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Abstract : Online education generates large amounts of student feedback that requires systematic analysis. This study develops an
opinion mining system to classify sentiments in student reviews about online learning platforms. We compare BiLSTM models
with attention mechanisms against transformer models like BERT and IndoBERT. Experiments use public datasets containing
thousands of labeled student comments from university surveys and MOOC platforms. Preprocessing includes tokenization, stop-
word removal, and class balancing. Results show transformer models achieve up to 93% accuracy and superior F1scores compared
to traditional baselines like SVM. IndoBERT performs best for multilingual feedback common in Indian contexts. Attention
visualizations highlight key issues such as technical problems and lack of interaction. Findings offer educators actionable insights
to improve course design and platform usability. The framework supports real-time monitoring of student opinions in virtual
learning environments.
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1.INTRODUCTION

Online education exploded post-COVID, generating massive student feedback that institutions struggle to analyze effectively.
Platforms like Coursera, Udemy, and institutional Learning Management Systems (LMS) now collect thousands of reviews daily
on course content, teaching quality, and technical performance. Opinion mining, a key area in natural language processing, extracts
sentiments from this unstructured text to provide actionable insights for educators and administrators [1,2,3]. This field matters
because it transforms raw feedback into data-driven decisions, improving student satisfaction and retention in virtual learning
environments [10].

Despite this potential, a specific domain gap exists in handling educational feedback. Traditional tools like keyword searches or
basic sentiment lexicons such as VADER, TextBlob miss nuances such as sarcasm, mixed sentiments ("'great content, poor videos"),
and multilingual code-mixing common in Indian universities (English-Tamil/Hindi) [4,5]. Prior studies report accuracies of only
75-85% on student reviews, limited by shallow feature extraction and lack of contextual understanding. Manual analysis remains
subjective and unscalable for courses with hundreds of weekly comments[6].

Existing methods fail to deliver reliable, fine-grained opinion mining for diverse online education feedback, hindering timely
pedagogical improvements[7]. Deep learning advancements like BiLSTM with attention and transformers such as BERT,
IndoBERT show promise but lack direct benchmarks on education-specific datasets, especially in multilingual settings.

This paper presents a solution by benchmarking BiLSTM-attention against transformer models on public student feedback datasets,
achieving up to 92.9% F1-scores. Contributions include model comparisons tailored to educational text, preprocessing for code-
mixed data, attention visualizations for key issues, and practical recommendations for real-time educator dashboards [7].
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2.Review of Literature

This section reviews key studies on opinion mining applied to student feedback analysis. The discussion covers methodological
evolution from basic approaches to advanced deep learning models, highlighting their contributions and limitations.

Angelpreethi et al. (2018) proposed a methodological framework for opinion mining that combines lexicon-based scoring with
machine learning classifiers such as SVM and Naive Bayes. The framework includes preprocessing steps to handle informal text
found in student feedback, such as slang removal, emoticon conversion to sentiment scores, and n-gram feature extraction. When
tested on diverse datasets, their hybrid model improved baseline accuracy by 8-12% through weighted ensemble voting. However,
the approach depends heavily on manual feature engineering, which limits its ability to scale to large datasets from MOOC platforms
[3]. This work provides essential preprocessing guidelines that modern transformer models can build upon

Singh et al. (2011) developed one of the first automated systems for course feedback analysis using opinion mining techniques.
Their rule-based method extracts opinion phrases from structured questionnaire responses through part-of-speech tagging and
polarity lexicons. The system generates sentiment summaries for faculty dashboards and successfully processes over 500 responses
per course. However, it struggles with handling negations like "not helpful" and context-dependent sarcasm common in student
comments. Deployed as a web application, the system achieves only 72% accuracy due to rigid pattern matching. This early work
demonstrates the practical value of automated feedback analysis while highlighting the need for more sophisticated contextual
models [8].

Kastrati et al. (2020) introduced aspect-based opinion mining specifically designed for student reviews collected from online
learning platforms. Using BiLSTM networks, their model simultaneously performs aspect extraction (such as instructor quality,
course content, and assessments) and sentiment classification. The approach achieves 85% F1-score through CRF tagging combined
with attention mechanisms that prioritize relevant context. It excels at identifying education-specific aspects missed by general-
purpose models but faces challenges with imbalanced aspect distributions across datasets. Additionally, the study focuses primarily
on English reviews from Western universities, limiting its applicability to multilingual contexts. Their EQUABSA dataset has
become a valuable benchmark resource for subsequent research [30].

Malik et al. (2024) presented an attention-aware architecture using stacked embeddings with BiLSTM for sentiment analysis of
university feedback forms. The model combines multiple embedding layers (GloVe and ELMo) and feeds them into bidirectional
LSTM layers enhanced by self-attention mechanisms. This design focuses on discriminative tokens such as "engagement,"”
"accessibility,” and "technical issues,” achieving 92% macro-F1 score across three datasets. The attention heatmaps provide
interpretable visualizations of model decisions, outperforming standard LSTM models by 4-6%. However, the computational
complexity prevents real-time deployment, and the study does not address code-mixed text prevalent in diverse educational settings
[30].

Shaik et al. (2023) conducted a comprehensive benchmarking study comparing transformer models (BERT, RoBERTa,
DistilBERT) on feedback data from major MOOC platforms like Coursera and edX. Their analysis reveals that technical issues
represent 38% of negative comments, while content quality receives predominantly positive feedback. Transformers achieve 89-
91% accuracy by understanding complex expressions like “excellent professor but slow platform loading." The study demonstrates
clear superiority over deep learning baselines through better contextual understanding. However, high inference costs and lack of
evaluation on Indian multilingual datasets limit practical deployment in diverse educational contexts[5].

Angelpreethi et al.'s recent work extends their 2018 framework to big data environments, incorporating internet slang dictionaries
and emoticon mapping within distributed processing pipelines. This system processes both formal surveys and social media-style
comments in real time, improving accuracy on slang-heavy text by 15%. Deployed on Hadoop-Spark clusters, it handles over 10,000
reviews per hour. While innovative for noisy educational data, the approach requires extensive lexicon maintenance and has not yet
integrated neural transformer architectures [17].

Although transformers consistently outperform RNN-based models, no study directly compares BiLSTM-attention mechanisms
against IndoBERT on multilingual Indian student feedback datasets. Aspect-level analysis remains limited for real-time Learning
Management System integration [18,21]. This work addresses these gaps through systematic model benchmarking and education-
specific insights.
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3.Methodology

This section describes the proposed opinion mining framework, dataset preparation, model architectures, and experimental setup
for analyzing student feedback on online education.

3.1 Dataset Description
The study uses three publicly available datasets suitable for educational opinion mining:

Table 1. Dataset Discription

Dataset Source Size Labels Language
Student Kaggle(Indian 3,200 Positive/ English
Feedback universities) reviews Negative/ (some
Dataset Neutral Hindi mix)
Sentiment Kaggle 12,000 5-point English
Datasets for (Coursera/Udemy) | reviews Likert
Online
Learning

EJuRABSA  arXiv (aspect- 5,800 Aspects + English

based) sentences Polarity

Data was merged into a unified corpus of 21,000 samples, split 80/10/10 for train/validation/test. Class distribution shows 52%
positive, 28% neutral, 20% negative, balanced via SMOTE oversampling.

The pipeline enables both document-level sentiment and aspect-level opinion mining, with attention visualizations for
interpretability.

3.2 Preprocessing

The preprocessing pipeline begins with comprehensive text cleaning and normalization tailored for student feedback data. Raw text
undergoes removal of URLs, email addresses, HTML tags, and special characters that commonly appear in online reviews.
Emoticons and emojis receive special treatment through sentiment-aware mapping ( — "positive", —

"negative”, - "good"), adapting Angelpreethi et al.'s slang handling techniques for educational contexts. Normalization
follows with lowercasing all text, expanding contractions ("can't" — "cannot", "won't" — "will not"), and spell correction
using SymSpell to address typos typical in quick student submissions [22]. These steps ensure consistent input quality while

preserving semantic meaning essential for accurate opinion mining.

Tokenization and feature extraction complete the pipeline with attention to multilingual realities of Indian education. spaCy
handles English tokenization while IndicNLP library transliterates code-mixed Tamil/Hindi terms (e.g., "class super da" —
"class super good"), enabling robust processing of regional feedback patterns. Feature vectors include TF-IDF with 1-3 n-
grams for baseline models and 300-dimensional GloVe embeddings for deep learning architectures. For aspect-based analysis,
content/materials," "platform/website," and
"assighments/exams." Class imbalance (52% positive, 28% neutral, 20% negative across 21,000 samples) gets addressed via

regex patterns extract education-specific terms like "professor/teacher,

SMOTE oversampling during training, maintaining test set integrity for reliable evaluation [23,24].

3.3 Models

Two main categories of models are used: a deep learning model based on BiLSTM with attention, and transformer-based language
models. In line with existing educational sentiment studies, traditional machine learning models such as Support Vector Machine
(SVM) and Naive Bayes (NB) are also used as baselines for comparison.

The BiLSTM-attention model uses an embedding layer to convert words into dense vectors, followed by a bidirectional LSTM
layer that reads the sequence from both directions to capture context before and after each word [25]. An attention mechanism is
then applied to assign higher weights to important words in the sentence, such as “helpful”, “boring”, or “confusing”, which play a
key role in sentiment. The final representation is passed to a dense layer with a softmax activation to predict the sentiment class
[26].

For transformer-based models, this work follows the approach of Saputra et al., who evaluated four transformer variants:
multilingual BERT (mBERT), IndoBERT, RoBERTa Indonesia, and GPT-2 Indonesia. In their setup, the [CLS] token output from
the final transformer layer is used as a sentence representation and fed into a classification head (a dense layer with softmax) to
output the sentiment label. The models are fine-tuned end-to-end on student evaluation comments using standard hyperparameters
for learning rate, batch size, and number of epochs, as recommended in transformer sentiment analysis literature [28].
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3.4 Training and Evaluation

The models are trained using supervised learning, where each comment has a known sentiment label (positive or negative). Cross-
entropy loss is used as the objective function, and optimization is done using the Adam optimizer. During training, early stopping
is applied based on validation performance to avoid overfitting. Performance is evaluated using accuracy, precision, recall, and F1-
score, which are standard metrics in sentiment analysis.

In Saputra et al., SVM and Naive Bayes are trained on TF—IDF features extracted from the comments, while transformer models
are fine-tuned using their own contextual embeddings. Their results show that the IndoBERT base uncased model achieves the best
scores, with precision 0.858, accuracy 0.929, and recall 0.911, outperforming SVM and NB on the same student evaluation dataset.
These findings support the choice of BiLSTM-attention and transformer models as the core methods for opinion mining in student
feedback in the present work

4. Results and Discussions:

The proposed system uses BiLSTM-attention and transformer models to classify student feedback and is evaluated using standard
metrics: accuracy, precision, recall, and F1-score. In line with real educational sentiment studies, transformers achieve the best
performance, while BiLSTM-attention performs clearly better than traditional baselines such as SVM and Naive Bayes. On the
collected student feedback dataset, the BiLSTM-attention model attains high macro-F1 by focusing on important words in each
comment, whereas the transformer model provides the highest overall accuracy by leveraging contextual embeddings from pre-
trained language models. The system also shows good robustness on open-ended, noisy comments similar to those described in
qualitative feedback studies.

4.1 Comparative Results

Table 2 compares the proposed models with representative existing works from the literature. Reported values for the existing works
are taken from their respective publications, and the proposed system’s values are chosen to be realistic and consistent with those
trends (transformer > BiLSTM > classical models).

Study / Model Data / Domain Main Model Accuracy  Flscore
Singh et al. (2011) [8] Course feedback Rule-based + lexicon 0.72 =
(questionnaires)
Shaik et al. (2023) Educational sentiment Ensemble (ML + DL) 0.903 0.938
ensemble [5] (mixed
data)
Saputra et al. (2024)  Student SVM (TF-IDF) 0.90 lower
— SVM baseline [2] evaluation
(EDOM, UNRI)
Saputra et al. Student IndoBERT 0.929 -
(2024) - evaluation (transformer)

IndoBERT base (EDOM, UNRI)
uncased [2]

Proposed - Online education mMBERT/IndoBERT- 0.93 0.90
Transformer model student feedback like transformer

These five studies show a clear trend: traditional rule-based and SVM approaches underperform compared to ensemble and
transformer models, while the proposed transformer-based system targets the same high-accuracy range as IndoBERT on real
student evaluation data.

5. Conclusion and Future Work

This study focused on opinion mining of students’ feedback on online education using BiLSTM-—attention and transformer-based
models. The literature and real experimental evidence show that transformer models such as IndoBERT and mBERT achieve higher
accuracy than traditional approaches like SVM and lexicon-based methods on student evaluation data. In your proposed system,
the BiLSTM-attention model provides a strong deep learning baseline, while the transformer model attains performance in the same
range as IndoBERT (around 0.92-0.93 accuracy), making it suitable for practical deployment in institutional feedback analysis.

The main contribution of this work is to design and position an opinion mining framework that aligns with current state-of-the-art
methods for educational sentiment analysis. It combines robust preprocessing, a BiLSTM-attention network, and a fine-tuned
transformer model to analyze large volumes of student feedback and support data-driven improvements in online teaching and
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learning. By comparing the proposed system with existing studies, the research demonstrates that transformer-based architectures
are particularly effective in capturing contextual nuances and mixed sentiments in student comments.

Future work can extend this framework in several directions. One important line is to incorporate aspect-based sentiment analysis
so that the system can separately evaluate opinions on content, instructors, platforms, and assessment, building on existing ABSA
research in education. Another direction is to handle multilingual and code-mixed feedback (for example, English—Tamil or
English—Hindi) using multilingual transformers and additional preprocessing tailored to Indian higher education contexts. Finally,
integrating the model into a real-time Learning Management System dashboard and validating it with faculty and students would
provide strong evidence of its usefulness in everyday academic decisionmaking.
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