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Abstract— The increasing accessibility of social media platforms has exponentially increased the amount of textual content on the 

internet. Among this textual content, there is also a rapid growth of hate speech on these social media platforms. This offensive and 

hateful speech are increasingly becoming a cause for self-harm, depression and even suicidal tendencies, motivating social media 

platforms to invest in strategies that can make social communities safer. Most of the research done on hate speech detection is done in 

languages like English, Spanish, French and more. There is also a good amount of work done on the Hindi language, but there is not 

much significant work done on the Marathi language apart from a few notable exceptions. Marathi has 83 million speakers many of 

whom consume Marathi social media content. This makes hate speech detection in the Marathi language a desirable opportunity to 

explore. How various pre-processing methods affect hate speech detection in Marathi were explored in this research. Furthermore, 

transfer learning was used to analyse the efficiency of multilingual hate speech detection models for the Marathi language. Finally, how 

hate speech detection in large texts can vary from that in shot text data was explored. 
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 Introduction  

Marathi is a regional language that is spoken in western India 

by over 83 million people (Marathi language - Wikipedia, 

2022). There has been a rapid growth of Marathi speech and 

text on the internet, especially on social media platforms. 

Along with this growth in the use of the Marathi language on 

social media, the use of hate speech in Marathi has also 

increased exponentially. Users are freely expressing their 

opinions about any and everything without thinking of any 

repercussions. The victims of hate speech on social media 

often develop emotional and mental problems like anxiety, 

depression, suicidal thoughts etc [1]. There is a lot of effort 

being put to curb hate speech and filter out hateful comments 

but these are limited to a few high-resource languages like 

English or Spanish. For languages like Marathi where there is 

not much research done, there is no proper censoring 

mechanism for hateful text. Due to this absence, social media 

is filled with profane and hateful texts in Marathi. Even if 

these texts are reported, there is no way to automatically verify 

their profanity and must undergo manual verification. To 

enable social media platforms to incorporate hate speech 

detection and filtering mechanisms, it is crucial to explore this 

topic and develop realistic solutions. 

The research done today on hate speech detection for high-

resource languages is abundant, with a variety of techniques 

being proposed from classical machine learning classifiers like 

SVM, and Random Forests to Deep Learning models which 

use BiLSTMs with rigorous text preprocessing [2][3]. The 

latest research introduces pre-trained transformer models 

called BERT, which has taken over the hate speech detection 

domain by storm [4]. Following this, a lot of research has been 

done on BERT models to enhance them. There is also research 

done using other techniques that can outperform BERT in 

some natural language processing tasks. One such model is the 

XLNet [5]. 

Due to the easy availability of datasets, major work being 

done on hate speech detection is in the English language. But 

recently, with the rapid growth of social media platforms, a lot 

of text content is generated in other languages as well which 

has triggered research in these languages. Work is being done 

in Arabic, French, Greek, Dutch, Japanese and more 

languages [6]; [7]; [8]; [9]; [10]. 

In terms of Indian native languages, recently there has been 

some work being done for hate speech detection in the Hindi 

Language. Techniques for emotion detection and classification 

of tweets in Hindi have been explored [11]; [12]. 

Some research is also done on Indian languages like Bengali, 

Tamil, Telugu, and Malayalam, where the major challenge is 

to acquire a dataset [13]; [14]. Furthermore, recent work has 

explored building models that can identify hate speech in 

multiple languages, such models are called multilingual 

models [15]; [16]. 

Moving to hate speech detection in the Marathi language, 

work has been done to create datasets with a significant 

amount of annotated text [17]. Moreover, work has been done 

to gather datasets that are divided into 4 classes of different 

types of hate speech and train a model using transfer learning 

on this data [18]. Some research is done comparing 

monolingual models with multilingual models for hate speech 

detection in Marathi [19]. The major work done for the 

Marathi language revolves around gathering a dataset and 

applying transfer learning to use existing models and validate 

how well they perform using simple accuracy metrics. Other 

metrics such as F1-score and AUC have not been used to 
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evaluate these models. A set of methodologies and techniques 

that can improve the quality of hate speech classification were 

proposed. Hate speech classification into two categories – 

Hate & Offensive (HOT) or Non–Hate nor Offensive (NOT) 

was targeted. 

Hate & Offensive (HOT) – texts that contain hateful, profane, 

or negative sentiments. 

Non – Hate nor Offensive (NOT) – texts that do not contain 

hateful, negative sentiments. 

A lot of work has been done to categorize hate speech in 

English. In this study, we have attempted to extend this work 

to the Marathi language. 

 

 Materials and Methods 

 

 Dataset  

Two datasets were used for this research: 
1. Short Text Dataset: Each entry in this dataset was a single 

sentence that has a size of 1 to 25 words. 
The combined dataset had a total of 41,100 annotated text 

samples which were divided into train and test samples in a 

70:30 ratio while maintaining class balance. 
2. Long Text Dataset: Each entry in this dataset was a 

paragraph of two or more sentences that has 25 to 1598 words. 

This dataset was created using web scraping and gathering 

texts from news articles and websites. The data was annotated 

manually by two native Marathi speakers.  
The final collected dataset contained 1091 entries which were 

divided into train and test samples in a 70:30 ratio while 

maintaining class balance. 
 Pre-processing 

The text samples were raw texts that contained fillers, 

punctuations, emojis, stem words and more. Each text sample 

was pre-processed to remove extra spaces, numbers, unwanted 

symbols, hashtags. These were removed and the texts were 

cleaned up.  

Further to this, three different pre-processing techniques were 

used experimentally. 

1. Stop-word removal (SWR): Stop words were removed 

from the text. Stop words were identified using GitHub. 

2. Stemming (STM): Stemming is a process of normalizing 

individual words by reducing them to their base or root form. 
3. Emoticon Replacement (EMR): Emoticons are widely used 

in texts on social media. These emoticons resemble a lot of 

sentiments which can be very useful. In some cases, emoticons 

can also be used to identify sarcasm or hidden meanings in 

texts [20]. 
There were seven permutations of the short text dataset that 

were created to perform the experiments on. In the following 

list, the individual pre-processing techniques mentioned are 

performed on the short text dataset. For example, EMR + 

SWR indicates that emoticon replacement and stop word 

removal were performed in that permutation. 

i. EMR 

ii. SWR 

iii. STM 

iv. EMR + STM 

v. EMR + SWR 

vi. SWR + STM 

vii. EMR + STM + SWR 

These permutations were applied on the short text dataset after 

data clean-up, and each permutation was stored as an 

individual CSV file. 

 

 Word Embeddings 

The next step was to convert the text into word embedding 

vectors. The following word embedding technique was used - 

Word2Vec. Word embeddings were created by using the 

genism python library, using the Continuous Bag of Words 

(CBoW) method [21]; [22]. 

 

 Model 

The following SOA deep learning models were used: 

1. Xlm - RoBERTa: A BERT model that is a multilingual 

version of the RoBERTa model that is trained in over 100 

languages [15]. 

2. IndicBERT: A BERT model that is a multilingual version 

of the AlBERT model, and is pre-trained in 12 major Indian 

languages including Marathi [16]. 

3. MahaBERT: A multilingual BERT model that has been 

fine-tuned for the Marathi language [23]. 

 

 Exploration 

The MahaBERT model was used to predict hate speech 

separately on both the short-text and long-text datasets. the 

accuracy, AUC and F1-Score of these classifications were 

compared to evaluate how the length of the text affects the 

efficiency of hate speech detection in Marathi. 

Since a discrepancy in the behavior was seen, ways to improve 

the model performance were explored such that it would 

performs equally well on both short-text and long-text 

datasets. 

The following experiments were conducted on the Long Text 

Dataset to improve its performance (see Table 1). 

 

Table 1: List of experiments on long-text dataset 

 

No. Experiment Description 

1 

Adding BiLSTM Layer after the model output and 

before final classification layer (BL) 

2 

Experiment 1 + Dropout layer (0.2) + Batch 

Normalization (BLBND) 

3 Adding a CNN layer before the model (CN) 

4 

Experiment 3 + Droput Layer (0.2) + Batch 

Normalization (CNBND) 

5 Experiment 1 + Experiment 2 (CNBL) 

6 Experiment 2 + Experiment 4 (CNBLBND) 

 

 Results and Discussion  

As described in section 2.4, three models were trained and 

evaluated on the seven pre-processed CSV files, implying 21 

results in total. Each result contains AUC, F1-Score and 

Accuracy and so there were a total of 63 metrics to compare. 
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3.1 Short Text Dataset - Model Evaluation and Metrics 

There was a total of 63 result metrics collected for the 3 

models for 3 metrics over 7 pre-processing techniques. The 

following Table 2 contains a summarized view of all the 

metrics. 

 

Table 2: Model Evaluation Metrics - Short Text Dataset 

 

Pre-processing 

Technique 

Evaluation 

Metric 

Model 

MahaBERT 

XLM-

RoBERTa 

Indic-

BERT 

Without 

Accuracy 0.8280 0.8213 0.8331 

F1-Score - - - 

Preprocessing* 

AUC - - -  

 Accuracy 0.9223 0.8326 0.8605 

EMR F1-Score 0.9195 0.8446 0.8525 

 AUC 0.9222 0.8312 0.8598 

 Accuracy 0.9412 0.8501 0.8750 

SWR F1-Score 0.9400 0.8518 0.8692 

 AUC 0.9412 0.8502 0.8750 

 Accuracy 0.9191 0.8766 0.8620 

STM F1-Score 0.9139 0.8740 0.8641 

 AUC 0.9185 0.8769 0.8634 

 Accuracy 0.9131 0.8827 0.8453 

EMR + STM F1-Score 0.9107 0.8798 0.8349 

 AUC 0.9132 0.8833 0.8446 

 Accuracy 0.9140 0.8855 0.8458 

EMR + SWR F1-Score 0.9101 0.8862 0.8522 

 AUC 0.9138 0.8858 0.8464 

 Accuracy 0.9150 0.8821 0.8312 

SWR + STM F1-Score 0.9095 0.8840 0.8375 

 AUC 0.9141 0.8822 0.8322 

EMR + STM + 

Accuracy 0.9185 0.8432 0.8449 

F1-Score 0.9151 0.8524 0.8519 

SWR 

AUC 0.9182 0.8517 0.8460  

 

3.1.1 Model-wise Evaluation of Pre-Processing Techniques 

For each model, it was observed that, using a preprocessing 

technique does improve the overall performance of the model. 

In the case of MahaBERT, the accuracy score without pre-

processing was 0.8280, while after using SWR, the accuracy 

score jumps up by 0.1132 to 0.9412 which was a huge jump.  

In the case of XLM-RoBERTa, the accuracy score without 

pre-processing was 0.8213, while after using EMR+STM, the 

accuracy score jumps up by 0.0614 to 0.8827.  

In the case of Indic-BERT, the accuracy score without pre-

processing was 0.8331, while after using SWR, the accuracy 

score jumps up by 0.0419 to 0.8750. All other preprocessing 

techniques apart from SWR+STM used on IndicBERT yielded 

a performance better than what was achieved without pre-

processing. 

 

3.1.2 Overall Evaluation of Pre-Processing Techniques 

Comparing single pre-processing techniques – EMR, STM 

and SWR, it was observed that SWR performed the best 

among these three, while EMR and STM performed equally. 

For double pre-processing, it was observed that all three 

double pre-processing techniques performed equally well – 

EMR + STM, EMR + SWR, SWR + STM. 

Furthermore, the triple pre-processing technique – EMR + 

STM + SWE performed the with the least improvement as 

compared to any single or double pre-processing technique. 

 

3.2 Long Text Dataset - Model Evaluation and Metrics 

The following Table 3 shows six experiments carried out on 

the long text data set and the results. 

 

Table 3: Model Evaluation Metrics - Long Text Dataset 

 

Experiment 

 Metrics  

Accuracy F1-Score AUC 

MahaBERT 0.8232 0.7514 0.6201 

BL 0.8558 0.7490 0.6257 

BLBND 0.8160 0.7474 0.6194 

CN 0.8349 0.7290 0.6152 

CNBND 0.8132 0.7213 0.6082 

CNBL 0.8898 0.7912 0.6589 

CNBLBND 0.8234 0.7362 0.6103 

 

The following diagram details the flow of experiments 

conducted on the long text dataset (Fig. 1). 

 

 
Fig.1 Flow diagram detailing experiments on long text dataset. 
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3.2.1 Effect of Class Imbalance - Comparison of Metrics 

The MahaBERT model had an accuracy of 0.8232 on the long 

text dataset, but it had an AUC of just 0.6201. Furthermore, 

when compared, the accuracy score of MahaBERT model on 

the short text dataset was 0.8280 while that on the long text 

dataset was 0.8232. But the AUC score of the MahaBERT 

model on the short text dataset was 0.8132 which was close to 

the accuracy score, while the AUC of the MahaBERT model 

on the long text dataset was 0.6201 which was far lower than 

the accuracy score. 

 

3.2.2 Evaluation of Experiments 

The CNBL experiment performed the best, improving the 

model AUC from 0.6201 to 0.6589. Among the other 

experiments, only BL improved the model performance, while 

all other experiments yielded reduction in model performance. 

All experiments that had the batch normalization and dropout 

layers yielded degradation in model performance. 

 

 Conclusions  

There were two main studies conducted as a part of this 

research. The first experimented with different pre-processing 

techniques using three different models on the short text 

dataset. Accuracy, F1-Score, and AUC metrics were evaluated 

and compared. 

The second study experimented with how size of texts affected 

model performance. For this, experiments were conducted 

using the MahaBERT model on the long text dataset. 

The pre-processing techniques applied on the short text dataset 

yielded promising results. The accuracy of the models was 

improved on an average by 13.67%.  It can be concluded that 

language specific pre-processing plays an important role in the 

performance of the model and a significant increase in model 

performance can be achieved by focusing on using the correct 

pre-processing techniques according to the language. 

For the study conducted on the short-text dataset, it the 

difference between accuracy, F1-Score and AUC was 

negligible. But the same metrics evaluated in the study on the 

long text dataset yielded high accuracy but average F1-Score 

and AUC metrics. This indicated that studies conducted in this 

field should be cautions enough to consider all valid metrics 

before publishing results as using only accuracy is not enough. 

Furthermore, the tests conducted on the MahaBERT model 

using longer texts from the long text dataset yielded a decrease 

in performance by 24%. This is a big drop in the model 

performance. Considering that a lot of hate speech is present 

on platforms that are not just social media sites and can 

contain large texts, these models won’t perform as efficiently 

and would yield incorrect results. 

Pre-processing techniques when chosen correctly can 

significantly improve model performance in the domain of 

hate speech detection. The nuances of the language should be 

considered when choosing the pre-processing technique. 

Moreover, hate speech detection for Marathi currently has 

some significant work done for texts in social media websites. 

These texts are shorter in size lighter to process as well. But 

when it comes to longer texts that might be found in blogs, 

articles and news websites, the same models perform poorly. It 

is possible to improve the model performance on such longer 

texts by adding external components while keeping the model 

intact. 

Although pre-processing techniques improve the model 

performance significantly, it is still up to the researcher to 

choose the correct pre-processing techniques. Work needs to 

be done to develop techniques that can identify the best pre-

processing techniques based on nuances of a language. This 

can then be integrated with the hate-speech detection model 

and can function as one single model. 

Furthermore, work needs to be done to build models that can 

better identify hate-speech in longer texts. These models need 

to have the intelligence to identify which part of the large text 

has hate-speech, if any. A good model will be one that can 

identify hate-speech in short as well as long texts equally 

efficiently. 
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