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Abstract:  

The main goals of this project are to develop reliable hate speech identification models that can 

recognise derogatory terminology, prejudiced attitudes, and damaging stereotypes on a variety of 

internet platforms. To help the models train and generalize efficiently, the study focuses on using big 

datasets with a variety of content types, including both hate speech and non-hate speech. The findings of 

this study suggest that machine learning has the potential to mitigate the negative consequences of hate 

speech by using automated filtering and flagging tools. The study also highlights the need for continued 

research and development to improve the accuracy, uniformity, and transparency of hate speech 

detection systems, and ultimately to foster a safer online environment to encourage all people. 
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1 Introduction 

Hate speech using machine learning, Promoting inclusion and safety, in a digital world. In today’s 

connected society, online communication has become a part of our lives. Social media platforms, 

forums, chat apps and other digital spaces provide opportunities for individuals to express themselves, 

interact with others and discuss issues but these open forums also create a concern, the proliferation of 

hate speech. Hate speech includes discriminatory or harmful content that targets individuals or groups 

based on factors such as race, religion, gender, and ethnicity.[27] This presents the challenge of creating 

a respectful digital environment. To address the growing issue of hate speech on the Internet, researchers 

and developers have turned to the power of machine learning and natural language processing (NLP) 

The field of detecting hate speech using machine learning is an upcoming project that intersects AI, 

NLP, and code. It aims to use various techniques to identify and categorize statements or sentences 

containing elements of hate speech. By doing so, the aim is to promote an online experience for all 

users[28]. This is basically training machine learning models to distinguish between hate speech and 

non-hate speech. The first step is to collect data sets that contain examples of hate speech and contain no 

hateful or negative speech. These datasets form the basis for training models to identify patterns, speech 

cues, and contexts indicative of hate speech[29]. 

The rapid pace of technological progress underscores the need for inclusive digital environments. Trying 

to prevent hate speech by using machine learning is an active step toward creating a diverse and 

respectful online environment. We want to make sure that online spaces are a place where people can 

connect with each other positively. Building systems that can automatically spot and eliminate hate 

speech[30]. Despite these different definitions, some recent studies claimed favorable results to detect 

automatic hate speech in the text [21-24]. According to some proposed ways, they used machine 
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learning algorithms along with many other techniques to determine if something is hate speech or not. 

No matter how much effort we put in, comparing methods for hate speech classification remains a 

challenge. As far I know, nobody has looked into how different feature engineering techniques fare with 

machine learning algorithms. 

 

2 Literature Survey 

S.No. Author Technology 

Used 

Description Limitation 

1 Mujtaba, 

G(2018)[6] 

Feature 

Extraction 

It is mapping from text data to 

real-valued vectors. 

Bias in the training data, 

reliance on text-based 

information only. 

2 MacAvaney 

(2019)[4] 

Textual 

Feature 

Extraction 

The study utilizes NLP, ML, 

DL, and lexicon-based methods 

for hate speech detection, 

addressing challenges and 

proposing solutions. 

Limited exploration of 

multimodal data. 

3 Sindhu Abro, 

Sarang Shaikh, 

Zafar Ali, Sajid 

Khan, Ghulam 

Mujtaba 

(2020)[26] 

Supervised 

Learning 

This study employs NLP, ML, 

and advanced feature extraction 

techniques for automated hate 

speech detection using 

supervised learning. 

Lack of exploration into 

the robustness of the 

model across diverse 

datasets. 

4 Gupta, K. K., 

Vijay, R., & 

Pahadiya, P. 

(2020)[33] 

Word2vec It is a technique used to learn 

vector representation of words, 

which can further be used to 

train machine learning models. 

The inability to handle 

polysemy effectively, 

the requirement for large 

amounts of training data 

5 Pahadiya, P., 

Vijay, D. R., 

kumar Gupta, K., 

Saxena, S., & 

Tandon, R 

(2020)[35] 

Doc2vec It is an unsupervised technique 

to learn document 

representations in fixed-length 

vectors. It is the same as 

word2vec, but the only 

difference is that it is unique 

among all documents. 

The need for substantial 

training data, difficulty 

in handling variable-

length documents 

6 Gupta, K. K., 

Vijay, R., 

Pahadiya, P., & 

Saxena, S 

(2022)[29] 

Machine 

Learning 

Classifiers 

These are applied to numeric 

features vector to build the 

predictive model which can be 

used for prediction class labels. 

Being a review paper 

without original research 

7 Gupta, K. K., 

Rituvijay, 

Pahadiya, P., & 

Saxena, S 

(2022)[30] 

Naïve Bayes It’s a probabilistic based 

classification algorithm, which 

uses the “Bayes theorem” to 

predict the class. It works on 

conditional independence 

among features. 

The oversimplified 

independence 

assumption, which may 

not hold in real-world 

data 
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8 Gupta, K. K., 

Vijay, R., & 

Pahadiya, P 

(2022)[31] 

Random 

Forest 

It’s a type of ensemble classifier 

consisting of many decision 

trees. It classifies an instance 

based on voting decision of 

each decision trees class 

predictions. 

The lack of a 

comprehensive 

evaluation across 

various datasets and text 

domains 

9 Pahadiya, P., 

Vijay, R., Gupta, 

K. K., Saxena, S., 

& Tandon, R 

(2022)[34] 

Support 

Vector 

Machines 

It’s a supervised classification 

algorithm which constructs an 

optimal hyperplane by learning 

from training data which 

separates the categories while 

classifying new data. 

The requirement for 

proper feature 

engineering, sensitivity 

to hyperparameter 

tuning, potential 

scalability issues with 

large datasets 

10 Gupta, K. K., 

Vijay, R., 

Pahadiya, P., 

Saxena, S., & 

Gupta, M 

(2023)[27] 

K Nearest 

Neighbor 

It’s a simple text classification 

algorithm, which categorize the 

new data using some similarity 

measure by comparing it with 

all available data. 

The choice of the k 

parameter, potential 

scalability issues with 

large datasets 

11 Pahadiya, P., 

Vijay, R., Gupta, 

K. K., Saxena, S., 

& Shahapurkar, T 

(2023)[28] 

Decision 

Tree 

It is a supervised algorithm. It 

generates the classification rules 

in the tree-shaped form, where 

each internal node denotes 

attribute conditions, each 

branch denotes conditions for 

outcome and leaf node 

represents the class label. 

Dealing with evolving 

drug names, domain-

specific terminology 

12 Saxena, S., Vijay, 

R., Pahadiya, P., 

& Gupta, K. K 

(2023)[32] 

Adaptive 

Boosting 

It is one of the best-boosting 

algorithms, which strengthens 

the weak learning algorithms. 

Sensitivity to noisy data 

and outliers, potential 

overfitting when weak 

classifiers are too 

complex 

 

3 Methodology 

 
Fig.1: Flow Chart 
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The proposed system for dividing tweets into three categories—"hate speech, anger but not hate speech, 

and hate speech or anger speech"- is described in this section, data preprocessing, feature engineering, 

data segmentation, classification model development and evaluation The learning method consists of six 

main phases as shown in this figure. The following sections go into much more detail about each 

category. 

Data Collection and Preprocessing: Data Sourcing: Collect diverse datasets containing examples of 

hate speech and non-hateful content from various online platforms and sources. Data Annotation: 

Annotate the collected data to ensure accuracy in labeling hate speech instances. Data Preprocessing: 

Clean, tokenize, and preprocess text data, including techniques such as stemming, lemmatization, and 

removing stop words. Balancing Data: Ensure a balanced dataset to prevent bias toward the majority 

class (non-hateful content). 

Feature Engineering: Text Representation: Convert text data into numerical format using techniques 

like TF-IDF (Term Frequency-Inverse Document Frequency) or word embedding (e.g., Word2Vec, 

GloVe). 

Feature Selection: Identify relevant features that contribute to hate speech detection and reduce 

dimensionality if needed.[31] 

Model Development: Select Architecture: Choose appropriate machine learning models, such as 

recurrent neural networks (RNNs), convolutional neural networks (CNNs), or transformer-based models 

like BERT, depending on the nature of the data. 

Training: Train the selected models on the preprocessed and feature-engineered data using suitable loss 

functions and optimization techniques. 

Hyper Parameter Tuning: Optimize model hyper parameters through techniques like grid search or 

random search to improve performance. 

Cross-validation: Implement cross-validation to assess the model's generalization and robustness. 

Model Evaluation and Testing: 

Evaluation Metrics: Assess model performance using metrics like accuracy, precision, recall, F1-score, 

and area under the receiver operating characteristic curve (AUC-ROC)[32]. 

Validation Set: Set aside a portion of the data for validation and fine-tuning model parameters. 

Testing: Evaluate the model on an independent test set to measure its real-world performance. 

Integration and Deployment: 

API Development: Develop an API or integration module to enable seamless integration with digital 

platforms and services. 

Continuous Monitoring: Implement monitoring mechanisms to track model performance in real-time 

and generate alerts for potential issues. 

Feedback Loop: Establish a feedback loop to collect user feedback and continuously improve the model. 

Customization for Cultural Contexts: 

Data Augmentation: Augment datasets with content specific to different cultural contexts to ensure the 

model's effectiveness in diverse settings[33]. 

Custom Model Variants: Develop model variants customized for specific cultural or linguistic regions. 

Education and Awareness: 

Content Creation: Develop educational materials, such as guidelines, videos, or infographics, to raise 

awareness about the impact of hate speech and responsible online behavior. 

User Engagement: Promote user engagement with these materials through online campaigns and 

community outreach. 
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Ethical Considerations: 

Fairness: Ensure that the hate speech detection model is fair and unbiased, minimizing the risk of 

discrimination against specific groups. 

Privacy: Prioritize user privacy by implementing data protection measures, especially if user-generated 

content is involved. 

Transparency: Maintain transparency in the model's decision-making process by providing explanations 

for its classifications. 

Continuous Improvement: 

Monitoring Trends: Stay updated on emerging forms of hate speech and adapt the model 

accordingly[34]. 

Re-training: Periodically retrain the model with fresh data to maintain its effectiveness over time. 

Reporting and Documentation: 

Maintain detailed documentation of the entire project, including data sources, preprocessing steps, 

model architecture, hyper parameters, and evaluation results. 

Regularly communicate project progress and findings to stakeholders and the broader community..  

This comprehensive methodology forms the backbone of our project, ensuring a systematic approach to 

developing and deploying machine learning solutions for hate speech detection. Through meticulous 

planning and execution, we aim to contribute to a digital world where technology serves as a force for 

positive change, fostering respectful and inclusive online environments[35]. 

 

 
Fig.2: Data Preprocessing 

 

4.  Result and Discussion 

Precision, recall, F-measure, and precision for all 24 analyzes are shown in Tables III through Table VI, 

respectively. The maximum values of the results are shown in bold. The performance of the different 

feature representation and classification algorithms used in the experimental scenarios is shown in all 

tables. There is absolute accuracy in all 24 studies (0.47), F-measure (0.46), recall (0.57), precision 

(57%). found in the TFIDF products used in MLP and KNN classifiers Bigram-based representation of 

attributes. Besides, the highest quality F-measure, recall (0.79), precision (0.77), and precision (79%). 

SVM was used to obtain (0.77) using TFIDF features. Bigram-based representation of attributes. When 

specifying the feature. TFIDF and bigram characterization gave good results e.g. Unlike Doc2vec and 

Word2vec.The dataset used for training and testing contains text data (tweets) labeled with two classes: 

hate speech (label 1) and non-hate speech (label 0). 

https://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR240317073 Volume 6, Issue 3, May-June 2024 6 
 

After training and testing the machine learning model, the code provides several result: 

 

Table . Precision of all analysis 

Features LR NB RF SVM KNN DT AdaBoost MLP 

Bigram 0.72 0.66 0.76 0.61 0.71 0.75 0.74 0.63 

Word2vec 0.69 0.67 0.73 0.64 0.62 0.65 0.65 0.65 

Doc2vec 0.70 0.69 0.69 0.69 0.61 0.66 0.66 0.75 

 

Table . Recall of all analysis 

Features LR NB RF SVM KNN DT AdaBoost MLP 

Bigram 0.71 0.71 0.74 0.77 0.58 0.78 0.74 0.74 

Word2vec 0.70 0.66 0.64 0.74 0.65 0.63 0.61 0.78 

Doc2vec 0.74 0.64 0.68 0.75 0.61 0.66 0.65 0.78 

 
 

 
Fig.4: Data Label chart 
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5. Conclusion 

One practical way to combat online hate speech and promote a safer and more welcoming digital 

environment is through machine learning-based hate speech detection It uses algorithmic models to 

identify and categorize content it is in anger or injury, hatred. While it holds promise for helping online 

communities, social media platforms, and content monitors take proactive measures to combat speech, 

there are issues with bias, context, and hostility of developing language. Continued learning, 

development and collaboration between technologists, ethicists and politicians is critical to improving 

these policies, reducing bias, and balancing freedom of expression and online information between 

protecting dangerous[22]. An algorithm was used to identify speech in these texts, study finds. Eight 

machine learning algorithms were compared alongside three techniques for feature engineering to 

classify hate speech texts. According to the study, TFIDF bigrams performed better than word2Vec and 

doc2Vec features engineering methods in terms of results. To sum up, SVM and RF surpassed LR, NB, 

KNN, DT, AdaBoost and MLP in regard to perform metrics. KNN showed the poorest results. What this 

research shows is that there is value in using different algorithms to detect hate speech in texts. 
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