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Social media platforms and microblogging websites have gained accelerated popularity during the past few years. These 

platforms are used for expressing views and opinions about products, personalities, and events. Often during discussions and 

debates, fights take place on social media platforms which involves using rude, disrespectful, and hateful comments called toxic 

comments. The identification of toxic comments has been regarded as an essential element for social media platforms. This study 

introduces an ensemble approach, called regression vector voting classifier (RVVC), to identify the toxic comments on social 

media platforms. The ensemble merges the logistic regression and support vector classifier under soft voting criteria. Several 

experiments are performed on the imbalanced and balanced dataset to analyze the performance of the proposed approach. For 

data balance, the synthetic minority oversampling technique (SMOTE) is used on the imbalanced dataset. Furthermore, two 

feature extraction approaches are utilized to investigate their suitability such as term frequency-inverse document frequency 

(TF-IDF) and bag-of-words (BoW). The performance of the proposed approach is compared with several machine learning 

classifiers using accuracy, precision, recall, and F1-score. Results suggest that RVVC outperforms all other individual models 

when TF-IDF features are used with SMOTE balanced dataset and achieves an accuracy of 0.97 
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1.INTRODUCTION 

SOCIAL media platforms and microblogging websites 

have gained accelerated popularity for social 

communication between individuals and groups. 

Through these platforms, people share their thoughts, 

ideas, opinions and express their feelings using 

comments and feedback [1]. The number of internet 

users has been increasing gradually each year, from 2.4 

billion in 2014 to 3.4 billion, 4 billion, and 4.4 billion in 

2016, 2017, and June 2019, respectively [2]. As of May 

2020, the number of internet users is increased to 4,648 

billion [3]. Social media platforms provide a common 

ground for these users to share opinions and discuss 

ideas. However, problems arise when debates take a 

dirty side and fights take place on social media 

platforms which involves using rude, disrespectful, and 

hateful comments called toxic comments. Text in online 

comments contain many hazards such as fake news, 

cyberbullying, online harassment and toxicity [4]. 

Unfortunately, these toxic comments have become a 

serious issue that affects the reputation of social 

platforms and cause different psychological problems 

for users, such as depression, frustration, and even 

suicidal thoughts [1]. Toxic comment classification is 

very important to overcome the above-mentioned 

issues and maintain stability in online debates [5]. Toxic 

comments can be considered as a personalattack, online 

harassment, and bullying behaviors. Over the past few 
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years, several cases of police arrests happened where 

police arrested many individuals due to the abusive or 

negative content on personal pages [6], [7]. So a 

framework that can detect toxic comments and prevent 

publishing is of significant importance. As a result, 

several approaches have been introduced for the 

automatic detection of toxic comments using machine 

learning algorithms. For example, the study [8] 

combines machine learning and crowd-sourcing to 

classify the comments that are considered a personal 

attack. Support vector machines were also used by [9] 

for Cyberbullies detection. The cyberbullies are also 

detected in [10] using deep learning models. Despite the 

proposed approaches, there is a need to model more 

approaches to provide high accuracy for toxic 

comments. This study introduces an ensemble approach 

for toxic comments detection in imbalanced datasets 

and makes the following contributions 

 

The rest of the paper is organized as follows. Section II 

discusses research papers from the literature which are 

closely related to the current study. Section III gives an 

overview of the machine learning algorithms adopted 

for the current research, as well as, the description of the 

dataset used for the experiment. The proposed 

approach is also presented in the same Section. Results 

are discussed in Section IV while the conclusion is given 

in Section V. 

 

II. LITERATURE REVIEW 

 Toxic comments on social media platforms have been a 

source of a great stir between individuals and groups. A 

toxic comment is not only verbal violence but includes 

the comment that is rude, disrespectful, negative online 

behavior, or other similar attitudes that make someone 

leave a discussion. Therefore, the toxic comments 

identification on social platforms is an important task 

that can help to maintain its interruption and 

hatred-free operations. Consequently, a large variety of 

toxic comment approaches have been proposed. Three 

characteristics concerning toxic classification are 

evaluated: classification, feature dimension reduction, 

and feature importance. The authors use a deep 

learning-based toxic comments classification approach 

in [11] for the imbalanced toxic dataset. The 

performance evaluation is carried out on Kaggle 

Wikipedia’s talk page edits dataset which contains 

159,571 records of toxic comments. The proposed 

approach makes a multi-class classification including 

toxic, threat, severe toxic, obscene, insult, and identity 

hate. Convolutional neural network (CNN), 

bidirectional long short- term memory (LSTM), 

bidirectional gated recurrent unit (GRU), and the 

ensemble of the three models are used for classification. 

Results indicate that the ensemble approach gives the 

highest classification with an F1 score of 0.828 for 

toxic/non-toxic and 0.872 for toxicity types. The study 

[12] proposed a method to classify the online toxic 

comments using logistic regression and neural network 

models. Online toxic comments classification dataset is 

taken from Kaggle and logistic regression (LR), CNN, 

LSTM, and CNN+LSTM (2 layers of LSTM and 4 layers 

of CNN) are used. All models perform good but 

CNN+LSTM achieves 0.982 accuracy which is the 

highest among all the classifiers. In the same vein, the 

study [13] perform classification for online toxic 

comments using support vector machine (SVM), naive 

Bayes (NB), K-nearest neighbor (KNN), linear 

discriminant analysis (LDA), and CNN. The 

classification is conducted on KaggleWikiperida 

comments for toxic and non-toxic comments. CNN 

model achieves accuracy higher than 90% accuracy 

while the machine learning classifier obtains accuracy 

between 65% to 85%. Due to the reported high accuracy 

of deep learning approaches, several researchers focus 

on using deep CNN and LSTM architectures for 

classification. For example, deep neural network 

architectures are used for toxic comments classification 

in [14]. The study uses NB, LSTM, and RNN to identify 

toxic comments. For this purpose, a toxic comment 

classification challenge dataset comprising 159,000 

comments is used. LSTM performs best with 67% true 

positive rate which is 20% higher than the NB model. 

On the other hand, LSTM achieved a 73% F1 score, 81% 

precision score, and 66% recall. Similarly, hybrid deep 

learning approaches are adopted in [15] for the same 

task. For this purpose, the Jigsaw toxic comments 

classification dataset is used. The hybrid deep learning 

achieved 98% accuracy and 80% F1 score. Another 

study [16] created their dataset taking comments from 

Facebook pages and labeled them with six categories: 

toxic, severe toxic, obscene, threat, insult, identity hate. 

Different machine learning and deep learning 

algorithms are applied for Bangla toxic comments 
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classification. SVM, Gaussian NB, Multinomial NB, 

Multi-Label k Nearest Neighbor (MLKNN), and 

Backpropagation for Multi-Label Neighbor (BP-MLL) 

are used to classify comments. BPMLL outperforms 

both machine learning and deep learning algorithms 

used for experiments. The study [17] proposed a 

methodology for the classification of toxic comments 

and depth error analysis. The study uses two datasets 

including the Wikipedia talk pages and a Twitter 

dataset, containing six classes of toxic comments. 

 

III. MATERIALS AND METHODS 

This study uses different techniques, methods, and tools 

for the classification of toxic and non-toxic comments. 

Also, various preprocessing steps, data re-sampling 

methods, features extraction techniques, and supervised 

machine learning models are adopted for the said task. 

A. DATA DESCRIPTION This study aims at the 

automatic classification of toxic and non-toxic 

comments from social media platforms. Various 

machine learning models are utilized for this purpose to 

evaluate their strength for the said task. For evaluation, 

the selected models are trained and tested with binary 

class datasets. Traditionally, toxic comments are 

grouped under several classes such as hate, toxic, threat, 

severe toxic, obscene, insult and non-toxic, etc. We 

follow a different approach by grouping the comments 

under two classes, toxic and non-toxic. The original 

dataset which is taken from Kaggle [18], is a multi-label 

dataset and contains labels such as toxic, severe toxic, 

obscene, threat, insult, and identityhate. The non-toxic 

comments belong to one class, while from the other 

comments only those comments are selected that have 

toxic labels. It means that the comments that label 

severe toxic, obscene, threat, insult, and identity hate 

are not selected. For example, Table 1 shows that 

’comment 2’ is only toxic and ’comment 3’ is non-toxic. 

For our experiment, both ’comment 2’ and ’comment 1’ 

are selected under toxic and no-toxic classes, but 

’comment 1’ and ’comment 4’ are not selected. 

 

 PREPROCESSING STEPS 

 Pre-processing techniques are applied to clean the data 

which helps to improve the learning efficiency of 

machine learning models . For this purpose, the 

following steps are executed in the given sequence. 

Tokenization: is a process of dividing a text into smaller 

units called ’tokens’. A token can be a number, word, or 

any type of symbol that contains all the important 

information about the data without conceding its 

security. Punctuation removal: involves removing the 

punctuation from comments using natural language 

processing techniques. Punctuations are the symbols 

that are utilized in sentences/comments to make the 

sentence clear and readable for humans. However, it 

creates problems in the learning process of machine 

learning algorithms and needs to be removed to 

improve their learning process. Some common 

punctuation marks are mostly used such that colon, 

question marks, comma, semicolon, full-stop/period, 

etc.Number removal: is also a part of preprocessing 

which helps to improve the performance of the machine 

learning algorithms. Numbers are unnecessary and do 

not contribute to the learning of text analysis 

approaches. Removing the numbers increases the 

efficiency of models and decreases the complexity of the 

data. Stemming: is an important part of preprocessing 

because it increases the performance by clarifying 

affixes from sentences/comments and converting the 

comments into the original form. Stemming is the 

process of transforming a word into its root form. For 

example, different words have the same meaning such 

as: ’plays’, ’playing’, ’played’ are modified forms of 

’play’. Stemming is implemented using the Porter 

stemmer algorithms [33]. Spelling correction: is the 

process of correcting the misspelled words. In this 

phase, the spelling checker is used to check the 

misspelled words and replace them with the correct 

word. Python library ’pyspellchecker’ provides the 

necessary features to check the misspelled words and is 

used for the experiments [34]. Stopwords removal: 

Stopwords are those English words that do not add any 

meaning to a sentence. So these can be removed by 

stopwords removal without affecting the meaning of a 

sentence. The removal of stop-words increases the 

model’s performances and decreases the complexity of 

input features [35]. 

FEATURE ENGINEERING  

Feature engineering aims at discovering useful data 

features or constructing features from original features 

to train machine learning algorithms effectively. The 

study concludes that feature engineering can improve 

the efficiency of machine learning algorithms. ’Garbage 

out’ is a corporateproverb used in machine learning 
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which implies that senseless data used as the input, 

yields meaningless output. In contrast, more 

information-driven data will yield favorable results. 

Hence, feature engineering can derive useful features 

from raw data which helps to improve the reliability 

and accurateness of learning algorithms. In the 

proposed methodology, two feature engineering 

methods are used including the bag of words and term 

frequency-inverse document frequency.  

 BAG-OF-WORDS 

 The bag of words (BoW) technique is used to extract 

features from the text data. The boW is easy to 

implement and understand besides being the simplest 

method to extract features from the text data. The boW 

is very suitable and useful for language modeling and 

text classification. The ’CountVectorizer’ library is used 

to implement BoW. CountVectorizer calculates the 

occurrence of words and constructs a spare database 

matrix of words [38]. The boW is a pool of words or 

features, where every feature is categorized as a label 

that signifies the occurrences of the categorized feature. 

 

IV. PROPOSED METHODOLOGY 

 Ensemble learning is widely used to attain high 

accuracy for classification tasks. The combination of 

various models can perform well as compared to 

individual models. Owing to the high accuracy of 

ensemble models, this study leverage an ensemble 

model to perform toxic comments classification. Our 

experiments indicate the good performance from LR 

and SVC, so to further improve the performance, this 

study combines these models. The proposed approach 

is called regression vector voting classifier (RVVC) and 

combines these models using soft voting criteria as 

shown in Figure 2. The soft voting criteria ensure that 

the class with a high predicted probability by two 

classifiers will be considered as the final prediction. 

 

FIGURE 1: The flow of the proposed methodology. 

 

EVALUATION METRICS  

We evaluate the performance of machine learning 

models in terms of accuracy, precision, recall, and F1 

score. 1) Accuracy Accuracy indicates the ratio of 

correct predictions to the total predictions from the 

classifiers on test data. The maximum accuracy score is 

1 indicating that all predictions from the classifier are 

correct while the minimum accuracy score can be 0. 

Accuracy can be calculated as Accuracy = Number of 

correct predictions T otal number of predictions , (14) 

Another form to calculated accuracy is using  

 

 

 

TABLE 1: Performance results of all models on 

oversampled data using BoW features 

    

 

 

 Classifier   Accuracy Precision Recall   F1 score  

          

 RF  0.92 0.94 0.78  0.83   

 

SVC 

 

0.92 0.87 0.87 

 

0.87 

  

     

 KNN  0.89 0.86 0.74  0.78   

 

DT 

 

0.91 0.84 0.85 

 

0.85 

  

     

 

LR 

 

0.94 0.91 0.87 

 

0.89 

  

     

 RVVC 0.93 0.91 0.85  0.88   

 

V. CONCLUSIONS  

This study analyzes the performance of various 

machine learning models to perform toxic comments 

classification and proposes an ensemble approached 

called RVVC. The influence of an imbalanced dataset 
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and balanced dataset using random under-sampling 

and SMOTE over-sampling on the performance of the 

models is analyzed through extensive experiments. Two 

feature extraction approaches including TF-IDF and 

BoW are used to get the feature vector for models’ 

training. Results indicate that models perform poorly on 

the imbalanced dataset while the balanced dataset tends 

to increase the classification accuracy. Besides the 

machine learning classifiers like SVM, RF, GBM, and 

LR, the proposed RVVC and RNN deep learning 

models perform well with the balanced dataset. The 

performance with an oversampled dataset is better than 

the under-sampled dataset as the feature set is large 

when the data is over-sampled which elevates the 

performance of the models. Results suggest that 

balancing the data reduces the chances of models 

over-fitting which happens if the imbalanced dataset is 

used for training. Moreover, TF-IDF shows better 

classification accuracy for toxic comments than BoW as 

TF-IDF records the importance of a word contrary to 

BoW which simply counts the occurrence of a word. 
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