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Social media has emerged as an important part of societal discourse on
feminism and gender equality, especially in Bangladesh. Nevertheless, any
feminist debate on social media in Bengali polarizes reactions, highlighting
the need for automated sentiment analysis. This paper introduces one of the
earliest multi-class feminist sentiment classification schemes of the Bengali
social media with a manually annotated dataset of 6,830 comments
categorized as positive, neutral, or negative. The framework uses term
frequency-inverse document frequency (TF-IDF) based n-gram feature
representations utilizing traditional machine learning algorithms, with a
majority voting ensemble to determine optimal robust models. The data was
divided into 80% and 20% for training and testing, respectively. Models
were evaluated on the basis of accuracy, precision, recall, and macro-F1 to
correct on imbalance of classes. Multinomial naive bayes (MNB) has the
best accuracy of 84.74% and macro-F1 of 84.66, which is 4-7 times higher
than other models. The ensemble method improved feature strength. Such
results indicate that lightweight machine learning models based on TF-IDF
features and ensemble models can be useful to detect feminist sentiment in
Bangla social media and serve as a guideline in the field of domain-specific
sentiment analysis in low-resource languages and help monitor online
feminist discourse.
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1. INTRODUCTION

The recent spread of social sites has offered new opportunities to people to voice their complaints
publicly and engage in societal debate on different topics. Social media is seizing the social conversation, and
Bangladesh, Dhaka in particular, is remarkably high in its usage [1], [2]. Technological advances, on the
other hand, have been used to spread false information, encourage hate speech, and attack people based on
their ethnicity, religion, gender, or other distinctions [3]. Bias argumentation against certain groups is also
rife [4]. Detection of sentiment focused on feminism is an area that has received more and more attention in
natural language processing, especially hate speech. Past studies have utilized many different methodologies,
such as rule-based systems, automated learning algorithms, support vector machines (SVM), K-nearest
neighbors (KNN), and, more recently, deep learning models [5], [6]. Modifications of the detection of
misogynistic text in the Bengali language using a transformer-based model have also been reported in
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associated literature, although in the context of YouTube commentaries as the new landscape of misogyny
detection within social media networks [7]. Furthermore, transformer-based models like BanglaBERT have
been employed to boost multiclass hate speech detection in the Bengali social media [8].

More recent work on Bangla multimodal and transformer-based learning has also demonstrated that
deep learning architectures can be helpful to complete multiclass classification tasks in crisis and social
media spaces [9]. A general overview of hate speech detection in the Bengali language has also made known
the gains and the challenges faced in this arena as a subset of the general picture of abusive language
detection [10].

Whereas studies of abusive language detection may be found in English, languages like Bangla lack
a resource shortage [11]-[13]. The complexity of the linguistic and cultural context, sarcasm, and
colloquialism in social media makes the Bengali language a complex problem that necessitates a tailored
approach to accurate sentiment analysis and abuse detection [9], [14]. The use of Bangla is widespread, and
approximately 290 million people in the world identify with it as their original language [15]. Feminist
voices in Bangladesh are frequently met with hate and abuse on the internet, which forms a big hindrance to
their participation and action. Recent studies have discussed the analysis of abusive remarks against
feminism using machine-learning techniques [16], [17]. Regardless of these advances, the literature on the
subject is overwhelmed by general or small-scale datasets and does not extend into further areas of feminist
discourse because of the application of multi-class abusive language detection in Bengali. A number of
papers have examined emotional scoring and hate speech recognition in Bangla [18]. They often display
ignorance of socio-cultural context, especially in feminist discourse. Although there is an increasing amount
of literature on Bangla hate speech detection, the available research mostly resorts to general-purpose or
binary classification datasets and fails to explicitly contrast feminist-oriented discourse with multi-class
abusive language detection, which creates a considerable gap in the research domain with specific and
context-dependent modeling. This paper seeks to fill this gap by coming up with a more practical approach to
sentiment analysis in Bangla feminist literature using machine learning.

Although the previous data article settled on dataset building, annotation, and ethical aspects mostly
[19], the current study builds on the previous one by implementing feature engineering and machine learning
methods to identify abusive language in the Bangla feminist discourse. One of the aims is to create and train
a machine learning model that can categorize user comments with accuracy in sentiment, thus helping the
identification of positive, negative, and neutral language in texts on feminism in Bengali. Specifically, the
study makes several significant contributions: Gathering a large amount of data on the topic and facilitating
the analysis of public opinions on feminism, we present a manually annotated feminist-oriented Bengali
dataset. The paper will be structured in the following way: section 1 will contain the introduction and a
comprehensive literature review of the existing literature. Section 2 presents the methodology of this
research, which consists of data collection, annotation, preprocessing, feature engineering, model training,
and evaluation. Section 3 includes the research results and gives an account of the model’s performance.
The discussion is in section 4, and for the possible future work, we recap our work conclusion in section 5.

Offensive language has also been studied by researchers in recent years through the policies of
machine learning (ML) and deep learning (DL), including the Bengali language [20], [21]. To illustrate,
Levchenko and Dilai et al. [22] conducted a study of Ukrainian feminist tweets with the help of the
SentiStrength algorithm to assess the sentiment. However, the bulk of earlier studies has been defined by
small datasets and poor performances, rendering generalization of such studies hard. Scarborough [23]
applied qualitative and naive Bayes sentiment analysis algorithms to gauge the opinion of the people on
gender in 9 regions in the USA and obtained an accuracy of 71%. He used a large pool of tweets, but it was
not representative of the gender attitudes of nonwhite groups and the less-educated individuals/individuals
with limited formal education. Albadi et al. [24] have created a publicly available Arabic dataset that is
designed to identify religious hate speech and has offered a variety of classification models. Their accuracy
was 79%, but it was a small dataset that the authors provided: 1000 tweets per six religions.

Moreover, Herwanto et al. [20] trained a hate speech classification model based on the fastText
algorithm and word representation in the form of a continuous bag-of-words (CBOW) model. This study will
help to guide Indonesia in detecting hate speech on social media early enough to avert misunderstanding and
criminal offenses. The model performs well under binary classification, though not significantly better than
the previous studies. The accuracy is 65.71%. The size of the dataset is 700 comments, which is rather
restricted.

A 1141-data-points model proposed by Hassan et al. [25] was used to take the sentiment, either
positive or negative, based on the chat. The dataset was used with SVM, multinomial naive bayes (MNB),
KNN, logistic regression (LR), decision tree (DT), and random forest (RF). The best accuracy was 86 percent
by SVM. Emon et al. [2] identified various categories of abusive language online using deep learning
algorithms, which are most effective with 82.20% accuracy in recurrent neural network (RNN). The Bangla
language has also been implemented with new stemming rules, which have resulted in improved performance
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of the algorithm. They applied Linear SVM, LR, MNB, RF, artificial neural network (ANN), RNN, and long
short-term memory (LSTM) to the 4700 dataset. Tusher et al. [26] applied ML techniques to study the
addiction to internet gaming to over 401 data points. To train the suggested algorithm and detect three groups
of words in the Bangla language in positive, negative, and neutral data, researchers use six machine learning
algorithms: DT, RF, MNB, extreme gradient boosting (XGB), SVM, and KNN. The maximum accuracy was
73.27 percent by MNB, though the authors utilized certain particular data sets. Hasan et al. [11] examined
various publicly available datasets with sentiment labels and prepared classifiers based on conventional and
deep learning methods. They employed the SVM, RF, convolutional neural network (CNN), FastText, and
transformer-based models, of which they achieved the greatest accuracy of 61.2%. However, this was work
conducted on the low-resource languages, the existing literature on Bangla, and the annotated datasets.

Tuhin et al. [27] employed a topical approach and naive Bayes classification algorithm to six
different categories of emotion categorization, which are happy, sad, tender, enthusiastic, angry, and afraid,
in the context of sentiment and emotion analysis of Bangla textual data; the study resulted in 90%. Existing
sources on the topic of Bangla studies are largely focused on general hate speech or binary classification, and
the idea of feminist-based datasets and the multi-class abusive language detector are under-researched.
Nevertheless, the author might have adopted a more powerful algorithm to ensure excellent performance.

2. METHOD

The methodology encompasses data collection, annotation, dataset preprocessing, relevant feature
extraction, model development, and performance evaluation. The proposed approach starts with data
collection, preprocessing, and analyzing data to uncover patterns of abuse in Bangla-language comments.
The complexities of natural language processing (NLP) in Bangla, a language with its unique linguistic
structure and nuances. This study carefully considers the specific challenges posed by the language. The
methodology is organized into key phrases, each contributing to the study’s overall goal. For the model
evaluation, we have applied an ensemble technique. Since ensemble ML is thought to be the most advanced
answer for many machine learning issues, data science professionals in several industries employ this
powerful machine learning technique [28]. Figure 1 visually represents the workflow, providing a clear
overview of the steps involved.

Performance
Evaluation

Figure 1. Diagram of our proposed methodology

2.1. Data Collection

Data collection serves as the initial and fundamental step of this study. This study has not used a
publicly available dataset; rather, all data have been collected manually, where relevant comments are
gathered from social platforms (e.g., Facebook, YouTube, and Instagram). Comments related to feminist
topics using keyvvords and hashtags such as “TIAR (feminism), “qrT” (feminist), and “TEF WEDR”
(women’s rights) were used to filter the data. In our experiment, we gathered 6,830 datasets manually, as
mentioned in Table 1. Both Bangla and English comments are included; afterwards, English comments are
translated into Bangla using Google Translate to maintain linguistic consistency. The dataset was collected
from Bangla social media platforms to capture real-world linguistic variability, including informal usage,
slang, and noisy user-generated content.
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Table 1. Count of comments

Label Number of comments
Positive 2,346
Negative 2,294

Neutral 2,190

2.1.1 Sentiment annotation

Sentiment annotation involves labeling the collected comments with sentiment categories such as
positive, neutral, and negative. This phase may involve both manual and automatic annotation methods.
However, this study involves manual annotation, and we have labeled these data. Data annotation is a
challenging technique due to sarcasm and colloquial language. Each comment was painstakingly annotated
by native Bangla speakers to make sure it was relevant and to spot any offensive language. This manual
validation process ensures a high-quality dataset suitable for machine learning and natural language
processing tasks, such as sentiment analysis, abusive language analysis, and the study of online gender-based
violence in the Bangla language context. A representative example from the dataset is presented in Figure 2,
Figure 3, and Figure 4 represent the distribution of our dataset.

Comment Label

SEATH 291 (e WETTE  Negative

T T FEE T T = S WS Positive
IS U SR (TS B HIEC EICAT GeT? Megative

TR AEOLE W20 FI0E =09 I% JF3E@  Negative

ETETE L WAL (S5 SEes (Faeias Meutral
“EFE ¢y Positive

o (e 3% S CoTIE WO S (719 (F rere 78 Meutral
S| EFFEH UwE SS9 (97| Negative

AF-STETE, (FFIGT 0% @IteT ssie | Positive

I I . T S TR R}

(4T (F°5 =1 (8 SIFF “0% A @ T HTATSI... Neutral

Figure 2. Manual dataset annotation

.
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Figure 3. Dataset distribution Figure 4. Percentage distribution

2.2. Data preprocessing
Preprocessing techniques were used to reduce the noise that is frequently present in Bangla social
media text, such as emojis, short word usage, and special characters.

2.2.1. Dataset cleaning

Dataset cleaning is an essential preprocessing step that directly impacts the model’s performance.
User-generated content, especially in Bangla, often contains various forms of noise and irregularities,
irrelevant information, and inconsistencies. User comments often contain special characters like #, $, @, %,
punctuation marks, emoji, unnecessary spaces, and numeric digits that do not contribute to understanding the
sentiment or abusive content. These elements are removed to simplify the text and focus on meaningful
content. The following Figure 5 represents the original and cleaned text.
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Original Cleaned
©iF weifRrar WHigE, , , 9UEs "IgE Tels SIS WSS STAIGE QS WIS TAA1R O3l ot
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ST JRA, , , TET @ FroE weEE InEns TP TS R ArATe G ced= fFmn
R AMACed, G Aedw @, , |, SerE . |l JECTH WOOT FARST T AT AT TR St
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100% &5 5 aToa A9t 50 o] BUN T T WTAFTS Go18)
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4|

9% o1 T o Safe = ga e e a% o1 3 e Fafe =i 31 v fafes

TS A g TR Sar Sl FFAG T g T_0s ARy FEE
ST irg A1 O &FIETT BTG AP ?? ST foFg A1 (S SEm GG &

Figure 5. Examples of original and cleaned text after preprocessing

2.2.2. Remove low length comments
Short comments that are too brief, such as single-word or one-character entries

(e.g., “BJI”, “qI”, “GT”), often provide little meaningful information. These low-length comments
can introduce noise or be ambiguous, so we removed comments below a defined threshold. In our dataset, we
identified 18 comments with a length of 1 character that were deemed too short to be helpful for the task at
hand. After removing these low-length comments, we are left with 6,812 comments for further processing.

2.2.3. Data visualization

We utilize word cloud as a data visualization technique to gain a deeper understanding of the
cleaned dataset. A word cloud visually illustrates the words that appear most frequently in the dataset, where
the dimension of each word indicates how frequently it occurs. This helps identify common themes and
patterns in the comments, offering insight into which words are most prominent across positive, neutral, and
negative comments that have been depicted in Figure 6.

Figure 6. Most frequently appearing words in the cleaned dataset

2.2.4. Encoding labels and dataset splitting

After text cleaning, labels (e.g., positive, negative, neutral) are converted into numeric values, a
necessary step for training machine learning models. For instance, positive is encoded as 2, negative as 0, and
neutral as 1. This encoding enhances the model’s understanding of the relationships between the text and its
sentiment in a structured manner, enabling effective classification. Subsequently, the refined dataset is
divided into training and testing sets, where 80% is utilized for training and 20% is kept for testing purposes.
For our dataset of 6,812 (after cleaning), the split results were 5,449 comments for training and 1,363
comments for testing. This balanced division ensures the model has sufficient data to learn from while
rigorously evaluating diverse examples during testing that shows in Figure 7.

Indonesian J Elec Eng & Comp Sci, Vol. 42, No. 2, May 2026: 584-595



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 a 589

Test: 20 (20%)

Train: 80 (80%)

B Train(80%) M Test(20%)

Figure 7. Dataset information

2.3. Feature extraction

For effective representation of textual data, we employed term frequency-inverse document
frequency (TF-IDF) weighting together with Unigram, Bigram, and Trigram approaches. These established
approaches in NLP help extract features by quantifying the significance of terms within individual documents
in relation to their overall presence in the corpus. The feature sizes, as shown in Table 2, were determined
after applying TF-1DF to the preprocessed dataset. Each document in the corpus was represented as a sparse
vector corresponding to the respective n-gram feature. These feature sizes represent the dimensionality of the
input to our machine-learning models during training.

Table 2. N-gram feature size
N-gram type  Feature size

Unigram 12,592
Bigram 73,387
Trigram 150,334

2.4. Model training

After the transformation of a textual data into feature vectors, several machine learning models were
trained. Various standard algorithms such as MNB, LR, RF, KNN, DT, LSVM, and KSVM were
implemented in the study. All models were trained on TF-IDF feature vectors created on unigram, bigram
and trigram representations.

- MNB: MNB is a standard probabilistic learning method used when dealing with text classification. The
features (typically the word frequencies) are assumed to be conditionally independent of the class and of a
multinomial form [29].

- LR: there is the use of logistic (sigmoid) in the linearization phase to scale outputs to probabilities, which
is called LR to model the probability of membership in a class. In text categorization, it is effective when
the data is linearly separable [30].

- RF: the RF ensemble learning method is applied to first create a set of DTs and the output of these DTs is
then joined together to create a reliable classification. The method works well in increasing generalization
and minimizing overfitting particularly in noisy datasets. It is effective to enhance the generalization and
reduce overfitting of noisy data [31].

- KNN: a simple example of an instance-based method is the KNN whose name is quite self-explanatory; it
classifies a sample with the most common label of the k nearest samples. Though computationally
expensive with large text corpora, it is effective in small ones [32].

- DT: a DT is the hierarchical model, which classifies instances by dividing the data recursively based on
thresholds of features. It can handle both categorical and numerical data and is easily interpretable [33].

- Linear support vector machine (LSVM): it is a supervised learning algorithm that identifies the optimal
hyperplane separating data points of multiple classes in a high dimensional space. This approach is
capable of handling both categorical and numerical data and is easily interpretable. It works well on text
and other high-dimensional, sparse data [34].

- Kernel support vector machine (KSVM): Kernel SVM, which enhances the basic SVM [35], works at
non-linearly inseparable data points by non-linearly mapping them into a higher-dimensional space with a
linear separation available using kernel functions.
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2.5. Performance evaluation

F1-score, accuracy, precision, and recall were the main metrics used to assess the model’s
performance. Particular emphasis was placed at first on recall to ensure the model identified most abusive
comments correctly and on F1-score to balance precision and recall for accurate classification. Furthermore,
we implemented a voting algorithm for finding the best robust model, which was MNB. Due to ensemble
results being divided and fairly compared with single models based on unigram, bigram, and trigram feature
representations, majority voting across n-grams enhances robustness.

3. RESULT ANALYSIS
Our work achieved a remarkable outcome compared to the previous work in identifying and
categorizing abusive comments.

3.1. Performance evaluation metrics
Accuracy, precision, recall, F1 score, and the confusion matrix were among the performance metrics
used to evaluate the machine learning model’s performance.
- Accuracy: the terms of true positive (TP), true negative (TN), false positive (FP), and false negative (FN).
Accuracy measures how often the model correctly predicts the labels.

TP +TN

ACCUTaCY = s rp A

M

- Precision: precision refers to the ratio of correctly predicted positive cases to the total predicted positive
cases.

Precision = 2
TP + FN
- Recall: evaluates how many actual positives were correctly detected.
Recall = —= ©)
TP + FN

- F1-score: it is a harmonic mean of precision and recall, balancing them.

Fl-score = 2 * Prec'is'ion * Recall (4)
Precision + Recall

3.2. Comparison of performance across various metrics and models

The unigram, bigram, and trigram feature sets were used to test the machine learning models
employed in this investigation. The evaluation of their performance was based on accuracy, precision, recall,
and F1 score to measure the effectiveness of comment classification. Figure 8 illustrates a visual comparison
of these metrics across the three feature representations, where Figures 8(a)-(c) correspond to the unigram,
bigram, and trigram feature sets, respectively.

Contrasting Metrics Performance for Bigram Feature Contrasting Metrics Performance for Trigram Feature

T Ty w—
L i E
M _ n v
[ & 0
. = . L
e -
8 - 1
i - %40
-
e 0
- 0
1 10
] 0
: E / ¢ s ¢ R s L
4 &

[ Model Name Model Name

(@) (b) (©

Figure 8. Comparison of various metrics for (a) unigram, (b) bigram, and (c) trigram

& ‘JT’

Table 3 shows the analysis and contrasts the outcomes. From the table, performance table of
different models after training, the MNB model outperforms with an accuracy of 84.74% for trigram feature
extraction, the F1-score stands at 84.66%, and recall at 84.74%. These findings show a strong balance
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between minimizing false predictions and accurately detecting abusive content. LR shows competitive
results, especially when using bigram features with 80.38% accuracy, but it is still worse than MNB in all the
evaluation metrics. Other models show lower performance with significantly worse performance observed
when higher order n-gram features are used. Due to its effective sparse handling and high-dimensional TF
features, MNB demonstrates high performance. These features render it very suitable to noisy and informal
Bangla social media text where spelling differences and colloquialisms prevail.

Table 3. Performance evaluation of various models for unigram, bigram, and trigram features

Unigram Bigram Trigram

Model . F1- . F1- . F1-
Accuracy Precision Recall score Accuracy Precision Recall score Accuracy Precision Recall score

LR 80.23  80.00 80.23 79.99 80.38 80.38 80.38 80.03 79.94 80.02 79.94 79.52

DT 67.42 67.22 67.42 67.17 67.42 67.23 67.42 67.23 67.91 67.65 6791 67.66

RF 77.98 78.16 77.98 77.65 77.35 77.80 7735 76.83 77.10 77.66 7710 76.54

MNB 81.22 81.16 81.22 81.19 84.45 84.43 84.46 84.39 84.74 84.88 84.74  84.66
KNN 72.41 74.08 72.41 72.09 72.70 73.42 7270 7231 73.24 73.98 7324 7272
LSVM 75.49 75.65 7549 74.80 72.80 74.30 7280 7173 69.57 72.58 69.57 67.45
KSVM 76.27 76.33 76.27 75.72 75.78 76.42 75.78 75.11 73.78 74.99 73.78 72.89

A study of incorrect cases has shown that the larger percentage of errors are in those cases that have
sarcasm, subtle abuse, slang, or very colloquial expression. Brief remarks that contain little contextual data
also prove difficult and in most cases the predictions are ambiguous. These results demonstrate the innate
complexity of the abusive language detection in Bengali social media text. The dataset depicts class
imbalance that is familiar in sentiment tasks. To address class imbalance remains an important direction for
future research by resampling or cost-sensitive learning.

4. DISCUSSION

In this section, we compare the findings of our study on feminist comment detection with those of
prior research, with the aim of highlighting the improvements achieved by our proposed approach. Figure 9
presents a comparative overview of our work alongside previous studies that have focused on abuse detection
in different contexts or languages. This demonstrates that our results are more accurate than those of the
previous work. Our approach shows a significant improvement in accuracy compared to previous studies that
have focused on either general abuse detection or on feminist issues.

Comparison Analysis

Our approach

Models: LR, DT, RF, MNB, KNN, LSUM, KSVM
Dataset: 5,830 [8angla Dataset]
Classify: Positive, Negative, Neutral

Amit Kumar Dasetal.

Madels: LSVE, LR, MNB, RF, ANN, RNN, LSTM
Dataset: 4700 [Bangla Dataset]

Classify: Slang, Religious Hatred, Personal
Attark, etr.

M. A.Islam

Models: LR, DT, RF, MNB, KNN, LSV, KSVM
Dataset: 700 [Bangla Dataset]
Classify: Positive, Negative, Newtral

Md. Arid Hasan etal.

Madels: SVM, RF, CNN, FastText, and Transformer
Dataset: publicly available sentiment-labeled
datasets

Classify: sentiment and emotinn

Figure 9. Comparison analysis of previous work

5. CONCLUSION

In this paper, a machine learning model was developed to identify public comments within
feminism-related Bangla text, aiming to address a significant challenge in the digital landscape. The research
proposed by concentrating on a language underrepresentation and a domain-specific discourse can illustrate
that lightweight probabilistic models can be competitive in multi-class language detection in low-resource
NLP scenarios. The MNB classifier was found to perform the most successfully with 84.74% accuracy,
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which is probably because it works well at modelling sparse TF-IDF features and is robust under limited,
high-dimensional text conditions. As much as the model was shown to be good, it mainly uses topical aspects
of the lexical and manually marked data, thus being prone to being ineffective in capturing implicit abuse,
sarcasm, and contextual nuances. Practically, the experimental performance demonstrates the relevance of
the suggested solution to the actual moderation systems on social media in Bengali. However, although this
experiment shows promising results, there is still a question. The ability of models for identifying deeper
semantic and contextual data is limited by the average size of the dataset and its dependency on TF-IDF
features. More research in the future will look into domain-adaptive transformer models and contextual
embedding methods to further understand cases of implicit abuse, sarcasm, and ideological dismissal that
are frequently found in feminist discourse. Also, sociolinguistic and pragmatic elements, unique to the
feminist discourse of Bengali, can be added to the models, which can further increase the robustness of
the model.
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