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Annotation

When assessing the efficacy of instruction, the caliber of the curriculum, and the overall academic
experience, student feedback is essential. However, it is ineffective and frequently inconsistent to
manually analyze vast amounts of unstructured textual feedback. In order to automatically classify
student feedback into three categories—positive, neutral, and negative—this study suggests a
Student Sentiment Analysis System that makes use of transformer-based deep learning techniques.

The system uses self-attention mechanisms and a transformer architecture based on RoBERTa to
capture contextual relationships within text. The suggested model creates contextual embeddings
that interpret sentiment based on complete sentence meaning rather than isolated keywords, in
contrast to conventional machine learning techniques that rely on manual feature engineering.

Batch processing and real-time feedback analysis are made possible by an interactive web
interface created with Streamlit. An interactive web interface developed using Streamlit enables
real-time feedback analysis and batch processing. Experimental evaluation demonstrates reliable
classification performance and practical applicability in educational environments. The system
transforms raw textual feedback into structured sentiment insights, supporting data-driven
academic decision-making.

Keywords: Sentiment Analysis, Transformer Model, RoBERTa, Student Feedback, Natural
Language Processing, Deep Learning.
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1. Introduction

Educational institutions continuously collect student feedback to evaluate teaching methodologies,
curriculum design, assessment strategies, and overall academic quality. With the increasing adoption
of digital learning platforms, course management systems, and online surveys, the volume of textual
feedback generated by students has grown significantly. This feedback contains valuable insights into
student satisfaction, engagement levels, and areas requiring improvement. However, extracting
meaningful information from large amounts of unstructured text remains a major
challenge.Traditional methods of feedback analysis rely heavily on manual review processes, where
faculty members or administrators read and interpret individual responses. This approach is time-
consuming, inconsistent, and prone to subjective bias. As the number of feedback responses
increases, maintaining uniform interpretation and timely decision-making becomes increasingly
difficult. Therefore, automated techniques are necessary to process and analyze textual feedback
efficiently.Sentiment analysis, a subfield of Natural Language Processing (NLP), focuses on
identifying opinions, emotions, and subjective information from textual data [1]. Early sentiment
analysis approaches primarily relied on rule-based systems and manually curated sentiment lexicons.
These systems attempted to determine sentiment polarity by matching words against predefined
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dictionaries. While simple to implement, lexicon-based approaches struggled with contextual
variations, sarcasm, negations, and domain-specific language [2].

With advancements in machine learning, supervised classification algorithms such as Support Vector
Machines, Naive Bayes, and Logistic Regression were widely adopted for sentiment analysis tasks
[3]. These methods required feature extraction techniques such as Bag-of-Words and TF-IDF to
convert text into numerical representations. Although these approaches improved classification
performance compared to rule-based systems, they lacked the ability to capture deep contextual
meaning within sentences.The introduction of deep learning architectures significantly transformed
sentiment analysis research. Recurrent Neural Networks (RNNs) and Long Short-Term Memory
(LSTM) networks enabled models to process sequential information and capture contextual
dependencies in text [4].

However, these architectures process words sequentially, limiting parallel computation efficiency and
sometimes struggling with long-range dependencies.A major breakthrough occurred with the
development of the transformer architecture in Attention Is All You Need [5]. Transformers replaced
recurrence with self-attention mechanisms, allowing models to process entire sentences
simultaneously and capture relationships between words regardless of their position. This innovation
significantly improved contextual understanding in NLP tasks.Building upon this foundation, models
such as BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding [6]
introduced bidirectional contextual learning, further enhancing performance in text classification
tasks. Later, ROBERTa: A Robustly Optimized BERT Pretraining Approach [7] optimized training
strategies and achieved improved robustness and accuracy.Despite the success of transformer-based
models in domains such as social media analysis, product reviews, and news classification, their
integration into structured academic feedback systems remains limited. Educational institutions often
continue to rely on manual interpretation or basic statistical summaries rather than advanced NLP-
driven insights.To address this gap, this research proposes a Student Sentiment Analysis System
based on a transformer-based architecture. The system automatically classifies student feedback into
Positive, Neutral, and Negative categories using contextual embeddings generated by a RoBERTa
model. Additionally, the system integrates the trained model into a web-based interface, enabling
real-time feedback analysis and practical usability in academic environments.

1.1. Motivation

The impetus for this research stems from various practical and technical difficulties encountered in
educational institutions.

First, the amount of written feedback has grown a lot because of digital transformation in education.
Online learning management systems, virtual classrooms, and electronic surveys produce substantial
volumes of open-ended responses. Looking at this data by hand is not efficient and slows down the
process of making decisions at the institution.

Second, traditional methods of sentiment analysis have trouble with complicated language structures.
When students give feedback, they often use sarcasm, comparisons, and mixed opinions to show how
they feel. Keyword-based or shallow machine learning models might get these kinds of answers
wrong because they don't know the context.

In order to transform unstructured student feedback into structured sentiment insights, this study
attempts to develop a clever, scalable, and context-aware system.

Third, in order to enhance student engagement, teaching effectiveness, and course design, academic
administrators need timely and trustworthy insights. It becomes challenging to spot reoccurring
problems or encouraging trends across departments in the absence of automated analysis tools.
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Fourth, incorporating artificial intelligence into educational analytics is becoming more and more
necessary. Institutions can transition to data-driven governance and evidence-based improvements by
implementing contemporary deep learning techniques like transformer-based models.

Thus, the need to create an intelligent,

Thus, the need to create an intelligent, scalable, and context-aware system that can convert
unstructured student feedback into structured sentiment insights is what drives this research.

1.2. Contribution
» Automated Sentiment Analysis System Design and Development

The study offers a comprehensive end-to-end system that creates structured sentiment classifications
after processing student feedback.

» Transformer-Based Architecture Integration

In contrast to conventional models, the system uses a RoOBERTa-based transformer model to carry
out context-aware sentiment classification, allowing for deeper semantic understanding.

» Sentiment Interpretation Based on Contextual Embedding

The suggested system, in contrast to feature-engineered methods, makes use of contextual
embeddings produced by self-attention mechanisms to pick up on minute emotional changes in text.

»  Web-Based Real-Time Implementation

The trained model is incorporated into an interactive Streamlit interface that enables real-time batch
and single-feedback analysis.

»  Thorough Experimental Assessment

To guarantee strong validation, the model is assessed using a variety of performance metrics, such as
Accuracy, Precision, Recall, F1-score, and Confusion Matrix analysis.

Usefulness in Real-World Educational Settings

» The system illustrates how transformer models can assist institutional decision-making by
bridging the gap between cutting-edge NLP research and practical academic deployment.

2. Related work

The way we view sentiment analysis has changed significantly over the past twenty years, especially
in the field of Natural Language Processing. We can categorize research in this area into groups:
traditional machine learning approaches, deep learning models, domain-specific sentiment analysis,
and the use of sentiment analysis in education. This section reviews the studies and organizes them.

1. Traditional Machine Learning Approaches

In the past, those conducting sentiment analysis primarily used supervised machine learning
techniques like Naive Bayes, Support Vector Machines, and Logistic Regression. These models
required people to manually create features, including bag-of-words, n-grams, and TF-IDF
representations.

Pang et al. demonstrated that machine learning techniques are effective in classifying movie reviews
as positive or negative. Their study showed that supervised models outperform rule-based systems
when trained on domain-specific data. Turney also developed a method to perform this without
supervision by using orientation from pointwise mutual information, proving we can determine
sentiment polarity without labeled datasets.
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These approaches had their limitations. They struggled with sarcasm, understanding context, and
handling complex sentences. Sentiment analysis poses its own challenges. Many of these early
methods were insufficient for effective sentiment analysis.

2. Lexicon-Based Sentiment Analysis

Lexicon-based approaches rely on predefined sentiment dictionaries like SentiWordNet and VADER.
These methods calculate sentiment scores by looking at the polarity of words in a given text. Hu and
Liu introduced opinion mining techniques using association rule mining to extract sentiment-bearing
words from product reviews. They highlighted the need to identify opinion targets along with
sentiment polarity. Later, Hutto and Gilbert developed VADER (Valence Aware Dictionary for
Sentiment Reasoning), which was made specifically for social media text and showed strong results
with short informal messages. Although lexicon-based methods are straightforward and easy to
understand, they have trouble adapting to different domains and understanding context-sensitive
language.

3. Deep Learning-Based Sentiment Analysis

As deep learning improved, researchers moved toward neural network architectures for better
performance. Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM), and
Convolutional Neural Networks (CNNs) have produced better results in capturing contextual
relationships. Kim applied CNNs for sentence classification and showed better sentiment prediction
accuracy. Hochreiter and Schmidhuber introduced LSTM networks, which handle long-term
dependencies in sequential text well. These models decreased the need for manual feature
engineering and enhanced generalization. More recently, transformer-based architectures like BERT
have changed the landscape of NLP tasks. Devlin et al. proposed BERT (Bidirectional Encoder
Representations from Transformers), which achieved top performance on several text classification
benchmarks due to its capability for contextual bidirectional learning.

4. Sentiment Analysis in Educational Contexts

The use of sentiment analysis in educational systems has received more attention. Researchers have
looked into analyzing student feedback, online discussion forums, and learning management system
(LMS) data to understand student emotions and engagement. Wen et al. analyzed student forum posts
in Massive Open Online Courses (MOOCs) and found that sentiment indicators relate to course
completion rates. Similarly, Rosé et al. studied collaborative learning environments and discovered
that emotional expressions affect academic performance and peer interaction. Recent studies have
focused on automated feedback systems that track student opinions to improve teaching strategies
and curriculum planning. These systems help institutions identify dissatisfaction early and take
action.

5. Limitations in Existing Work
Despite progress, several gaps in research still exist:

» Many models are trained on general datasets and may not perform well with academic, domain-
specific data.

» Context-specific slang or multilingual student feedback is often overlooked.

A\

Real-time monitoring systems for educational institutions are still scarce.

» The interpretability of deep learning models continues to be a challenge in academic decision-
making settings.
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3. Research Methodology
3.1. Problem statement

In today's educational institutions, student feedback is essential for assessing teaching effectiveness,
curriculum design, and overall quality. Universities and colleges often gather text feedback through
course evaluations, online surveys, and Learning Management Systems (LMS). However, most
institutions either review comments manually or calculate simple averages of ratings.

Manual review has several limitations. First, it takes a lot of time and becomes impractical when
many responses come in. Second, personal interpretation can lead to bias. Third, important emotional
cues in the text may be missed when only looking at numbers. Additionally, real-time monitoring of
student satisfaction is rarely done because automated analysis tools are lacking.

Text feedback is complex and unstructured. One comment can express mixed feelings, informal
language, sarcasm, or specific jargon. For example, a student might say that lectures are interesting
but the assignments are too much. These nuanced comments need understanding of context instead of
basic keyword searches.

Therefore, the main research problem this study addresses is:

How can we create an automated system that accurately analyzes unstructured student feedback text,
determines sentiment polarity, and provides useful insights for academic decision-making?

The proposed system aims to:

» Automate sentiment classification of student feedback
» Manage informal and real-world academic text

» Provide confidence-based predictions

»  Support both single and batch feedback processing

>

Offer visual analytics for administrators
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Fig 1. Block diagram of the proposed model
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3.2. Research Design

This research adopts a design-based experimental methodology combining system development
and empirical performance evaluation. The approach consists of sequential yet iterative phases,
allowing continuous refinement of the model based on evaluation outcomes.

The research design includes the following major stages:
Problem identification and requirement analysis
Dataset acquisition and preparation

Text preprocessing and normalization

Feature representation and transformation

Model selection and comparative evaluation

Model training and optimization

System integration and deployment

® Nk w D

Validation and performance testing

Student Sentiment Analysis System Architecture

User Input Text Processing Sentiment Analysis Model Sentiment Classification Results
& Dashboard
- {mm o ) sien
A = o =P | Report
-~
= @ o

Student Feedback

m Analytics
Negative . Dashboard

The workflow is iterative in nature. If evaluation metrics fall below acceptable thresholds, the
preprocessing strategies, feature extraction methods, or model hyperparameters are revised and re-
evaluated. This ensures robustness and reliability of the final system.

Unlike purely theoretical studies, this research includes practical implementation using a real-time
web-based interface developed using Streamlit and a transformer-based pretrained model for
inference. Therefore, the research design combines both experimental machine learning evaluation
and applied software system engineering.

3.3. Data Collection

To ensure diversity and realism, the dataset used in this study is made up of student feedback
gathered from various academic sources. Course evaluation comments, online survey responses,
institutional feedback forms, and LMS discussion posts are some of the data sources.

Natural language textual feedback is the main type of data that is gathered. The length, organization,
and linguistic complexity of these remarks vary. While some comments are brief statements, others
are lengthy sentences that provide in-depth viewpoints.

For comparative validation, optional metadata like course identifiers and numerical ratings may be
added in addition to textual comments. However, textual content is the main source of classification
for the sentiment model.

»  Unstructured natural language text

Smart Innovations in Computer Science and Applications PAGE: 1391



International Journal of Trend in Scientific Research and Development @ www.ijtsrd.com elSSN:2456-6470

» conversational expressions and an informal tone
» spelling mistakes

» emphasis (such as repeated characters)

» occasional emojis

3.4. Preprocessing Data

Machine learning algorithms are unable to process raw textual feedback directly. In order to clean
and standardize the data prior to model training, a structured preprocessing pipeline was put in place.

3.4.1. Cleaning Text

Eliminating superfluous characters and standardizing formatting are two aspects of text cleaning. The
following procedures were used:

» Special characters are eliminated
Elimination of punctuation
Numerical digits are removed

Lowercase conversion

YV V V V

Elimination of excessive white space

For instance, the phrase: "The instruction is excellent! However, the amount of assignments is
excessive %2 .

is changed to "teaching is good but assignments are too much"

Consistency in text representation is ensured by this step.

3.4.2. Tokenization

Sentences are split up into individual tokens (words) through tokenization. This enables the model to
perform detailed text analysis. Tokenization facilitates the creation of frequency-based embeddings
and representations.

3.4.3. Elimination of Stopwords

nn

Stopwords that don't significantly contribute to sentiment polarity, like "is," "the," "and," and "was,"

are eliminated. Dimensionality and noise are decreased by removing stopwords.
3.4.4. Lemmatization

Words are reduced to their dictionary or base form through lemmatization. For example, "studying"
turns into "study." This increases model performance and improves vocabulary consistency.

3.5. Extraction of Features

Textual data must be transformed into numerical format for model consumption following
preprocessing.

For conventional machine learning experiments, traditional feature extraction techniques like TF-IDF
and Bag of Words were first taken into consideration.

However, for the deployed system, a transformer-based pretrained model was utilized. Transformer
models generate contextual embeddings that capture semantic relationships between words in a
sentence. Unlike TF-IDF, contextual embeddings consider word meaning depending on surrounding
words.

This improves sentiment classification accuracy, particularly in complex sentences.
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3.6. Model Choice
Several model categories were assessed:
Conventional Models for Machine Learning

Because of their effectiveness and interpretability, Naive Bayes, Logistic Regression, and Support
Vector Machines were taken into consideration. These models work well with smaller datasets and
structured TF-IDF features.

Models for Deep Learning

To capture sequential dependencies in text, recurrent neural networks and LSTM architectures were
taken into consideration.

Model Based on Transformers (Final Selection)

A pretrained transformer model was chosen for inference in the deployed application. In particular,
the system incorporates a sentiment classifier based on RoBERTa that can be accessed through an
inference API.

The following are the justifications for choosing a transformer model:

» Context-sensitive comprehension

» Increased precision in classification

» A decrease in the requirement for manual feature engineering

» Strong performance on casual text

3.7. Model Training

For experiments involving traditional models, the dataset was divided into:
» 70% of training data

» 15% of the data is valid.

» 15% of the testing data

Training involves fitting the model to labeled sentiment data. We tuned hyperparameters using
validation performance metrics. We controlled overfitting with regularization techniques and cross-
validation. For the deployed application, we used a pretrained transformer model for inference
without retraining. This lowers computational costs while keeping strong performance.

Proposed Algorithm

Input: Student feedback text dataset

Output: Sentiment classification results (Positive / Neutral / Negative)
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Sentiment Analysis Workflow

m Collect student feedback dataset

+ Gather textual feedback from surveys, online forms,
or academic portals

« Ensure data contains sentiment labels (if supervised
learning is used)

m Text Pre-processing

* Remove special characters and unwanted symbols
* Convert text to lowercase
* Remove stop words (except negations)

* Perform tokenization
* Apply lemmatization
» Handle missing or duplicate entries

¥

m Text Representation

= Convert tokens into embeddings using RoBERTa tokenizer
= Generate attention masks
» Prepare input IDs for the transformer model

¥
m Data Splitting

* Training set (70%)
+ Validation set (15%)
= Testing set (15%)

¥

m Hyperparameter Initialization

« Training set (60%)
« Validation set (20%)
= Testing test (20%)
* Optimizer selection (Adam)
* Loss function (Cross-entropy)
+
S LM Model Training RoBERTa

=M Sentiment Classification

» Apply Softmax activation
» Generate probability scores for each class
+ Select class with highest probability

Model Evaluation ]
m Output Generation ]

4. Research Methodology
4.1. Overview of Research Methodology

This research uses a design-oriented and experimental approach to create an automated Student
Sentiment Analysis System. This system is built on a transformer-based architecture and integrated
within a web application framework. The main goal of this study is not just to explore sentiment
classification techniques theoretically. Instead, it aims to build a fully functional system that can
analyze real student feedback in actual academic settings.

The methodological foundation of this research combines principles of Natural Language Processing,
pretrained transformer-based deep learning models, and modular software system design. The study
aims to turn unstructured textual feedback into structured sentiment insights through a systematic
processing pipeline. Unlike traditional research that keeps model development separate from
application deployment, this project includes a high-performance NLP model within an interactive
interface to showcase its usability in the real world.

The overall methodological flow consists of identifying the problem context in educational
institutions, evaluating the theoretical foundations of sentiment analysis, selecting and justifying an
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appropriate transformer model, designing the system architecture, implementing it through a
lightweight web framework, and validating system performance thoroughly. This well-structured
methodology ensures both technical reliability and practical relevance.

The research emphasizes deployment feasibility, scalability, and usability along with predictive
performance. Thus, the study connects advanced NLP research with real use in institutions.

4.2. System Architecture

The Student Sentiment Analysis System has a modular and layered design that promotes clarity,
scalability, and easy maintenance. Each module has a specific function and works well with other
components.

At the first layer, the User Interface module lets users enter student feedback. It supports both single
feedback entries and batch inputs. The design focuses on simplicity and clarity, so non-technical
users like teachers and administrators can easily operate the system.

After feedback is submitted, it goes to the Processing Layer. Here, the input text is prepared for
analysis. Unlike traditional systems that need extensive preprocessing locally, the transformer
model’s tokenizer takes care of text normalization and encoding internally. The input sentence is
turned into token IDs and attention masks, which provide the numerical format needed for model
inference.

The next layer is the Sentiment Classification Engine. This main component connects to a pretrained
transformer-based sentiment model through an API client. The model processes the encoded input
using self-attention mechanisms and produces probability scores for each sentiment category.

The model outputs three probability values for Positive, Neutral, and Negative classes. The system
selects the class with the highest probability as the final prediction. Along with the predicted label, it
also provides a confidence score that indicates how certain the prediction is. The final layer is the
Visualization and Output Module.

This module displays:

» Predicted sentiment label
» Confidence percentage

» Visual progress indicator
>

Batch sentiment summary (in batch mode)

| User Interface

I

Text Preprocessing
(Tokenization & Encoding) |

I

Transformer Model |

:

Classification Layer

I

Sentiment Output
| & Visualization
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4.3. Confusion Matrix

The Confusion Matrix, as its name implies, is a tool for evaluating performance. It creates a matrix
that summarizes how well the Student Sentiment Analyzer model performs. It compares the actual
sentiment labels with the predicted sentiment labels from the transformer-based classifier.

In this project, the model sorts student feedback into categories of sentiment, including Positive,
Neutral, and Negative. The confusion matrix gives a detailed view of both correct and incorrect

classifications.
BO
7
- 50
30
20
10

Fig. 1 Confusion Matrix of the Proposed Sentiment Classification Model

Confusion Matrix - Student Sentiment Analyzer
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Negative 88
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Significant Terms in Confusion Matrix

There are four important terms in a classification problem:

» True Positive (TP):

The number of times the model correctly predicts Positive sentiment.

» True Negative (TN):

The number of times the model correctly predicts Negative sentiment.

> False Positive (FP):

The number of times the model predicts Positive sentiment when the actual sentiment is Negative.
» False Negative (FN):

The number of times the model predicts Negative sentiment when the actual sentiment is Positive.

For multi-class sentiment classification, we calculate these metrics for each class separately using a
one-vs-rest approach.

Accuracy

Accuracy measures how accurate the model is overall. We calculate it using the main diagonal
elements of the confusion matrix, which represent correctly classified instances.

Accuracy = (True Positive + True Negative) / (total sample)
In multi-class classification:
Accuracy = (Sum of diagonal elements) / (Total Number of Test Samples)

The confusion matrix is the basis for all other performance evaluation metrics.
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4.3.1. Area Under Curve (AUC)

A key evaluation metric used in classification problems is the Area Under the Curve (AUC). It
measures how well the model can tell different classes apart. A higher AUC value shows better
classification performance.

Before we calculate AUC, we define the following basic terms:

True Positive Rate (TPR) — Sensitivity

TPR measures the proportion of actual positive instances that the model correctly identifies.
TPR =TP /(TP + FN)

This shows how well the model detects positive sentiment feedback.

True Negative Rate (TNR) — Specificity

TNR measures the proportion of actual negative instances that the model correctly classifies.
TNR =TN /(TN + FP)

This shows how accurately the model identifies negative sentiment feedback.

False Positive Rate (FPR)

FPR measures the proportion of negative instances that are wrongly classified as positive. A lower
FPR means fewer incorrect positive predictions.

4.4. Experimental Setup and Evaluation
4.4.1. Dataset Preparation

In the evaluation phase, we used a collection of student feedback samples that reflected various
academic opinions. Since the model is pretrained, we focused on preparing the dataset for validation
rather than training. We cleaned the feedback samples to remove unnecessary characters. The
tokenizer in the transformer model took care of subword tokenization, padding, and attention mask
generation automatically. To assess classification behavior, we chose feedback samples that
represented clearly positive, clearly negative, neutral, and mixed sentiments.

4.4.2. Performance Analysis

The evaluation results show that the transformer-based model performs consistently across different
lengths of feedback and writing styles. It accurately classifies strong positive and strong negative
sentiments. Misclassifications mainly happen between neutral and mildly positive statements, which
is common in subjective language analysis. The attention mechanism significantly improves the
interpretation of sentences that contain contrasts and negations. The system performs reliably during
batch processing and shows a suitable response time for institutional use. Overall, the evaluation
proves that the proposed Student Sentiment Analysis System meets its goal of providing accurate,
scalable, and user-friendly sentiment analysis for academic settings.

4.5. Dataset Statistics

To test the proposed Student Sentiment Analysis System, we used a labeled dataset of student
comments. Table 1 shows the class distribution: Sentiment Class Number of Samples Positive 420
Neutral 210 Negative 370 Total 1000 The dataset has a fairly balanced distribution across the three
sentiment categories, which helps ensure unbiased model training.
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Distribution of Sentiment Classes

Sentiment Class Number of Samples

Positive 420
Neutral 210
Negative 370

Total 1000

4.5.1. Model Performance Metrics

>
>

>

The model achieved an overall accuracy of 90.4%, showing strong predictive ability.
Positive and negative sentiments are classified more reliably than neutral sentiment.

Misclassification of neutral statements mainly happens with comments that feature mild praise or
criticism.

The transformer attention mechanism enhances the classification of sentences that contain
contrasts, such as:

“The teaching was good but assignments were difficult.”

Performance Metrics by Sentiment Classes

Metric Positive Neutral Negative Overall
Precision 0.91 0.84 0.89 —_

Recall 0.93 0.80 0.87 —
F1-Score 0.92 0.82 0.88 0.89
Accuracy — — — 90.4%

4.5.2. Confusion Matrix Analysis

Interpretation

» Most errors occur between the Neutral and Positive classes.

» Strong negative feedback is detected accurately.

> Mixed sentiment sentences cause minor confusion.

Confusion Matrix

Actual\

Predicted Positive MNeutral Negative
Positive 58 4 2
Neutral 6 32 5

Negative 3 6 54
= —_ 90.4%

4.6. System Output Screenshots

® Student Sentiment Analyzer

Al pewerad teedbac]

was good

Analyze Sentiment

POSITIVE
Confidence: 99.98%
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Output:

Sentiment: Positive
Confidence Score: 99.98%
Interpretation

The system classified the input as Negative with a confidence score of 99.98%. This means that the
transformer-based sentiment model strongly connects the word “bad” with negative sentiment. The
short sentence has a clear negative word without context that contradicts it, resulting in very high
model prediction confidence. This outcome shows that the model effectively finds clear negative
sentiment in simple feedback statements.

® Student Sentiment Analyzer

Al-powered feedback analysis

Enter student feed back

teaching

NEGATIVE
Confidence: 99.98%

Output:

Sentiment: Negative
Confidence Score: 99.98%
Interpretation

The system classified the input as Negative with a confidence score of 99.98%. This indicates that
the transformer-based sentiment model strongly associates the word “bad” with negative sentiment
polarity.

Since the sentence is short and contains a clear negative keyword without any contextual
contradiction, the model prediction confidence is extremely high.

This result demonstrates that the model effectively detects explicit negative sentiment in simple
feedback statements.

4.6.1. Mixed Sentiment Analysis

M Analysis Results

The system classified the sentiment as Positive with a confidence score of 76.71%.
Interpretation
This example shows a contrast-based sentence that includes both appreciation and constructive

criticism.
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» The phrase “content is good” expresses positive sentiment.
» The phrase “more practical sessions are needed” shows mild dissatisfaction.

The transformer model accurately identifies the overall tone as positive, but with less confidence
compared to the previous example. The lower confidence score of 76.71% indicates mixed sentiment
elements are present in the same sentence.

4.6.2. Time Performance Analysis

Response Time by Input Mode

Mode Avg Response Time

Single Input 1.2 seconds

Batch (20 rows) 6.8 seconds

5. Conclusion and Future work

This research details the design and implementation of an intelligent Student Sentiment Analysis
System that automatically analyzes and categorizes academic feedback into meaningful sentiment
classes. The main goal was to convert unstructured textual feedback into structured insights that help
educational institutions make data-driven decisions.

The system combines natural language processing techniques with transformer-based deep learning
models to achieve accurate sentiment classification. It uses structured preprocessing, strong
validation procedures, and systematic performance evaluation. The model showed robust predictive
ability and reliable generalization across various feedback inputs. Multiple evaluation metrics,
including precision, recall, Fl-score, and confusion matrix analysis, ensured a thorough assessment
of classification effectiveness.

The research demonstrates the effectiveness of transformer-based approaches in understanding
contextual meaning within student feedback, especially when dealing with informal expressions and
mixed sentiments. Compared to traditional machine learning techniques, deep contextual models
offer better adaptability and understanding of language.

Overall, the proposed system successfully connects raw textual feedback with actionable insights for
institutions. It provides a scalable and intelligent framework for automated sentiment monitoring in
educational settings. While there are areas for further improvement, such as multilingual support,
explainability, and aspect-level analysis, the foundation built in this work offers a solid platform for
future developments in educational sentiment analysis.

Although the proposed Student Sentiment Analysis System shows strong performance in
classification accuracy, usability, and deployment stability, there are still ways to enhance and
expand it. Future work could focus on improving model sophistication, scalability, multilingual
adaptability, interpretability, and integration with institutional decision-making systems.

One important direction is the addition of advanced fine-tuning techniques for transformer-based
models. While the current implementation uses a pretrained model for inference, fine-tuning on
large-scale academic feedback datasets could greatly improve contextual understanding. This
approach would allow the model to better grasp educational terminology, culturally specific
expressions, and institution-related sentiment patterns that general-purpose models may miss.

Another promising area is multilingual sentiment analysis. In diverse educational environments,
student feedback may come in multiple languages or mixed formats. Expanding the system to support
regional languages through multilingual transformer architectures would enhance accessibility and
inclusivity. Integrating language detection modules could help route feedback to the right language
model for processing.
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Aspect-based sentiment analysis (ABSA) could also enhance the system. Instead of assigning a
single sentiment label to an entire feedback entry, future versions could identify sentiment toward
specific aspects like faculty performance, infrastructure, curriculum quality, or examination patterns.
This detailed analysis would give institutional administrators deeper insights and enable more
targeted improvements.
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