.8: Sample set of sinhala suffixes
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3.5.6 Handling Class Imbalance

To resolve the imbalanced data set, random oversampling was used to manipulate the data

(Riyadi et al. 2024). It involved the random duplication of data from the minority class. Re-

sampling with different parameters was adopted to ensure the desired class balance. These

methods have often been used to deal with imbalanced data sets in machine learning, de-

spite their potential shortcomings, such as information loss and over-adaptation. Figure 3.5

shows the oversampling technique to balance the data set.

Figure 3.5: Illustration of Oversampling

3.6 Feature Extraction: Transforming Text into Meaningful Represen-
tations

Feature extraction is a key step in natural language processing (NLP) tasks and serves as a

bridge between raw text data and machine learning models. This includes the conversion

of text into a numerical format that captures the necessary information relevant to the task.

In the context of hate speech detection, effective feature extraction of characteristics is

essential to distinguish models from subtle patterns and linguistic signals indicating abusive

content. There are several ways to extract features, each with its strengths and limitations.

This section will discuss common methods and then justify the method selected for this

research.

3.6.1 Traditional Feature Extraction Methods in Text Classification

Before the advent of deep learning, machine learning models for text classification were

largely based on traditional feature extraction techniques. These methods often include the

creation of sparse high-dimensional vector representations of texts based on word count or

frequency. Among the most well-known traditional methods are:

• Bag-of-Words (BoW): This is probably the simplest and most fundamental tech-

nique. BoW represents a document as an unevenly assembled collection of words,
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without considering grammar and word order but tracking word frequency. Each

document is vectorized on the basis of the number of words in a predefined vocab-

ulary. Although simple to implement, BoW has limitations such as ignoring word

order and semantic relationships, leading to very high and scarce features vectors

(Smith & Thayasivam 2019, Fernando et al. 2022).

• Term Frequency-Inverse Document Frequency (TF-IDF): The TF-IDF optimizes

the Bag-of-Words approach by weighting words according to their importance in

the document and in the entire corpus. It increases the weight of the words that are

common in a particular document but that are rare in the entire corpus, effectively

highlighting the terms that are unique to a particular document. TF-IDF is effective

in many text classification tasks and addresses some of the limitations of BoW by

emphasizing the importance of terms. However, unlike BoW, it still does not capture

the order of words or deeper semantic meanings (Ranasinghe et al. 2024, Fernando

et al. 2022).

• N-grams: N-grams go beyond a single word (Unigram) to consider a sequence of n

consecutive words (e.g. Bigram, Trigram) as characteristics. This method partially

addresses the limit of BoW and TF-IDF word order by incorporating local word con-

texts. For example, the word ”not good” as a bigram has a different meaning than

simply considering ”not” and ”good” as a unigram. Although n-grams improve con-

text awareness, they can still lead to high dimension and rarity, and do not fully

capture long-term dependency and semantic similarities between words (Liyanage &

Jayakumar 2021).

3.6.2 Word Embeddings: Capturing Semantic Meaning in Dense Vec-
tors

Unlike traditional methods, word embedded offers a dense and semantically rich method

of feature extraction (Malik et al. 2022). Word embeddings represent words as a low-

dimensional continuous vector in vector spaces, and semantically similar words are placed

closer together. These embedded programs are usually learned from large text files using

techniques such as Word2Vec, GloVe, or FastText. The main advantages of word embed-

ding compared to traditional methods are:

• Semantic Representation: Word embedding captures semantic relationships be-

tween words. Similar meaning words have a similar vector representation, allowing

models to understand similarity of words, which is essential for nuanced tasks such

as hate speech detection, where subtle semantic variations can be significant.

• Dense and low-dimensional vectors: Compared to low-dimensional vectors from

BoW, TF-IDF, and even n-grams, the word embedding is dense and has a lower

dimension (e.g., 100-300 dimensions). This reduces computational complexity and

can improve the generalization of models, especially in limited data sets.
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• Contextual information (to some extent): While basic word embeddings, such as

Word2Vec and GloVe, are context-dependent (a word has the same embedding re-

gardless of the context), they still encode distribution semantic information derived

from the contexts in which words usually appear in the training body.

3.6.3 Embedding Layer for Feature Extraction in Neural NetworkMod-
els

This research utilizes word embeddings through an Embedding layer in proposed CNN-

BiLSTM and other neural network models for Sinhala and Romanized Sinhala hate speech

detection. Embedding layers are a standard technique in neural NLP for feature extraction,

which transforms discrete tokens into continuous vector spaces. This layer extracts fea-

tures by the following approaches. Related input parameters are captured using the hyper

parameter tuning approach described in Section 3.7.2.

• Vocabulary Lookup (Sinhala): The Embedding layer uses an internal search table

built from Sinhala and Romanized Sinhala texts to learn and store a unique vector

for each Sinhala token in this vocabulary. Vocabulary-based search is a fundamental

step in the processing of text for neural networks.

• Dense Vector Representation (Sinhala): Each Sinhala token (word, emoji) is as-

signed to a dense vector that captures semantic features more effectively than sparse

one-hot representations, which is particularly beneficial for the Sinhala language with

its nuances and morphology. Dense vector representations are essential to capture se-

mantic relationships.

• Sequence Input Handling (Sinhala Comments): The embedded layer obtains the

pre-acquired vector for each token index in the Sinhala comment sequence, allowing

a consistent input process for neural network architectures. The handling of variable-

length sequences by padding and fixed input lengths is a common practice in deep-

text learning.

• Learnable and Task-Tuned Embedding (Sinhala Hate Speech): The Embedding

for Sinhala tokens is learned during CNN-BiLSTM and training of neural network

models. These embeddings, which are randomly initialized, are adjusted through

backpropagation to minimize the loss function in the Sinhala hate speech detection.

This task-specific learning creates embedded materials optimized for discriminating

against Sinhala hate speech, which are expected to be superior to fixed or generic em-

bedded materials, especially for nuanced Sinhala language and low-resource scenar-

ios (Alkasassbeh et al. 2024). Learning task-specific embeddings allows the model

to focus on the most relevant features for a particular classification task.

By incorporating the Embedding layer as the initial layer into our CNN-BiLSTM, BiL-

STM and LSTM models, this study directly integrates the extraction of characteristics into

the model training process. This end-to-end learning approach enables models to learn the

best vector representations of Sinhala words and emojis, representations that are specifi-

cally designed for the task of finding hatred words in Sinhala. Furthermore, the density
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and semantic richness of learned word insertions are expected to be especially beneficial in

dealing with the complexities of Romanized Sinhala and the use of emoji within the text.

3.7 Model Training

The training process of machine learning models is essential to achieve the objective tasks

precisely. In this study, the training phase included several key steps: defining the model

architecture, optimizing its settings by high-parameter tuning, and finally training models

on prepared data sets. This section describes these steps in detail and explains the choices

made and their rationale.

3.7.1 Model Architecture: CNN-BiLSTM Combined Network for Hate
Speech Detection (Primary Approach)

The primary model architecture for our Sinhala and Romanized Sinhala hate speech de-

tection system is the combined Convolutional Neural Network - Bidirectional Long-Term

Memory (CNN-BiLSTM). This architecture is specifically designed to effectively capture

both local and sequential patterns in Sinhala text, which we would have assumed would

be crucial to accurately identify hate speech, especially in a low-resource language context

and with the complexity of the use of Romanized scripts and emoji. The combination of

CNN and BiLSTMmodels were selected because they offer complementary strengths in the

processing of text data, with CNNs gaining in the extraction of local features and BiLSTMs

gaining long-term dependencies (Riyadi et al. 2024).

Figure 3.6: The Architecture of the proposed model

The CNN-BiLSTMmodel combines two main branches and processes the input Sinhala

comment in parallel, and then integrates the learning representation into the final classifi-

cation. Here is a simplified architecture breakdown:

1. Input and Embedding Layer (shared by both branches): The model starts with an

Input Layer that accepts a symbolized and a Romanized Sinhala comment. This is

followed immediately by an Embedding Layer. As described in detail in section 3.6.3,

this layer transforms every Sinhala word or emoji into a dense vector representation,

creating a rich, numerical ”code” that captures the semantic meaning of the Sinhala

vocabulary. This embedding layer is shared by both CNN and BiLSTM branches, so

that both branches begin with the same word representations.

36



2. CNN Branch (Local Feature Extraction): One branch of the model is the Convolu-

tional Neural Network (CNN). CNN is effective in tasks such as text classification

because it automatically learns hierarchical features and detects local patterns such

as n-grams. This branch is intended to find important local patterns, such as the com-

bination of words (n-grams) that represent hate speech in Sinhala texts. It consists

of:

• Conv1D layer: This layer applies convolutionary filters through word embed-

dings, looking for patterns in small windows of text. It learns to recognize

the combination of specific words that are characteristic of offensive or non-

offensive Sinhala comments.

• GlobalMaxPooling1D Layer: This layer summarizes the most important fea-

tures discovered by the Conv1D layer and selects the strongest signals associ-

ated with the local pattern within the Sinhala text by preserving the maximum

activation of each feature map.

3. Concatenation Layer (Feature Fusion): After extracting local features from CNN

branches and extracting sequential contexts from BiLSTM branches, the two types of

information are combined by using the Concatenation Layer. This layer merges the

outputs of both branches into a single, richer characteristic vector that represents both

the local patterns and the broader context of the Sinhala text. Feature concatenation

is a common strategy for combining information from different model components.

4. Dense Layer (Classification): Finally, Dense Layers (fully connected layers) are

used to perform the classification based on the combined features:

• Dense layer activation: This layer further processes the combined characteris-

tics in a nonlinear way and learns a complex relationship. ReLU is a popular

feature of deep learning activation.

• Dropout Layer: Another dropout layer is used for regularization.

• Output density layer (sigmoid): The final layer is a density layer with the sig-

moid activation function. It takes the processed properties and outputs a prob-

ability between 0 and 1, indicating whether Sinhala comments are offensive or

not. sigmoid function is the standard for binary classification tasks to generate

probabilities.

The CNN-BiLSTM architecture combines local feature extraction from CNN with se-

quential context interpretation from BiLSTM to effectively detect hate speech in Sinhala

and Romanized Sinhala texts, including emojis. Parallel branches enable models to capture

various patterns in Sinhala data, thereby providing more comprehensive and robust classi-

fication, especially for the complexity of low-resource languages and complex tasks such

as hate speech detection.
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3.7.2 Hyperparameter Tuning with Keras Tuner

To find the best configuration for the BiLSTM model in the combined CNN-BiLSTM

model, it is used a hyperparameter adjustment using Keras Tuner. Hyperparameters are

models’ settings that are not derived from data but set before training (e.g. LSTM layer

number, graduation rate, learning rate). The search for the optimal combination of hyper-

parameters can significantly affect the performance of the model. We use the Hyperband

Tuner optimization algorithm provided by Keras Tuner. Hyperband is an efficient hyper-

parameter optimization algorithm that adjusts resources to more promising hyperparameter

configurations and accelerates the tuning process relative to simple grid search or random

search.

The following key hyperparameters in the BiLSTM model define the search space:

• embedding_dim: The dimensions of the word embedded (64 to 256 steps, 32 steps).

Larger dimensions can capture more complex semantic information, but also increase

the complexity of the model.

• lstm_units_1: The number of units in the first layer of BiLSTM (32 to 128, in 32

steps). More units can learn more complicated patterns, but can also increase the risk

of overload.

• dropout_1: Dropout rate after the first layer of BiLSTM (0.1 steps from 0.2 to 0.7).

Higher dropout rates increase regularisation, but may lead to under-supply if it is set

too high.

• lstm_units_2: The number of units in the second layer of BiLSTM (16 to 64, step

16).

• dense_units: The number of units of the first density layer (32 to 128 in the 32 steps).

• dropout_2: The dropout rate after the dense layer (from 0.2 to 0.7, 0.1 steps).

• learning_rate: Learning rate of Adam optimizer (elected from values 1e-2, 1e-3,

1e-4). The learning rate controls how much weight the model adjusts during each

training step.

The Hyperband tuner systematically explores the different combinations of these hyper-

parameters, forms a model with each configuration and evaluates its performance on the

validation data set. The objective=’val_accuracy’ is set to guide the tuner to find config-

urations that maximize accuracy on the validation set. The max_epochs=10 and factor=3

were set for the Hyperband algorithm to control the duration and resource allocation of the

tuning process. Early stop is used during the adjustment process itself (with patience=3 to

prevent validation loss) to prevent the waste of resources on poorly implemented configu-

rations that were not improved.
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3.7.3 Model Training with Best Hyperparameters and Early Stopping

After the hyperparameter tuning process, the best hyperparameter configuration discovered

by the Keras Tuner was recovered. Then a new CNN-BiLSTM combined model was built

using these best hyperparameters. This final model was trained on the entire training data

set for a maximum of 20 periods, with a batch size of 64. The Adam optimizer is used

with the best learning rate identified by the tuner and the binary loss function of entropy

crossing, which is the standard for binary classification problems. Accuracy was used as

an evaluation metric during training.

To further refine the training process and prevent overfitting during the final training

phase, EarlyStopping callback is used. Keeping track of the validation loss, with a patience

of 3 epochs, EarlyStopping automatically stopped the training process if the validation loss

did not improve for three consecutive epochs. Importantly, restore_best_weights=True was

set in the EarlyStopping callback, ensuring that the model weights were returned to those

of the epoch that achieved the lowest validation loss.

This comprehensive training process, which incorporated CNN-BiLSTM architecture,

hyperparameter adjustment with Hyperband, and early suspension, was designed to develop

a robust and accurate model of hatred speech detection optimized for the characteristics of

the collected data set and the nuances of online Sinhala and Romanized Sinhala language

communication.

3.8 Chapter Summary

Research methodology includes the collection of data from various sources, the annotation

of hate speech and the pre-processing of model training. Feature engineering techniques

are used to extract meaningful representations from text data. A hybrid CNN-RNN model

is designed and implemented, and the hyper parameters are adjusted by the Keras Tuner.

The model is trained and evaluated using appropriate metrics and the results are analyzed

to assess its performance in the detection of hate speech.
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CHAPTER 4

DESIGN AND IMPLEMENTATION

4.1 Chapter Overview

This chapter describes in detail the design and implementation of a hate speech detection

system. This study provides an overview of system design and describes the implementation

of data preprocessing techniques, characteristic extraction methods and the CNN-BiLSTM

model architecture. The chapter also discusses the training and optimization process, model

assessment procedures and the implementation environment and libraries used in the study.

4.2 System Design Overview

The Sinhala hate speech detection system is designed to process text comments in Sinhala

and Romanized Sinhala, including emojis, collected from social media platforms. This is

because social media are a major source of hate speech online. The system follows a struc-

tured work, which consists of different stages to effectively identify the content of hate

speeches, as detailed in Figure 3.1 of Chapter 3. The main stages are: data preprocessing,

feature extraction, CNN-BiLSTM model training, and hate speech detection (classifica-

tion). The rationale for this step-by-step approach and the overall system architecture are

described in Chapter 3 and illustrated in Figure 3.1 of Chapter 3.

In order to achieve this process, the system is architected into five key modules that each

deal with a specific phase of the hate speech detection process as stated in Chapter 3:

• Data Collection Module: This module collects Sinhala text comments from social

media and integrates existing data sets to create a data set for training and evaluation.

The need for a representative data set is critical for the performance of the model.

The data collection strategy is described in Section 3.3 of Chapter 3.

• Data PreprocessingModule: Thismodule performs text cleaning, standardization and

enrichment steps. Raw text is noisy and requires preparation for machine learning.

The main steps, as justified in Section 3.5 of Chapter 3, include emoji processing,

text cleaning, tokenization, word stoppage and word standardization.

• Feature Extraction Module: This module converts preprocessed text into numerical

feature vectors using word embeddings, using a Keras embedding layer. Machine

learning models require numerical input, and word embedding captures semantic

meaning. The choice of word embeddings as features is justified in Section 3.6 of

Chapter 3.

• CNN-BiLSTM Model Module: The core classification component, using a CNN-

BiLSTM network to learn text patterns for detecting hate speech. This hybrid model
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combines CNNs for local features and BiLSTMs for sequential context to improve

performance. The rationale for choosing this hybrid architecture is detailed in Sec-

tion 3.7.1 of Chapter 3.

• Training and Evaluation Module: This module handles model training, hyperparam-

eter tuning and performance evaluation. Thorough training and evaluation are es-

sential to ensure the effectiveness and generalisation of the model. The training and

evaluation methodology is described in Section 3.7 of Chapter 3.

4.3 Data Preprocessing Implementation

As described in Section 3.5 of Chapter 3, data preprocessing is essential for the preparation

of raw and Romanized Sinhala text comments for effective detection of hate speech. This

is because raw social media texts are often noisy and inconsistent, requiring cleaning and

standardization for effective model training. This section describes the implementation of

these preprocessing steps, which directly correspond to the methodology in Section 3.5.

4.3.1 Enriching Text with Weighted Emoji Sentiment

As indicated in Section 3.5.11 of Chapter 3, emojis are incorporated by enriching the text

with weighted feelings. Emojis convey emotion in online communication, and capture of

this emotion improves sentiment analysis. A custom lexicon, emoji_weights.csv, loaded

with the load_emoji_weights function, assigns sentimental weights to emoji. The emoji

weights loading function is depicted in Code 4.1.

1 # Load Emoji Weights
2 def load_emoji_weights(filepath):
3 try:
4 df_emoji = pd.read_csv(filepath)
5 # Convert to dictionary: {emoji: weight}
6 emoji_weights = dict(zip(df_emoji['Emoji'],

df_emoji['weight']))
7 return emoji_weights
8

9 except FileNotFoundError:
10 print(f"Error: Emoji weights file not found at {

filepath}")
11 return {} # Return empty dict to avoid errors

later
12 except Exception as e:
13 print(f"Error loading emoji weights: {e}")
14 return {}

Code 4.1: Python code for load emoji weights

The preprocess_text function then replaces emojis with __EMOJI_WEIGHT_[weight]_-

_ tokens, as shown in Code 4.2:

1 # Function to clean and preprocess text
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2 def preprocess_text(text, emoji_weights ,
high_weight_threshold=7.0):

3 processed_text = text
4 has_high_weight_emoji = 0
5

6 # --- Emoji Replacement (FIRST) ---
7 for emoji, weight in emoji_weights.items():
8 if emoji in processed_text:
9 weight_str = str(weight).replace('.', '_')
10 replacement_token = f"__EMOJI_WEIGHT_{weight_str

}__"
11 processed_text = processed_text.replace(emoji, f

" {replacement_token} ") # Replace emojis
12 if weight >= high_weight_threshold:
13 has_high_weight_emoji = 1
14 emoji_feature = has_high_weight_emoji

Code 4.2: Python code for emoji weights

This ensures emoji sentiment information is preserved within the text representation, as

justified in Section Section 3.5.1.

4.3.2 Text Cleaning

Text cleaning, as described in Section 3.5.2 of Chapter 3, eliminates noise and inconsis-

tencies. Noise and inconsistencies in the text can prevent the learning of the model. This

implementation includes the removal of target characters, white space convergence, and

case normalization.

Characters outside alphanumeric Sinhala and English ranges, and underscores are re-

moved using regular expressions, as implemented in preprocess_text function. This focuses

the model on the relevant linguistic content, as described in Section 3.5.2. The next step

of the text cleaning, removing white spaces are achieved through re.sub() and .strip() in-

bult functions in python language. The final step Case Normalization is achieved through

converting all characters to lower case using python .lower() function. The related dode

segments are shown in Code 4.3.

1 def preprocess_text(text, emoji_weights ,
high_weight_threshold=7.0):

2 # ... (Emoji enrichment code from Subsection 4.3.1) ...
3

4 # --- Text Cleaning (AFTER Emoji Replacement) ---
5 processed_text = re.sub(r'[^A-Za-z0-9_\u0D80-\u0DFF]+',

' ', processed_text)
6 processed_text = re.sub(r'\s+', ' ', processed_text).

strip()
7 processed_text = processed_text.lower()
8 # ... rest of preprocess_text function ...

Code 4.3: Python code for text cleaning
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4.3.3 Tokenization (with Bigrams)

The detailed explanation of tokenization and related approaches are given in Section 3.5.3.

Tokenization is essential for machine learning models to process text. This implemen-

tation uses tokenize_with_bigrams (code below) to generate unigrams and bigrams while

preserving emoji tokens to capture word sequences and individual word meanings. The

python code shown in Code 4.4 used to apply the tokenization for a given input.

1 def tokenize_with_bigrams(text):
2 """Tokenizes text into unigrams and bigrams , preserving

emoji tokens."""
3

4 # Split the text, preserving the emoji tokens:
5 parts = re.split(r'(__EMOJI_WEIGHT_[0-9_]+__|\s+)', text

)
6 # Remove empty strings and whitespace -only strings from

the split result
7 parts = [part for part in parts if part.strip()]
8

9 unigrams = []
10 for part in parts:
11 if part.startswith('__EMOJI_WEIGHT_'):
12 unigrams.append(part) # Keep emoji tokens whole
13 else:
14 unigrams.extend(word_tokenize(part)) # Tokenize

other parts with nltk
15 bigrams = list(ngrams(unigrams , 2))
16 bigram_strings = [" ".join(bigram) for bigram in bigrams

]
17 return unigrams + bigram_strings
18

19 def preprocess_text(text, emoji_weights ,
high_weight_threshold=7.0):

20 # ... (Preprocessing steps from previous subsections)
...

21

22 processed_text = ' '.join(processed_words) # Assuming
processed_words list

23

24 # --- Tokenization (with Bigrams and Emoji Preservation)
---

25 words = tokenize_with_bigrams(processed_text)
26 processed_text = ' '.join(words)
27

28 return processed_text , emoji_feature

Code 4.4: Python code for tokenization with bigrams

4.3.4 Stop Word Removal and Word Standardization

Token sets are refined using stop word removal and word standardization, as detailed and

justified in Section 3.5.4 of Chapter 3. The refining of tokens reduces noise and improves
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semantic focus.

Stop words are removed using a custom list in StopWords_425.txt, loaded by load_-

stopwords function shown in Code 4.5. Stop word removal logic is included in preprocess_-

text function as shown in Code 4.6.

1 # Detect the file encoding
2 with open("StopWords_425.txt", 'rb') as f:
3 result = chardet.detect(f.read())
4 encoding = result['encoding']
5 print(f"Detected encoding: {encoding}")
6

7 # Load stopwords from file
8 def load_stopwords(file_path):
9 with open(file_path , 'r', encoding=encoding) as f:
10 return set(f.read().splitlines())

Code 4.5: Python code for loading Stop Words

1 def preprocess_text(text, emoji_weights ,
high_weight_threshold=7.0):

2 # ... (Preprocessing steps from previous subsections)
...

3 words = processed_text.split()
4 processed_words = []
5 for word in words:
6 standardized = standardize_word(word,

word_variations) # Standardize word
7 if standardized not in stop_words_custom:
8 processed_words.append(standardized) # Keep word

if not a stop word
9 processed_text = ' '.join(processed_words)
10 # ... (Tokenization and subsequent steps) ...

Code 4.6: Python code for removing Stop Words

As the next step, Word variations are standardized using word_variations.csv, loaded

by load_word_variations, mapping variations to base words using standardize_word. The

impact of the word standardization is ecplained in Section 3.5.4. Word standardization is

applied in preprocess_text before stop word removal as shown in the code in Subsection

Section 4.3.4 This addresses spelling variations and improves generalization, as shown in

Code 4.7.

1 # Load word variations from CSV file
2 def load_word_variations(file_path):
3 word_variations = {}
4 # Read the CSV file
5 df_variations = pd.read_csv(file_path)
6 for _, row in df_variations.iterrows():
7 word = row['word']
8 variations = row['Spelling variations'].split('

| ') # Split variations by ' | '
9 word_variations[word] = set(variations)
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10 return word_variations
11

12 # Function to standardize words using word variations
dictionary

13 def standardize_word(word, word_variations):
14 for base_word , variations in word_variations.items()

:
15 if word in variations:
16 return base_word
17 return word

Code 4.7: Python code for word standardization

4.3.5 Sinhala-Specific Suffix Removal

Sinhala-specific suffix removal, as an optional step detailed in Section Section 3.5.5 of

Chapter 3, is implemented using remove_suffixes and a suffix list in Suffixes-413.txt loaded

by load_suffixes. Suffix removal can reduce word variations in morphologically rich lan-

guages like Sinhala. The related python code implementation is depicted in Code 4.8.

1 def load_suffixes(file_path):
2 """Loads suffixes from file."""
3 with open(file_path , 'r', encoding=encoding) as f:
4 return set(f.read().splitlines())
5

6 suffixes = load_suffixes('Suffixes -413.txt')
7

8 def remove_suffixes(word, suffixes):
9 """Removes Sinhala suffixes from a word, with

validation."""
10 for suffix in sorted(suffixes , key=len, reverse=True

): # Sort longest suffix first
11 if word.endswith(suffix):
12 root_word = word[:-len(suffix)].strip() #

Remove suffix
13

14 # Count Sinhala characters in the remaining
word

15 sinhala_chars = re.findall(r'[\u0D9A-\u0DC6]
', root_word)

16 if len(sinhala_chars) >= 2:
17 return root_word # Valid reduction ,

return root word
18 else:
19 return word # Not enough Sinhala

characters , keep original
20

21 return word # No suffix matched , return original
22

23 def preprocess_text(text, emoji_weights ,
high_weight_threshold=7.0):

24 # ... (Preprocessing steps including stop word
removal and word standardization) ...
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25

26 processed_words_suffix_removed = [remove_suffixes(
word, suffixes) for word in processed_words] #
Apply suffix removal

27 processed_text = ' '.join(
processed_words_suffix_removed)

28

29 # ... (Tokenization and subsequent steps) ...

Code 4.8: Python code for removing suffixes

4.3.6 Handling Class Imbalance (Data Balancing)

Class imbalance, as discussed in Section 3.5.6 of Chapter 3, is handled using random over-

sampling. Class imbalance can bias models to favor the majority class. The implementation

uses sklearn.utils.resample as shown in Code 4.9 balance the dataset. This oversampling

strategy and its rationale are detailed in Section 3.5.6 in Chapter 3.

1 from sklearn.utils import resample
2

3 # --- Data Balancing ---
4 # Separate majority and minority classes
5 df_majority = df[df['Is offensive'] == 0]
6 df_minority = df[df['Is offensive'] == 1]
7

8 # Upsample minority class
9 df_minority_upsampled = resample(df_minority ,
10 replace=True, #

sample with
replacement

11 n_samples=len(
df_majority), # to
match majority
class

12 random_state=42) # for
reproducible

results
13

14 # Combine majority class with upsampled minority class
15 df_balanced = pd.concat([df_majority ,

df_minority_upsampled])

Code 4.9: Python code for data oversampling

4.4 Feature Extraction Implementation

Feature extraction, as justified in Section Section 3.6 of Chapter 3, uses word embeddings.

Word embeddings capture semantic relationships, improving model understanding. This

section describes the implementation using Keras tools.
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the featuer extraction implementation contains two major steps as Tokenization and

padding as explaind in Section 3.6. In the tokenization implementation, text is converted to

numerical sequences using Keras Tokenizer since the Neural networks require numerical

input.

In the text padding implementation, word sequences are padded to a uniform length using

pad_sequences since the Neural networks need fixed-length inputs. The related python code

is shown in Code 4.10.

1 from tensorflow.keras.preprocessing.text import
Tokenizer

2 from tensorflow.keras.preprocessing.sequence import
pad_sequences

3

4 # --- Tokenization and Padding ---
5 tokenizer = Tokenizer(num_words=10000, oov_token='<OOV>'

)
6 tokenizer.fit_on_texts(df_balanced['Comment_cleaned'])
7

8 # Convert text to sequences (from Subsection 4.4.1)
9 X = tokenizer.texts_to_sequences(df_balanced['

Comment_cleaned'])
10

11 # --- Padding ---
12 X = pad_sequences(X, maxlen=50, padding='post',

truncating='post')

Code 4.10: Python code for tokenization

4.5 Model Architecture Implementation

The CNN-BiLSTMmodel architecture, justified in Chapter 3 Section 3.7.1, is implemented

with the Keras Functional API. This architecture combines local and sequential feature

extraction to improve hate speech detection.

4.5.1 CNN-BiLSTMModel Structure

The model structure is implemented in the create_cnn_bilstm_model function, combining

CNN and BiLSTM branches for feature extraction and dense layers for classification. The

overview of the architecture is shown in Section 4.2 of this chapter and Figure 3.6 in Chap-

ter 3.

The input layer and embedding layer are implemented by converting integer sequences

to dense vectors. Embedding layers map words to vector space, capturing semantic infor-

mation. Parameter choices are detailed in Section 3.7.2.

The CNN branch, designed for local feature extraction, is implemented using Conv1D

and GlobalMaxPooling1D layers. Layer parameters (filters, kernel size, activation) are

detailed in Section 3.7.1.

The BiLSTM branch, for capturing sequential context, is implemented using two Bidi-

rectional(LSTM) layers and a Dropout layer as shown in . BiLSTMs capture long-range
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dependencies by processing sequences bidirectionally.

The outputs of the CNN and BiLSTM branches are concatenated and fed into dense

layers for classification. Dense layers perform the final classification based on combined

features. All the related python code implementation is shown in Code 4.11

1 from tensorflow.keras.layers import Embedding , LSTM,
Bidirectional , Dense, Dropout, Conv1D,
GlobalMaxPooling1D , Input, concatenate

2 from tensorflow.keras.models import Model
3

4 def create_cnn_bilstm_model(input_dim , output_dim ,
input_length):

5 input_layer = Input(shape=(input_length ,))
6 embedding_layer = Embedding(input_dim=input_dim ,

output_dim=output_dim , input_length=input_length
)(input_layer)

7

8 # CNN Branch
9 cnn_branch = Conv1D(128, 5, activation='relu')(

embedding_layer)
10 cnn_branch = GlobalMaxPooling1D()(cnn_branch)
11

12 # BiLSTM Branch
13 bilstm_branch = Bidirectional(LSTM(32,

return_sequences=True))(embedding_layer)
14 bilstm_branch = Dropout(0.5)(bilstm_branch)
15 bilstm_branch = Bidirectional(LSTM(32))(

bilstm_branch)
16

17 # Concatenate Branches
18 merged = concatenate([cnn_branch , bilstm_branch])
19

20 # Dense Layers
21 dense_layer = Dense(64, activation='relu')(merged)
22 dropout_layer = Dropout(0.4)(dense_layer)
23 output_layer = Dense(1, activation='sigmoid')(

dropout_layer)
24

25 model = Model(inputs=input_layer , outputs=
output_layer)

26 return model
27

28 cnn_bilstm_model = create_cnn_bilstm_model(input_dim
=10000, output_dim=128, input_length=50)

Code 4.11: Python code for tokenization

4.6 Training and Optimization Implementation

Model training and optimization follow the methodology outlined in Section 3.7.1 of Chap-

ter 3.
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Data splitting into training and testing sets is implemented using train_test_split function

using python. Train-test split allows for evaluating generalization on unseen data.

Model compilation is implemented using model.compile(), configuring optimizer, loss

function, and metrics. Compilation configures the learning process for the model.

Model training with early stopping is implemented using model.fit() and the EarlyStop-

ping callback, as detailed in Section 3.7 of Chapter 3. Early stopping prevents overfitting

and selects the best model during training. Parameters for EarlyStopping and fit() (epochs,

batch_size, validation data, callbacks) are set as detailed in Section 3.7 of Chapter 3. Re-

lated python code is implemented in Code 4.12

1 from sklearn.model_selection import train_test_split
2 # --- Train -test split ---
3 X_train, X_test, y_train, y_test = train_test_split(X, y,

test_size=0.2, random_state=42)
4

5 from tensorflow.keras.optimizers import Adam
6 def train_and_evaluate_keras_model(model, X_train, y_train,

X_test, y_test, model_name):
7 # ... (Function definition) ...
8 model.compile(loss='binary_crossentropy', optimizer=Adam

(learning_rate=0.001), metrics=['accuracy'])
9

10 # --- Early Stopping ---
11 early_stopping = EarlyStopping(monitor='val_loss',

patience=3, restore_best_weights=True)
12

13 # --- Model Training ---
14 history = model.fit(X_train, y_train, epochs=20,

batch_size=64, validation_data=(X_test, y_test),
callbacks=[early_stopping])

Code 4.12: Python code for model training and evaluation

4.7 Model Evaluation

Model evaluation is performed using model.evaluate(), classification_report, and confu-

sion_matrix to assess performance on the test set. Evaluation provides insights into the

model’s effectiveness in detecting hate speech. The related functionality is implemented in

python as shown in Code 4.13

1 from sklearn.metrics import classification_report ,
confusion_matrix

2 import matplotlib.pyplot as plt
3 import seaborn as sns
4

5 def train_and_evaluate_keras_model(model, X_train, y_train,
X_test, y_test, model_name):

6 # ... (Model compilation and training code from previous
subsections) ...

7

49



8 # --- Model Evaluation ---
9 loss, accuracy = model.evaluate(X_test, y_test, verbose

=0)
10 print(f"{model_name} Accuracy: {accuracy:.4f}")
11

12 y_pred_prob = model.predict(X_test)
13 y_pred = (y_pred_prob > 0.5).astype("int32")
14

15 print(f"{model_name} Classification Report:\n{
classification_report(y_test, y_pred)}")

16

17 cm = confusion_matrix(y_test, y_pred)
18 plt.figure(figsize=(6, 4))
19 sns.heatmap(cm, annot=True, fmt='d', cmap='Blues',
20 xticklabels=['Non-Offensive', 'Offensive'],
21 yticklabels=['Non-Offensive', 'Offensive'])
22 plt.xlabel('Predicted Label')
23 plt.ylabel('True Label')
24 plt.title(f'{model_name} Confusion Matrix')
25 plt.show()

Code 4.13: Python code for model evaluation

4.8 Implementation Environment and Libraries

The implementation environment and libraries used are as follows, and are standard for

deep learning and NLP tasks. Using standard tools ensures reproducibility and leverages

established best practices. The full code implementation can be found in Appendix B.

• Programming Language: Python (version 3.12.9)

• Deep Learning Framework: TensorFlow (version 2.18.0) with Keras API

• NLP Libraries: NLTK (version 3.9.1)

• Data Manipulation and Analysis Libraries: Pandas (version 2.2.3), NumPy (version

2.0.2)

• Machine Learning and Evaluation Libraries: Scikit-learn (version 1.6.1) (sklearn)

• Visualization Libraries: Matplotlib (version 3.10.0), Seaborn (0.13.2)

• Development and Execution Environment: Windows 10 Pro 64 bit on Intel(R)Xenon(R)

Gold 6238R CPU @ 2.20GHz (4 CPUs)

These choices reflect common tools in NLP and deep learning as justified generally in

relevant literature.
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4.9 Chapter Summary

This chapter provided a detailed account of the design and implementation of the Sinhala

hate speech detection system, building upon the methodology of Chapter 3. It described the

practical steps to create a functional system, covering data preprocessing, feature extraction,

model architecture, training, and the implementation environment. The following chapter

will present the results of the system’s evaluation.
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CHAPTER 5

EVALUATION AND RESULTS

5.1 Chapter Overview

This chapter presents a comprehensive evaluation of our main approach, the CNN-BiLSTM

combined model, for the detection of hate speech. To contextualize its performance, it is

considered all other models as comparison models. This section describes in detail the eval-

uation metrics used, presents the results for the CNN-BiLSTM model and all comparison

models on the test data set, and interprets these findings in relation to the research objec-

tives, highlighting the comparative effectiveness of our combined approach and the insights

obtained from the study of the standalone CNN, BiLSTM and LSTM architectures.

5.2 Evaluation Metrics: Quantifying Model Performance

To rigorously evaluate the performance of the primary CNN-BiLSTM combined model and

comparison models for detection of hate speech in Sinhala and Romanized Sinhala text (in-

cluding emojis), a number of standard measures for binary classification was employed.

These metrics provide complementary perspectives on the effectiveness of each model in

distinguishing between offensive and non-offensive Sinhala and Romanized Sinhala com-

ments. The measures used in this assessment are detailed as follows:

Accuracy: Accuracy is calculated as a ratio of the correctly classified instance to the

total number of instances, and provides a comprehensive measure of the correctness of

a model. Although information is available for balanced data sets, accuracy alone may

not be sufficient, especially in the case of low-resource languages such as Sinhala, where

data sets may be smaller or show specific characteristics. In such cases, a high accuracy

score can be misleading if the model mainly excels in classifying the majority class while

performing badly on the minority class. Thus, additional measures are crucial to a more

nuanced understanding, especially in the context of Sinhala hate speech detection, where

class imbalance can be a concern.

Precision (for ’Offensive’ Class): Precision, especially for the ’offensive’ class (label

’1’), quantifies the proportion of comments that the Sinhala and Romanized Sinhala had

predicted to be offensive and actually offensive. In Sinhala’s hate speech detection, high

accuracy in identifying offensive content is essential to minimize false positives – cases

in which benign Sinhala comments are mistakenly marked as hate speech. False positives

can lead to unreasonable censorship and suppression of legitimate expression in Sinhala’s

online spaces, raising important ethical concerns about content moderation (Davidson et al.

2017). As Davidson et al. (2017) highlights that using too much content, on the side of

caution, can have significant impacts on freedom of expression, a particularly sensitive

issue in linguistic communities such as those using Sinhala. The precision is calculated as
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follows:

Precision = TruePositive/(TruePositive+ FalsePositive)

Recall (Sensitivity) (for ”Offensive” Class): The recall, also focusing on the ”Offen-

sive” class, measures the proportion of true offensive Sinhala and Romanized Sinhala com-

ments that were correctly identified as offensive by the model. High recall is essential to

minimize false negatives – cases where Sinhala’s actual hate speech is present but missed by

the model. The inability to detect Sinhala hate speech can have serious consequences in the

real world, allowing harmful content to spread within Sinhala-speaking online communities

and potentially harm individuals or groups. Recall is calculated as follows:

Recall = TruePositives/(TruePositives+ FalseNegatives)

F1-Score (for ”Offensive” Class): F1-Score represents the harmonic average of preci-

sion and recall and provides a balanced metric comparing false positive and false negative

values. It is particularly valuable when class distribution is uneven, or when a balanced bal-

ance between accuracy and recall is required, which is a common problem in the detection

of hate speech, especially in low-resource languages such as Sinhala. The F1 score deals

with the limitations of the use of accuracy and recall in isolation, which is especially rele-

vant in the evaluation of the Sinhala text classification model. The score of F1 is calculated

as follows:

F1− Score = 2 ∗ (Precision ∗Recall)/(Precision+Recall)

Confusion Matrix: Confusion matrix is a visual tool to summarize the performance of

classification models. It presents a detailed breakdown of True Positives, True Negatives,

False Positives, and False Negatives in a matrix format. The confusion matrix provides a

granular view of the predictions of a model for each class, allowing in-depth analysis of

where the model excels and where it needs improvement in the classification of Sinhala

comments. In this research, we visually present the confusion matrices of the main models

to facilitate the interpretation of their classification patterns in the context of the recognition

of hate speech in Sinhala.

By evaluating this comprehensive number of measures, we aim to achieve a holistic and

balanced understanding of the detection capabilities of hate speech in Sinhala and Roman-

ized Sinhala of CNN-BiLSTMmodels and comparison models. This approach goes beyond

simple precision to evaluate their practical effectiveness and ethical implications in the ac-

tual moderation scenario of Sinhala content, especially given the low resources of Sinhala

languages in NLP.

5.3 Overall Model Performance on Test Dataset

This section shows the overall performance of our CNN-BiLSTM combined model and the

comparison models on the retained test data set for Sinhala and the Romanized Sinhala lan-

guage hate speech detection. First, we focus on accuracy as a primary and high-level metric

for assessing the predictive capability of models in the context of the Sinhala text. Although
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accuracy is a general indication of predictive capacity, it is essential to remember, as men-

tioned in Section 5.2, that accuracy itself offers a limited perspective, especially in tasks

such as the detection of hate speech, especially when dealing with low-resource languages

such as Sinhala, where the characteristics of the database may influence the accuracy score.

Therefore, while we start with accuracy for a general comparison of Sinhala hate speech

detection models, subsequent sections will focus on more precise metrics to provide a richer

evaluation.

Test Accuracy of Models on Sinhala Dataset

CNN-BiLSTM Model 0.9251

CNN Model 0.9234

Standalone BiLSTM Model 0.9139

LSTM Model 0.8983

SVM 0.8991

Random Forest 0.8931

Logistic Regression 0.8352

Naive Bayes 0.7891

Table 5.1: Accuracy of models on sinhala dataset

The combinedCNN-BiLSTMmodel and theCNNmodel show the highest total accura-

cies in the test data for Sinhala hate speech detection, reaching 0.9251 and 0.9234, respec-

tively. This is particularly encouraging for the processing of Sinhala languages, suggesting

that both convolutionary and combined convolutional-recurrent neural network architec-

tures are highly effective for the detection of hate speech even in low-resource environments

such as Sinhala.

The standalone BiLSTM model also showed a strong performance with an accuracy of

0.9139 on Sinhala text, compared to the simplest LSTM model (0.8983). Among tradi-

tional machine learning comparison models, SVM and Random Forest achieved relatively

competitive accuracy in Sinhala (approximately 0.89-0.90), while Logistic Regression and

Naive Bayes demonstrated significantly lower performance in terms of accuracy in Sin-

hala language, indicating their limitations in capturing the complexity of the patterns of

hate language in Sinhala text. However, to fully understand the performance of the Sinhala

hate speech detection model, it is necessary to examine the accuracy, recall and F1 scores

presented in the following sections.

5.4 Detailed Classification Performance: Confusion Matrix Analysis

To gain a broader understanding of the performance of our first CNN-BiLSTM combined

model for Sinhala and Romanized Sinhala hate speech detection, we analyzed its confusion
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matrix on the test data set. The confusion matrix provides a detailed breakdown of the

model’s predictions for Sinhala comments, revealing not only the overall accuracy, but

also the specific types of classifications and misclassifications performed by this combined

architecture in the processing of Sinhala texts.

Figure 5.1: Visual representation of confusion matrix for Sinhala hate speech detection

Interpretation of True Positives (TP), True Negatives (TN), False Positives (FP), and

False Negatives (FN) for CNN-BiLSTM Model in Sinhala Context:

• True Positives (TP) in Sinhala Hate Speech Detection: The confusion matrix re-

veals that the CNN-BiLSTM combined model correctly identified 3044 instances of

offensive Sinhala and Romanized Sinhala comments as offensive. This substantial

TP value highlights the combined model’s robust capability in accurately detecting

Sinhala hate speech present in the text. This is particularly significant in the context

of a low-resource language like Sinhala.

• True Negatives (TN) for Sinhala’s non-offensive content: The model correctly

classified the comments of 3080 non-offensive Sinhala and Romanized Sinhala as

non-offensive. This even greater TN value reflects the excellent performance of the

combined model in identifying legitimate Sinhala content and avoiding unnecessary

markings of benign Sinhala texts.

• False Positives (FP) in Sinhala Text Classification: The model mishandled 248

non-offensive Sinhala and Romanized Sinhala comments as offensive. These false

positives, although relatively low, represent instances where the combined model,

despite its strong overall performance in Sinhala, still exceeds the legitimate Sin-

hala language. In content moderation systems for Sinhala online platforms, false
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positives can lead to unreasonable censorship of acceptable content and may have

adverse effects on the user experience of Sinhala speakers. As a result, minimizing

false positives is an important consideration for Sinhala content moderation.

• False Negatives (FN) - Lost Sinhala Hate Speech: The confusion matrix indicates

that the CNN-BiLSTM combined model has missed 248 cases of real offensive and

Romanized Sinhala comments, classifying them as non-offensive. These false neg-

atives, equal to false positives in this case, are a critical concern in the Sinhala hate

speech detection. While the combined model effectively detects a large proportion

of Sinhala hate speech, these missing cases represent inability to identify harmful

content in Sinhala, which can have harmful effects by allowing hate speech to spread

within online Sinhala communities. Efforts to further reduce false negatives are es-

sential to maximize the security and inclusion of online environments for Sinhala

language users.

Based on the confusion matrix, CNN-BiLSTM combined models show remarkable bal-

anced performance for sinhala hate speech detection. The almost identical numbers of false

positives (248) and false negatives (248) indicate that the model does not exhibit signifi-

cant bias towards offensive Sinhala content in its current configuration. This almost equal

distribution of errors requires a well-defined model that effectively balances the competing

priorities of precision and recall in this Sinhala hate speech detection task. The overall low

number of FP and FN further strengthens the strong performance of the combined model

and its potential for practical application in Sinhala content moderation systems, especially

considering the difficulties of processing low-resource languages.

5.5 Comparative Performance Analysis

CNN-BiLSTM Models vs. Comparison Models (for Sinhala Hate Speech Detection) To

contextualize the performance of our first CNN-BiLSTM combined model for Sinhala and

Romanized Sinhala Hate Speech Detection, this section presents a comparison analysis

of the comparison models assessed in this study, all evaluated on the same Sinhala test

dataset. We will examine the key evaluation criteria of all models to identify the relative

strengths and weaknesses of each approach to detection of Sinhala hate speech. Table 5.2

summarizes performance metrics for the detection of Sinhala hatred speech, focusing on

accuracy, precision, recall and F1 score for the ”offensive” class (label ”1”) as key indicators

of model effectiveness in the context of the Sinhala language.

As shown in Table 5.2, the CNN-BiLSTM combined model and the CNNmodel demon-

strate the highest overall accuracy in Sinhala hate speech detection, reaching 0.9251 and

0.9234, respectively. This confirms our previous observation in that both convolutional

and combined convolutionary-recurrent architectures are very effective for the detection of

Sinhala hate speech. In particular, the CNN-BiLSTM model achieves the highest accuracy

and F1 score for the ”Offensive” class, indicating a better balance of accuracy and recall

compared to all comparison models in the process of Sinhala text.

Although the standalone CNN model offers very close performance to the combined

model in terms of Sinhala accuracy and accuracy, the slight edge of the CNN-BiLSTM
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Model Accuracy Precision

(Offensive)

Recall

(Offensive)

F1-Score

(Offensive)

CNN-BiLSTM 0.9251 0.92 0.92 0.92

CNN 0.9234 0.92 0.92 0.92

Standalone BiLSTM 0.9139 0.92 0.91 0.91

LSTM Model 0.8983 0.92 0.87 0.9

SVM 0.8991 0.89 0.91 0.9

Random Forest 0.8931 0.86 0.93 0.9

Logistic Regression 0.8352 0.84 0.83 0.83

Naive Bayes 0.7891 0.73 0.91 0.81

Table 5.2: Performance Comparison of CNN-BiLSTMModel and Comparison Models on

Test Set

model suggests that the inclusion of the BiLSTM layer may provide a marginal benefit

for recording sequential dependency in Sinhala text data, possibly leading to a slightly im-

proved generalization of hate speech in the Sinhala language.

The standalone BiLSTM model, while it works slightly lower than the CNN and CNN-

BiLSTM models in Sinhala accuracy, still outperforms the simpler LSTM model in Sin-

hala context, highlighting the advantage of bidirectional context processing for Sinhala

hate speech detection. The unidirectional LSTM, which processes Sinhala text only in a

forward direction, appears to be less effective in capturing the nuances of Sinhala’s hate

language than its bidirectional counterpart and the convolutionary approaches, especially

in a low-resource linguistic scenario.

Among the traditional machine learning comparison models, the SVM and Random For-

est achieved relatively competitive accuracies in Sinhala, but the accuracy of the ”offensive”

category is much lower than that of the CNN-BiLSTM and CNN models when applied to

Sinhala texts. Interestingly, the Random Forest model obtained the highest recall for the

”Offensive” category (0.93), even surpassing CNN-BiLSTM models to minimize the false

negatives in the detection of Sinhala’s hate speech. However, this higher recall costs a much

lower accuracy (0.86), indicating that random forests tend to display Sinhala content with-

out offensive, leading to a less desirable compromise between accuracy and recall, which

is reflected in its lower F1 scores in the ”offensive” category compared to CNN-BiLSTM

for Sinhala text classification.

Logistic Regression and Naive Bayes show significantly lower performance in all met-

rics than neural networkmodels and even SVM and Random Forest in the context of Sinhala

hate speech detection. This suggests that these simpler linear models are not adequate to

effectively capture the complex patterns and contextual dependencies inherent in Sinhala

hate speech in this data set. Their lower precision, in particular, indicates a higher rate of

false positives, and their lower recall suggests a greater tendency to miss actual cases of
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Sinhala hate speech.

Overall, the comparison analysis clearly positions CNN-BiLSTM combined models as

leading approaches to the detection of Sinhala and Romanized Sinhala hate speech and

demonstrates superior or comparable performance in key metrics, in particular, F1 scores

for ”offensive” classes that effectively balance accuracy and recall of Sinhala text. Although

the CNN-BiLSTM architecture has outstanding performance in Sinhala, the CNN-BiLSTM

architecture offers a small but consistent advantage. Neuronal network architectures (CNN,

BiLSTM, LSTM, and CNN-BiLSTM) generally outperform traditional machine learning

models for detection of Sinhala hate speech, highlighting the effectiveness of deep learning

techniques for the complexity of detection of Sinhala’s hate speech in low-resource text

data. These results indicate that CNN-BiLSTM combined models are a robust and promis-

ing solution to the detection system of Sinhala hate speech and can contribute to creating a

safer and more inclusive online environment for Sinhala speakers.

5.6 Model evaluation againsts sample inputs

This section presents the output of the CNN-BiLSTM model developed and the baseline

models on specific input examples. Sample inputs were selected considering Sinhala, Ro-

manized Sinhala and emojis inclusions for the considered text. This showcases the model’s

performance on diverse examples, highlighting its ability to handle different linguistic nu-

ances and the presence of emojis. The phrase relating to captured text is shown in Ap-

pendix C.

5.6.1 Sinhala and Romanized sinhala inputs without emojis

This subsection presents examples of input text with Sinhala andRomanized Sinhala phrases

without emojis and the corresponding outputs from all models, including the CNN-BiLSTM

model. This helps illustrate the models’ ability to detect hate speech based solely on textual

cues. Selected text phrases and predictions are shown in Table 5.3.

Table 5.3: Model evaluation against selected text phrases without emojis

Input Text CNN-

BiLSTM

BiLSTM CNN LSTM SVM Logistic

Regres-

sion

mala ñkshla jf.a Offensive Non-

Offensive

Offensive Non-

Offensive

Offensive Offensive

Doni thamai ho-

datama kare patiya

adarei manke

Non-

Offensive

Non-

Offensive

Offensive Offensive Offensive Offensive

isrdjgu lshkafk

fï Ôúf;a wymq

,iaiku fjdhsia

tl

Non-

Offensive

Offensive Offensive Offensive Non-

Offensive

Non-

Offensive

Continued on next page
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Table 5.3 – continued from previous page

Input Text CNN-

BiLSTM

BiLSTM CNN LSTM SVM Logistic

Regres-

sion

isrdjgu lshkafk

fï Ôúf;a wymq

le;u fjdhsia tl

Offensive Offensive Offensive Offensive Non-

Offensive

Non-

Offensive

wms jf.a y##

bkaklï uqxg

i,a,s fydhkak

mq¨ jka ála fgdla

tflka

Offensive Non-

Offensive

Non-

Offensive

Offensive Offensive Offensive

5.6.2 Sinhala and Romanized sinhala inputs with emojis

This subsection presents examples of input text with Sinhala and Romaized Sinhala phrases

with emojis and the corresponding outputs from all models, including the CNN-BiLSTM

model. This helps illustrate the models’ ability to detect hate speech based solely on textual

cues. Selected text phrases and predictions are shown in Table 5.4.

Table 5.4: Model evaluation against selected text phrases with emojis

Input Text CNN-

BiLSTM

BiLSTM CNN LSTM SVM Logistic

Regres-

sion

yqf,ka nl,d

jf.a kslka

yßu ;d;aúllhs

Offensive Non-

Offensive

Offensive Non-

Offensive

Offensive Offensive

oya lr,d thiyenne

hondata

Non-

Offensive

Non-

Offensive

Non-

Offensive

Non-

Offensive

Non-

Offensive

Offensive

oya lr,d thiyenne

hondata

Offensive Non-

Offensive

Non-

Offensive

Non-

Offensive

Non-

Offensive

Offensive

fuf,da fjkila

kE yeuodu tl

jf.a

Offensive Non-

Offensive

Non-

Offensive

Non-

Offensive

Non-

Offensive

Non-

Offensive

Giji giji pojjak

lr,d celebrate

pojja lrkak

Offensive Non-

Offensive

Non-

Offensive

Non-

Offensive

Non-

Offensive

Offensive

5.7 Qualitative Verification Through Application Prototype

In addition to the above-mentioned quantitative performance metrics, a working prototype

has been developed and tested to verify the effectiveness of the proposed hate speech de-

tection system in the real world. This prototype provides an interactive interface, in which

users can enter the text of Sinhala and Romanized Sinhala, often enriched with emojis, and
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receive immediate classification results based on CNN-BiLSTM models, as well as com-

parative outputs of LSTM, CNN, and BiLSTM models.

To demonstrate the practical performance of the system, two real-world comments ex-

tracted from public social media platforms were evaluated through the application. The

selected text inputs and their corresponding predictions are summarized in Table 5.5.

Table 5.5: Qualitative evaluation with best performing models

Input Text CNN-

BiLSTM

LSTM CNN BiLSTM

iskaÿ ydkjd fïjg

fydohs lshk Wkagkï

isrdu g%ela' Personal-

ity fydohs ta;a iskaÿ

lshkak nE' isxy,

isxÿkï fldfydu;a nE

glrï fjdhsia tlla'

Offensive

(51%)

Offensive

(95%)

Non-

Offensive

(50%)

Offensive

(77%)

Mahesha Jayaweera

bkaÈhdj Talent Round

tfla Asia Finalists Se-

lect Wkd ta;a Talent

Round tlhs head To head

round tflhs foflau

final wdmq tlu Asia can-

didater wkqÈ

Non-

Offensive

(96%)

Non-

Offensive

(91%)

Non-

Offensive

(100%)

Non-

Offensive

(89%)

Illustrative screenshots showing the model predictions for the above comments are in-

cluded in Appendix D for further reference.

5.8 Chapter Summary

The performance of the hate speech detection model is evaluated using multiple measures

such as accuracy, precision, recall, and F1-score. The results illustrate the efficiency of the

model in reliably identifying hate speech in Sinhala and Romanized Sinhala code-mixed

text with emojis. Comparison analysis with baseline models shows that the proposed CNN-

BiLSTMmodel exceeds existing methods. This chapter also analyzes the impact of various

hyperparameters and feature engineering techniques on model performance and provides a

study of factors that contribute to its effectiveness.
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CHAPTER 6

CONCLUSION AND FUTUREWORK

6.1 Chapter Overview

This chapter concludes our study of Sinhala hate speech detection using a CNN-BiLSTM

approach. This summarizes our main findings directly addressing research questions, sum-

marizing the overall conclusions on the research problem, acknowledging the limitations

of the study, and finally highlighting promising implications for future research and devel-

opment in this vital area.

6.2 Conclusions on Research Questions

• Is a CNN-BiLSTM model an effective architecture for hate speech detection in

Sinhala and Romanized Sinhala text that contains emojis?

Our findings strongly indicate that the CNN-BiLSTM model is actually an effective

architecture for hate speech detection in Sinhala and Romanized Sinhala text. The

model has shown high overall accuracy (0.9251) and balanced F1-score (0.92 for

the ”Offensive” class) in our Sinhala test data set. This performance exceeds that

of many traditional machine learning models and independent deep learning models,

suggesting that the CNN-BiLSTM architecture is well adapted to capture the com-

plex patterns inherent in Sinhala hate speech. The effectiveness of this architecture

is further supported by the detailed confusion matrix and class-specific accuracy and

recall metrics, which consistently show strong performance.

• How effective is the proposed CNN-BiLSTM combined model in detecting hate

speech in Sinhala and Roman text in Sinhala, particularly with emojis and con-

sidering the complexity of low-resource languages?

The proposed CNN-BiLSTM combined model shows a high efficiency in detecting

hate speech within Sinhala and Romanized Sinhala texts, even if there is an emoji.

Continuously high performance measures in terms of accuracy, accuracy, recall and

F1 scores (all greater than 0.92 in CNN-BiLSTMmodels) show the strong capability

to handle Sinhala’s nuances, including its romantic variants and the integration of

common emoji in online communication. Furthermore, the ability to achieve such

performance in a low-resource language context, such as Sinhala, highlights the ef-

ficiency and potential of real-world applications where data and resources may be

limited. The balance of the model’s performance in minimizing both positive and

negative falsehoods is especially important for ethically responsible detection of hate

speech in this linguistic environment.
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• How is the performance of the CNN-BiLSTMmodel compared to the standalone

deep learning models (CNN, BiLSTM, LSTM) and traditional machine learning

classifiers (SVM, Random Forest, Logistic Regression, Naive Bayes) in the con-

text of Sinhala hate speech detection, and what are the relative contributions of

CNN and BiLSTM components in the integrated architecture?

The comparative analysis reveals that the CNN-BiLSTM model shows superior or

highly competitive performance for Sinhala hate speech detection compared to both

independent deep learningmodels and traditional machine learning classifiers. While

the CNNmodel is close to the CNN-BiLSTM in terms of accuracy, the CNN-BiLSTM

has achieved a slightly better balance of accuracy and recall, which is reflected in its

higher F1 score for the ”Offensive” class. Independent BiLSTM and LSTM mod-

els showed strong performance, but were generally outperformed by CNN-based

architectures, suggesting that convolutional layers effectively contribute to captur-

ing relevant local features in Sinhala texts. Traditional machine learning models

(SVM, Random Forest, Logistic Regression, Naive Bayes) generally lacked deep

learning approaches, especially in precision and F1 score, indicating the advantage

of deep learning models, particularly the CNN-BiLSTM combined architecture, for

taking into account the complex patterns and contextual dependencies of Sinhala hate

speech. The success of CNN-BiLSTM highlights the synergistic effect of combining

convolutionary and recurrent neural network components for this task.

6.3 Conclusion on Research Problem

The research problem addressed in this paper is the critical need for an effective mechanism

to detect hate speech in comments on online social media platforms written in Sinhala and

Romanized Sinhala, often including emojis. The increasing prevalence of hate speech on-

line, particularly in under-resourced languages such as Sinhala, requires robust automated

detection to protect online users and cultivate a more inclusive digital space for Sinhala

speakers. This research directly addresses this critical problem by developing and rigor-

ously assessing a new approach to the detection of Sinhala hate speech, providing valuable

knowledge contributions and positive social consequences.

• Contribution towards knowledge:

This studymakes several important contributions to the field of hate speech detection,

particularly for the Sinhala and Romanized Sinhala language. These contributions

include:

1. The effectiveness of the CNN-BiLSTMCombinedModel: This research has

analyzed in detail the effectiveness of the CNN-BiLSTM Combined Model and

has proved its significant effectiveness in detecting hate speech in Sinhala and

romanticized Sinhala texts.

2. Established CNN-BiLSTM as a high performance architecture through

comparative analysis: Through rigorous comparative analysis with a vari-

ety of machine learning and deep learning classifiers, this study established the
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CNN-BiLSTM architecture as a robust and high-performance solution for Sin-

hala hate speech detection.

3. Focused on the role of deep learning feature extraction in Sinhala NLP:

This research aims to better understand the effects of deep learning-based fea-

ture extraction through embedded layers in CNN-BiLSTM models, which are

crucial to capturing ambiguous semantic and contextual information for effec-

tive detection of Sinhala hate speech.

4. Provided baseline results for future Sinhala NLP research: This thesis pro-

vides valuable baseline results by rigorously assessing and recording the per-

formance of CNN-BiLSTM and comparing models on a Sinhala hate speech

dataset. These benchmarks can serve as a basis for future research efforts in

Sinhala NLP, especially in the field of online content moderation and other low-

resource languages facing similar challenges.

• Contribution towards society

The research conducted in this study also has several societal implications, including:

1. Offers a mechanism to improve the online experience for Sinhala users:

The development and validation of an effective CNN-BiLSTM model for de-

tecting hate speech in Sinhala provides a critical technical mechanism that can

be used to improve the online experience for Sinhala users by enabling auto-

mated identification and potential mitigation of hate content.

2. Sensitivity to SinhalaOnlineHate SpeechChallenges: This work contributes

to raising critical awareness of the specific challenges posed by online hate

speech in the context of Sinhala. This increased awareness can encourage the

development of targeted community guidelines, prevention programmes and

intervention strategies to combat online negativity in Sinhala-speaking com-

munities.

3. EncouragedFurtherDevelopment for Sinhala andLow-ResourceLanguages:

Finally, this research aims to promote the further development and broader de-

ployment of effective tools and resources for the detection of hate speech specif-

ically for Sinhala and other low-resource languages. This progress contributes

to the creation of a more equitable and respectful global digital environment

that supports linguistic diversity and actively contributes to mitigate the harm

caused by online speakers of all languages.

In summary, this research addresses the problem of detecting hate speech content in Sinhala

and Romanized Sinhala social media comments by investigating the application of machine

learning classifiers and feature extraction methods. The findings of this study contribute to

the knowledge base in the field and provide practical solutions for fostering a safer online

environment for the Sinhala-speaking community.
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6.4 Limitations

Despite the promising results obtained from our CNN-BiLSTM model for the detection of

Sinhala hate speech, this study recognises certain limitations that are important to consider

for future work and interpretation:

1. Dataset size and representativeness: The size of the Sinhala hate speech dataset,

although sufficient for model training and evaluation, is still relatively limited com-

pared to data sets available for high-resource languages such as English. A larger and

more diverse set of data, including a broader range of online platforms and Sinhala

text styles, could potentially lead to further improvements in model generalization

and robustness, as well as a more comprehensive evaluation of performance across

different types of Sinhala online content.

2. Focus on text comments and emoji context: This research focuses mainly on the

detection of hate speech within text comments, which incorporate emojis as features.

Model performance on other forms of online content (such as images, videos, audio,

etc.) in different contexts of Sinhala (news articles, formal writings, etc.) remains

unexplored. Furthermore, emojis are considered, but a more in-depth analysis of how

emoji interacts with the Sinhala text in the context of hate speech could be beneficial.

3. Challenges of Romanized Sinhala and Code Mixing: Although the model was

trained to handle both the Sinhala script and the Romanized Sinhala, the complexity

of Romanized Sinhala and potential code mixes with English and other languages

pose constant challenges. The variation in romantic style and the unpredictable nature

of the mixing of codes could influence the performance of the model, especially when

it comes to visible or less frequent language variations in Sinhala’s online text.

4. Potential biases in training data: Despite efforts to create a balanced set of data,

there is always the potential for inherent biases to exist in training data. If the dataset

unexpectedly overrepresents certain demographics or perspectives, the trained CNN-

BiLSTM model may unexpectedly show biases in its predictions, potentially leading

to unfair or unequal performances between different subgroups within the Sinhala

online community. Continuous monitoring and bias mitigation strategies are crucial.

6.5 Implications for further research

The research on CNN-BiLSTM in Sinhala to detect Sinhala hate speech provides some

promising opportunities for future research and development, based on the results of this

study and considering the limitations of current research.

1. Expanding Dataset Size and Diversity: Future research should prioritize the cre-

ation and use of significantly larger andmore diverse data sets for Sinhala hate speech

detection. This includes the collection of data from a wider range of online platforms

popular with Sinhala speakers, the inclusion of various text styles and genres be-

yond social media comments, and the better representation of different demographic

64



groups within the Sinhala online community to improve model generalization and

reduce potential prejudices.

2. Multimodal Hate Speech Detection in Sinhala: Future work could explore multi-

modal approaches to Sinhala’s hate speech detection, which goes beyond text analysis

alone. The study of the integration of image, video and audio data, together with text

comments, could lead to a more comprehensive and accurate detection, especially as

online hate speech often manifests itself in several ways. This may include the de-

velopment of models that can process and merge information from text, images and

potentially even audio signals in Sinhala’s online content.

3. Improvedmodel Interpretability andExplainability: Future research shouldmake

the interpretability and explainability of deep learning models such as CNN-BiLSTM

priority for the detection of hate speech in Sinhala. Developing and applying tech-

niques to interpret models, such as attention mechanisms, layer-wise relevance dis-

tribution or SHAP values, can provide useful insights into why models make cer-

tain predictions in the Sinhala text. This would help to debug, refine models, and

strengthen user trust in the automatic Sinhala content moderation system.

4. Low-Resource Language Transfer Learning and Adaptation: Given Sinhala’s

low resource nature, future research could explore and adapt language transfer learn-

ing techniques in greater depth. Research into pre-training on larger, related datasets

(even in other languages or general web text) and fine-tuning on smaller Sinhala hate

speech datasets could improve model performance and data efficiency. The study

of cross-lingual transfer learning approaches could also be valuable to use resources

from higher resource languages.

In summary, the research on the hate speech detection in Sinhala and Romanized Sinhala

mixed text with emojis opens up a number of opportunities for future research. Future ef-

forts may focus on extending the data sets to other languages and methods, such as images

and videos, in order to create a more complete and inclusive detection system. By address-

ing these challenges and opportunities, future research could make significant progress in

detecting online hate speech and promoting a safer and more positive digital environment

for all.
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Appendix A: Datasets Analysis

 

Name Details No of Data Resource Links 

SOLD and 
SEMI-SOLD 
(2024) 

●​ SOLD consists of 10,000 Twitter posts manually 
annotated for offensive and non-offensive content 
at both sentence-level and token-level. 

●​ It is the largest offensive language dataset 
available for Sinhala. 

●​ SemiSOLD, a larger dataset with over 145,000 
Sinhala tweets, is also introduced, annotated using 
a semi-supervised approach. 

●​ Annotation scheme includes sentence-level 
labeling for offensive and non-offensive posts and 
token-level labeling for tokens contributing to 
offense. 

●​ Data is available through HuggingFace and can be 
loaded into pandas dataframes. 

10 000 /  
145 000 

DataSet Sold: 
https://huggingfa
ce.co/datasets/sin
hala-nlp/SOLD 
 
DataSet Semi 
Sold:​
https://huggingfa
ce.co/datasets/sin
hala-nlp/SemiSO
LD​
 

chashikajw / 
sinhala-hate-
speech-detect
ion 
(2020) 

●​ The data set was done for both Sinhala English 
mixed content.  

●​ The data were annotated as offensive data and non 
offensive data using a bag of words approach and 
linear regression model. 

●​ The data set contains 2520 data rows. 

2520 Github: 
https://github.co
m/chashikajw/sin
hala-hate-speech-
detection/tree/ma
ster 

renuka-ferna
ndo/sinhalese
_language_ra
cism_detectio
n  
(2019) 

●​ Data collection is done by using both Twitter 
Standard and Premium search APIs. 

●​ Tweets were searched with pre-identified key 
words collected via surveys and experts. 

●​ Total tweets: 1411 (Neutral: 1081, Racist: 108, 
Sexism: 222) 

1412 Github: 
https://github.co
m/renuka-fernand
o/sinhalese_langu
age_racism_detec
tion 

Sinhala 
Unicode Hate 
Speech 
(2020) 

●​ Sinhala Annotated Data Set Based on Sinhala 
Unicode based comments on Facebook. 

●​ label which can be used to identify whether the 
comment is a hate speech or not. 

6309 https://www.kagg
le.com/datasets/sa
hanjayasuriya/sin
hala-unicode-hate
-speech/data 

NLPC-UOM/
Sinhala-Engli
sh-Code-Mix
ed-Code-Swit
ched-Dataset 
(2022) 

●​ Sinhala English mixed content and Annotated 
dataset. 

●​ There are both sentence level annotations and 
word level annotations. 

●​ This dataset contains 10,000 comments that have 
been annotated at the sentence level for sentiment 
analysis, humor detection, hate speech detection, 
aspect identification, and language identification. 

10 000 https://huggingfa
ce.co/datasets/NL
PC-UOM/Sinhala
-English-Code-M
ixed-Code-Switc
hed-Dataset 

oshadhi-liyan
age / 
Hate-Speech-
Dataset 
(2021) 

●​ Sinhala-English code mixed language (Singlish). 
●​ Offensive and Non-Offensive are annotated as 1 

and 0. 

1375 Github: 
https://github.co
m/oshadhi-liyana
ge/Hate-Speech-
Dataset 

 

Figure A.1: Datasets feasibility analysis
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Appendix B: Code Level Implementations

1 import pandas as pd
2 import numpy as np
3 import re
4 import nltk
5 import os # For path operations
6 import pickle # For tokenizer
7 from nltk.tokenize import word_tokenize
8 from nltk.corpus import stopwords
9 from tensorflow.keras.preprocessing.text import Tokenizer
10 from tensorflow.keras.preprocessing.sequence import

pad_sequences
11 from tensorflow.keras.models import Sequential
12 from tensorflow.keras.layers import Embedding , LSTM,

Bidirectional , Dense, Dropout, Conv1D, GlobalMaxPooling1D
13 from tensorflow.keras.optimizers import Adam
14 from sklearn.model_selection import train_test_split
15 from sklearn.utils import resample
16 from sklearn.metrics import accuracy_score ,

classification_report , confusion_matrix
17 import chardet # For encoding detection
18 from nltk.util import ngrams
19 import matplotlib.pyplot as plt
20 import seaborn as sns
21 from sklearn.feature_extraction.text import TfidfVectorizer
22 from sklearn.naive_bayes import MultinomialNB
23 from sklearn.svm import SVC
24 from sklearn.linear_model import LogisticRegression
25 from sklearn.ensemble import RandomForestClassifier
26 from tensorflow.keras.callbacks import EarlyStopping
27

28 # Detect the file encoding
29 with open("StopWords_425.txt", 'rb') as f:
30 result = chardet.detect(f.read())
31 encoding = result['encoding']
32 print(f"Detected encoding: {encoding}")
33

34 # Load stopwords from file
35 def load_stopwords(file_path):
36 with open(file_path , 'r', encoding=encoding) as f:
37 return set(f.read().splitlines())
38

39 # Load suffixes from file
40 def load_suffixes(file_path):
41 with open(file_path , 'r', encoding=encoding) as f:
42 return set(f.read().splitlines())
43

44 # Load word variations from CSV file
45 def load_word_variations(file_path):
46 word_variations = {}
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47 # Read the CSV file
48 df_variations = pd.read_csv(file_path)
49 for _, row in df_variations.iterrows():
50 word = row['word']
51 variations = row['Spelling variations'].split(' | ') #

Split variations by ' | '
52 word_variations[word] = set(variations)
53 return word_variations
54

55 # Function to standardize words using word variations dictionary
56 def standardize_word(word, word_variations):
57 for base_word , variations in word_variations.items():
58 if word in variations:
59 return base_word
60 return word
61

62 # Load Emoji Weights
63 def load_emoji_weights(filepath):
64 try:
65 df_emoji = pd.read_csv(filepath)
66 # Convert to dictionary: {emoji: weight}
67 emoji_weights = dict(zip(df_emoji['Emoji'], df_emoji['

weight']))
68 return emoji_weights
69

70 except FileNotFoundError:
71 print(f"Error: Emoji weights file not found at {filepath

}")
72 return {} # Return empty dict to avoid errors later
73 except Exception as e:
74 print(f"Error loading emoji weights: {e}")
75 return {}
76

77 def tokenize_with_bigrams(text):
78 """Tokenizes text into unigrams and bigrams , preserving

emoji tokens."""
79

80 # Split the text, preserving the emoji tokens:
81 parts = re.split(r'(__EMOJI_WEIGHT_[0-9_]+__|\s+)', text) #

Important
82 # Remove empty strings and whitespace -only strings from the

split result
83 parts = [part for part in parts if part.strip()]
84

85 unigrams = []
86 for part in parts:
87 if part.startswith('__EMOJI_WEIGHT_'):
88 unigrams.append(part) # Keep emoji tokens whole
89 else:
90 unigrams.extend(word_tokenize(part)) # Tokenize

other parts with nltk
91

92 bigrams = list(ngrams(unigrams , 2))
93 bigram_strings = [" ".join(bigram) for bigram in bigrams]
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94 return unigrams + bigram_strings
95

96 def remove_suffixes(word, suffixes):
97 for suffix in sorted(suffixes , key=len, reverse=True): #

Sort longest suffix first
98 if word.endswith(suffix):
99 root_word = word[:-len(suffix)].strip() # Remove

suffix
100

101 # Count Sinhala characters in the remaining word
102 sinhala_chars = re.findall(r'[\u0D9A-\u0DC6]',

root_word)
103 if len(sinhala_chars) >= 2:
104 return root_word # Valid reduction , return root

word
105 else:
106 return word # Not enough Sinhala characters ,

keep the original
107

108 return word # No suffix matched , return original
109

110 # Function to clean and preprocess text
111 def preprocess_text(text, emoji_weights , high_weight_threshold

=7.0):
112 processed_text = text
113 has_high_weight_emoji = 0
114

115 # --- Emoji Replacement (FIRST) ---
116 for emoji, weight in emoji_weights.items():
117 if emoji in processed_text:
118 weight_str = str(weight).replace('.', '_')
119 replacement_token = f"__EMOJI_WEIGHT_{weight_str}__"
120 processed_text = processed_text.replace(emoji, f" {

replacement_token} ") # Replace emojis
121 if weight >= high_weight_threshold:
122 has_high_weight_emoji = 1
123 emoji_feature = has_high_weight_emoji
124

125 processed_text = re.sub(r'[^A-Za-z0-9_\u0D80-\u0DFF]+', ' ',
processed_text)

126 processed_text = re.sub(r'\s+', ' ', processed_text).strip()
127 processed_text = processed_text.lower()
128

129 words = processed_text.split();
130

131 # Standardize words
132 processed_words = [standardize_word(word, word_variations)

for word in words if word not in stop_words_custom]
133

134 # Remove stopwords and apply suffix removal
135 processed_words = [remove_suffixes(word, suffixes) for word

in processed_words if word not in stop_words_custom]
136

137 processed_text = ' '.join(processed_words)
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138

139 # --- Tokenization (with Bigrams and Emoji Preservation) ---
140 words = tokenize_with_bigrams(processed_text)
141 processed_text = ' '.join(words)
142 return processed_text , emoji_feature
143

144 # --- Data Loading and setup ---
145 df = pd.read_csv('hate_speech_dataset_v2.csv') #Give your

dataset file
146

147 # Load external stopwords and suffixes.
148 stop_words_custom = load_stopwords('StopWords_425.txt')
149 suffixes = load_suffixes('Suffixes -413.txt')
150 word_variations = load_word_variations('word_variations.csv')
151 emoji_weights = load_emoji_weights("emoji_weights.csv")
152

153 # --- Apply Preprocessing ---
154 # Create 'Comment_cleaned' and 'emoji_feature' columns
155 df['Comment_cleaned'], df['emoji_feature'] = zip(*df['Comment'].

apply(lambda x: preprocess_text(x, emoji_weights)))
156

157 text_with_emoji ="Hto ��"
158 processed_text , emoji_feature = preprocess_text(text_with_emoji ,

emoji_weights)
159 print(f"Original: {text_with_emoji}")
160 print(f"Processed: {processed_text}")
161 print(f"Emoji Feature: {emoji_feature}")
162

163 # --- Data Balancing ---
164 # Separate majority and minority classes
165 df_majority = df[df['Is offensive'] == 0]
166 df_minority = df[df['Is offensive'] == 1]
167

168 # Upsample minority class
169 df_minority_upsampled = resample(df_minority ,
170 replace=True, # sample with

replacement
171 n_samples=len(df_majority),

# to match majority class
172 random_state=42) # reproducible

results
173

174 # Combine majority class with upsampled minority class
175 df_balanced = pd.concat([df_majority , df_minority_upsampled])
176

177 # --- Tokenization and Padding ---
178 tokenizer = Tokenizer(num_words=10000, oov_token='<OOV>')
179 tokenizer.fit_on_texts(df_balanced['Comment_cleaned'])
180

181 # Convert text to sequences
182 X = tokenizer.texts_to_sequences(df_balanced['Comment_cleaned'])
183 X = pad_sequences(X, maxlen=50, padding='post', truncating='post

') # Ensure uniform length
184
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185 # Convert labels to numpy array
186 y = np.array(df_balanced['Is offensive'])
187

188 # --- Train -test split ---
189 X_train, X_test, y_train, y_test = train_test_split(X, y,

test_size=0.2, random_state=42)
190

191 # --- Model Training and Evaluation Functions ---
192 def train_and_evaluate_keras_model(model, X_train, y_train,

X_test, y_test, model_name):
193 """Trains and evaluates Keras models."""
194 early_stopping = EarlyStopping(monitor='val_loss', patience

=3, restore_best_weights=True)
195 model.compile(loss='binary_crossentropy', optimizer=Adam(

learning_rate=0.001), metrics=['accuracy'])
196 history = model.fit(X_train, y_train, epochs=20, batch_size

=64, validation_data=(X_test, y_test), callbacks=[
early_stopping])

197 loss, accuracy = model.evaluate(X_test, y_test, verbose=0)
198 print(f"{model_name} Accuracy: {accuracy:.4f}")
199 y_pred_prob = model.predict(X_test)
200 y_pred = (y_pred_prob > 0.5).astype("int32")
201 print(f"{model_name} Classification Report:\n{

classification_report(y_test, y_pred)}")
202 cm = confusion_matrix(y_test, y_pred)
203 plt.figure(figsize=(6, 4))
204 sns.heatmap(cm, annot=True, fmt='d', cmap='Blues',

xticklabels=['Non-Offensive', 'Offensive'], yticklabels
=['Non-Offensive', 'Offensive'])

205 plt.xlabel('Predicted Label')
206 plt.ylabel('True Label')
207 plt.title(f'{model_name} Confusion Matrix')
208 plt.show()
209

210 def train_and_evaluate(model, X_train, y_train, X_test, y_test,
model_name):

211 """Trains and evaluates traditional machine learning models.
"""

212 model.fit(X_train, y_train)
213 y_pred = model.predict(X_test)
214 accuracy = accuracy_score(y_test, y_pred)
215 print(f"{model_name} Accuracy: {accuracy:.4f}")
216 print(f"{model_name} Classification Report:\n{

classification_report(y_test, y_pred)}")
217 cm = confusion_matrix(y_test, y_pred)
218 plt.figure(figsize=(6, 4))
219 sns.heatmap(cm, annot=True, fmt='d', cmap='Blues',

xticklabels=['Non-Offensive', 'Offensive'], yticklabels
=['Non-Offensive', 'Offensive'])

220 plt.xlabel('Predicted Label')
221 plt.ylabel('True Label')
222 plt.title(f'{model_name} Confusion Matrix')
223 plt.show()
224
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225 # --- CNN Model ---
226 cnn_model = Sequential([
227 Embedding(input_dim=10000, output_dim=128, input_length=50),
228 Conv1D(128, 5, activation='relu'),
229 GlobalMaxPooling1D(),
230 Dense(64, activation='relu'),
231 Dropout(0.5),
232 Dense(1, activation='sigmoid')
233 ])
234 train_and_evaluate_keras_model(cnn_model , X_train, y_train,

X_test, y_test, "CNN")
235

236 # --- LSTM Model ---
237 lstm_model = Sequential([
238 Embedding(input_dim=10000, output_dim=128, input_length=50),
239 LSTM(64),
240 Dense(64, activation='relu'),
241 Dropout(0.5),
242 Dense(1, activation='sigmoid')
243 ])
244 train_and_evaluate_keras_model(lstm_model , X_train, y_train,

X_test, y_test, "LSTM")
245

246 # --- BiLSTM Model ---
247 bilstm_model = Sequential([
248 Embedding(input_dim=10000, output_dim=160, input_length=50),
249 Bidirectional(LSTM(32, return_sequences=True)),
250 Dropout(0.5),
251 Bidirectional(LSTM(32)),
252 Dense(64, activation='relu'),
253 Dropout(0.4),
254 Dense(1, activation='sigmoid')
255 ])
256 train_and_evaluate_keras_model(bilstm_model , X_train, y_train,

X_test, y_test, "BiLSTM")
257

258 # --- Combined CNN and BiLSTM Model ---
259 from tensorflow.keras.layers import Embedding , LSTM,

Bidirectional , Dense, Dropout, Conv1D, GlobalMaxPooling1D ,
Input, concatenate # Import Input and concatenate

260 from tensorflow.keras.models import Sequential , Model # Import
Model

261

262 def create_cnn_bilstm_model(input_dim , output_dim , input_length)
:

263 input_layer = Input(shape=(input_length ,))
264 embedding_layer = Embedding(input_dim=input_dim , output_dim=

output_dim , input_length=input_length)(input_layer)
265

266 # CNN Branch
267 cnn_branch = Conv1D(128, 5, activation='relu')(

embedding_layer)
268 cnn_branch = GlobalMaxPooling1D()(cnn_branch)
269
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270 # BiLSTM Branch
271 bilstm_branch = Bidirectional(LSTM(32, return_sequences=True

))(embedding_layer)
272 bilstm_branch = Dropout(0.5)(bilstm_branch)
273 bilstm_branch = Bidirectional(LSTM(32))(bilstm_branch)
274

275 # Concatenate Branches
276 merged = concatenate([cnn_branch , bilstm_branch])
277

278 # Dense Layers
279 dense_layer = Dense(64, activation='relu')(merged)
280 dropout_layer = Dropout(0.4)(dense_layer)
281 output_layer = Dense(1, activation='sigmoid')(dropout_layer)
282

283 model = Model(inputs=input_layer , outputs=output_layer)
284 return model
285

286 cnn_bilstm_model = create_cnn_bilstm_model(input_dim=10000,
output_dim=128, input_length=50)

287 cnn_bilstm_accuracy = train_and_evaluate_keras_model(
cnn_bilstm_model , X_train, y_train, X_test, y_test, "CNN-
BiLSTM")

288

289 # --- TF-IDF for Traditional ML Models ---
290 tfidf_vectorizer = TfidfVectorizer(max_features=5000)
291 X_tfidf = tfidf_vectorizer.fit_transform(df_balanced['

Comment_cleaned'])
292 X_train_tfidf , X_test_tfidf , y_train_tfidf , y_test_tfidf =

train_test_split(
293 X_tfidf, df_balanced['Is offensive'], test_size=0.2,

random_state=42
294 )
295

296 # --- Train and Evaluate Traditional ML Models ---
297 # Naive Bayes
298 nb_model = MultinomialNB()
299 train_and_evaluate(nb_model, X_train_tfidf , y_train_tfidf ,

X_test_tfidf , y_test_tfidf , "Naive Bayes")
300

301 # SVM
302 svm_model = SVC(probability=True)
303 train_and_evaluate(svm_model , X_train_tfidf , y_train_tfidf ,

X_test_tfidf , y_test_tfidf , "SVM")
304

305 # Logistic Regression
306 lr_model = LogisticRegression(max_iter=1000)
307 train_and_evaluate(lr_model, X_train_tfidf , y_train_tfidf ,

X_test_tfidf , y_test_tfidf , "Logistic Regression")
308

309 # Random Forest
310 rf_model = RandomForestClassifier()
311 train_and_evaluate(rf_model, X_train_tfidf , y_train_tfidf ,

X_test_tfidf , y_test_tfidf , "Random Forest")
312
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313 def predict_all_models(comment, emoji_weights , tokenizer ,
cnn_bilstm_model , bilstm_model , cnn_model , lstm_model ,
tfidf_vectorizer , nb_model , svm_model , lr_model , rf_model):

314 """
315 Predicts hate speech using all trained models and returns a

DataFrame with predictions.
316

317 Args:
318 comment (str): The text comment to predict.
319 emoji_weights (dict): Dictionary of emoji weights.
320 tokenizer (Tokenizer): Keras tokenizer used for text

preprocessing.
321 bilstm_model (Sequential): Trained BiLSTM model.
322 cnn_model (Sequential): Trained CNN model.
323 lstm_model (Sequential): Trained LSTM model.
324 tfidf_vectorizer (TfidfVectorizer): TF-IDF vectorizer.
325 nb_model (MultinomialNB): Trained Naive Bayes model.
326 svm_model (SVC): Trained SVM model.
327 lr_model (LogisticRegression): Trained Logistic

Regression model.
328 rf_model (RandomForestClassifier): Trained Random Forest

model.
329

330 Returns:
331 pd.DataFrame: DataFrame with predictions from all models

.
332 """
333 processed_text , _ = preprocess_text(comment, emoji_weights)
334 comment_sequence = tokenizer.texts_to_sequences([

processed_text])
335 comment_padded = pad_sequences(comment_sequence , maxlen=50,

padding='post', truncating='post')
336 tfidf_comment = tfidf_vectorizer.transform([processed_text])
337

338 cnn_bilstm_pred = cnn_bilstm_model.predict(comment_padded)
[0][0]

339 bilstm_pred = bilstm_model.predict(comment_padded)[0][0]
340 cnn_pred = cnn_model.predict(comment_padded)[0][0]
341 lstm_pred = lstm_model.predict(comment_padded)[0][0]
342 nb_pred = nb_model.predict_proba(tfidf_comment)[0][1]
343 svm_pred = svm_model.predict_proba(tfidf_comment)[0][1]
344 lr_pred = lr_model.predict_proba(tfidf_comment)[0][1]
345 rf_pred = rf_model.predict_proba(tfidf_comment)[0][1]
346

347 predictions = {
348 "CNN-BiLSTM": "Offensive" if cnn_bilstm_pred > 0.5 else

"Non-Offensive",
349 "BiLSTM": "Offensive" if bilstm_pred > 0.5 else "Non-

Offensive",
350 "CNN": "Offensive" if cnn_pred > 0.5 else "Non-Offensive

",
351 "LSTM": "Offensive" if lstm_pred > 0.5 else "Non-

Offensive",
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352 "Naive Bayes": "Offensive" if nb_pred > 0.5 else "Non-
Offensive",

353 "SVM": "Offensive" if svm_pred > 0.5 else "Non-Offensive
",

354 "Logistic Regression": "Offensive" if lr_pred > 0.5 else
"Non-Offensive",

355 "Random Forest": "Offensive" if rf_pred > 0.5 else "Non-
Offensive",

356 }
357

358 return pd.DataFrame(predictions , index=[comment])
359

360 # Example usage
361 input_comment = "oyanam maha �� godak"
362 predictions_df = predict_all_models(input_comment , emoji_weights

, tokenizer , cnn_bilstm_model , bilstm_model , cnn_model ,
lstm_model , tfidf_vectorizer , nb_model , svm_model , lr_model ,
rf_model)

363 print(predictions_df)

Code B.1: Full Python code for model training and evaluation
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Appendix C: Recent Social Media Posts

These comments illustrate the ongoing discussions from various social media platforms.

Figure C.2: Recent social media posts
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Appendix D: Recent Social Media Posts Evaluated Through the

Application

Evaluation results from the application for two recent social media posts. The first example
demonstrates a borderline offensive comment, while the second illustrates a supportive,
non-offensive remark.

Figure D.1: Recent social media posts evaluated through the application
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