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Abstract

Educational institutions routinely collect feedback from students to understand their perceptions of
academic programs, infrastructure, and campus facilities, to improve the overall quality of the college
environment. In current practice, feedback is often gathered using numerical or grade-based rating
systems, which tend to oversimplify student opinions and may overlook important details related to their
level of satisfaction. In contrast, open-ended textual feedback allows students to clearly express their
views, concerns, and suggestions, offering valuable insights that can support meaningful institutional
improvements. This study proposes an approach for analyzing student sentiment by applying sentiment
analysis techniques to textual feedback obtained from students in Gujarat. Machine learning models,
including multinomial Naive Bayes (MNB), support vector machine (SVM), and random forest (RF),
are employed to classify the sentiments expressed in the feedback data. A comparative performance
analysis of these algorithms is conducted using evaluation metrics such as accuracy and F-score to
determine their effectiveness. The experimental results demonstrate that, among the evaluated methods,
the MNB classifier achieves superior performance in most cases. Its effectiveness is particularly notable
in processing and classifying text-based data, making it a suitable choice for sentiment analysis tasks
in educational feedback systems.

Keywords: Algorithms, Feedback, machine learning, multinomial Naive Bayes, sentiment analysis,
support vector machine (SVM)

INTRODUCTION

Feedback refers to the information provided to an individual regarding their past actions or
performance, enabling them to modify their present and future behavior to achieve the desired outcomes
[1]. In the context of education and learning, feedback plays a crucial role in helping learners acquire
new knowledge, enhance their understanding, and avoid making mistakes. Within higher education, it
is regarded as an essential mechanism for fostering students’ growth as independent learners who can
effectively monitor, evaluate, and regulate their own learning processes [2]. Effective feedback
practices offer valuable insights that guide students to improve their academic performance.
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overall learning environment of the course.

In this study, feedback from students across Gujarat was gathered through Google Forms and
reflected a range of opinions. The main goal is to detect and classify opinion statements in the text as
positive, negative, or neutral by applying machine learning methods [6].

Sentiment analysis involves determining the sentiment conveyed in textual data and has become
increasingly important in the current context. Typically, there are three main approaches: machine
learning based, lexicon-based, and hybrid approaches. Machine learning methods utilize either
supervised or unsupervised algorithms, such as Naive Bayes, support vector machines (SVM), and
random forest (RF), to perform classification tasks [7-10]. In contrast, lexicon-based techniques
identify sentiment polarity by referencing a predefined dictionary of words linked to specific sentiment
scores. The hybrid approach combines these two methodologies to improve the overall accuracy,
reliability, and analytical performance.

LITERATURE REVIEW

A significant amount of research has been conducted in the field of sentiment analysis. However, few
studies have focused on text classification that specifically classifies a sentence into three classes:
positive, negative, and neutral [11-15]. Prior work includes a hybrid approach using TF-IDF and a
domain-specific sentiment lexicon, but its limitation was that it only computed the overall sentiment of
the feedback. Another survey reviewed frameworks, feature extraction, and sentiment analysis methods,
and discussed existing problems in those studies. Supervised learning techniques, such as SVM and
Naive Bayes (NB), are widely recognized as conventional approaches. SVM generally performs better
with large datasets, whereas NB is preferred for smaller datasets [16-20].

Data mining methodologies using text mining and a Naive Bayes classifier have been used to rate
faculties, though a drawback was not revealing the true sentiment of the students. The problem of
processing a large number of end-of-semester feedback (a tedious and time-consuming job) has been
addressed by analyzing feedback using machine learning techniques such as maximum entropy (ME),
SVM, and Naive Bayes [21-27]. The sentiment analysis conducted on Twitter data showed that the
Decision Tree algorithm achieved better performance than the multinomial Naive Bayes model, as
indicated by higher values across evaluation metrics, including accuracy, precision, recall, and F1-
score. The Naive Bayesian approach has been used for text and document classification using n-gram
features, with performance measured by recall, F-measure, precision, and accuracy [28-36].

METHODOLOGY

The student feedback collected from Gujarat students using Google Forms constituted the input data,
which served as the training data for the system. After the test samples were received, the trained model
processed and categorized each sentence into positive, negative, or neutral classes using machine
learning techniques. The classification outcomes were subsequently displayed through graphical
visualizations [37-42].

The suggested approach consists of six consecutive stages: preparing the training dataset, gathering
feedback from students, extracting relevant features, training the model, testing and evaluating its
performance, and visually presenting the results. This procedure is illustrated in Figure 1.

Preparing Training Data

Machine learning can be divided into two main types: supervised and unsupervised. In supervised
learning, labeled data are utilized, where each example is associated with a known output. For every
question, the training dataset was collected from students’ answers, which were written in sentence
form.
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Figure 1. Methodology of sentiment analysis.

Collecting Student Feedback

The process of collecting student feedback in Gujarat begins with the meticulous design of a
comprehensive set of questions carefully formulated to gather specific insights into students’
educational experiences. These questions were then deployed using Google Forms, a highly accessible
and user-friendly digital platform chosen for its efficiency in distributing surveys and capturing
responses. Survey links were strategically disseminated to students across Gujarat through various
official and informal digital channels, such as university email lists, student portals, and communication
groups, to encourage broad participation. As students access the forms and submit their responses, the
data are automatically and securely recorded by Google Forms. For subsequent analysis, the collected
data were systematically exported, with the preferred format being a Microsoft Excel comma-separated
values (CSV) file. This format was selected to ensure broad compatibility and seamless integration with
a wide range of analytical tools. Within the CSV file, each row distinctly represents a complete feedback
submission from an individual student, and commas are utilized to clearly separate each specific answer
to the survey questions. This structured organization of raw feedback in a CSV file is crucial as it
prepares the data for the ensuing stages of analysis, including feature extraction and model training,
thereby enabling a robust evaluation of student sentiment and contributing to educational
improvements.

Feature Extraction

This procedure transforms raw text data into a structured format that can be effectively used by
machine learning models. During this process, both the training and testing datasets undergo feature
extraction, which plays a vital role in preparing textual feedback for efficient model training and
accurate evaluation. This intricate process involves converting raw, unstructured text from student
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responses into a quantifiable, numerical representation that algorithms can readily interpret and process.
Essentially, it is about identifying and isolating the most informative characteristics or “features” within
the text that are relevant for sentiment analysis or classification tasks. At this stage, common methods
involve breaking sentences into smaller units such as words or phrases through a process called
tokenization, followed by applying techniques like TF-IDF (term frequency—inverse document
frequency) or word embeddings to represent the textual data in a more meaningful and analyzable form
(e.g., Word2Vec, GloVe) are applied to assign numerical weights or vectors to these tokens based on
their importance and context. This transformation not only reduces the dimensionality of the data but
also captures semantic relationships and patterns crucial for the learning model. It is imperative that
both the training dataset, used to teach the model, and the test dataset, used to evaluate its performance,
undergo identical feature extraction procedures to ensure consistency and prevent data leakage. By
converting qualitative student feedback into a structured, numerical format, feature extraction
effectively bridges the gap between human language and machine understanding, setting the foundation
for accurate model training and insightful analysis.

Model Training

Building upon the foundation of feature extraction, the “training” phase is where the machine learning
algorithms learn to classify the processed student feedback data. This study employs multiple robust
text classification algorithms to leverage their distinct strengths. The multinomial Naive Bayes classifier
(MNBC) is utilized for its probabilistic approach, which fundamentally seeks to determine the
likelihood of a text belonging to a particular class (e.g., positive, negative, neutral) by analyzing the
joint probabilities of words and classes. It utilizes the frequency of words within a document as key
features, making it highly suitable for text classification tasks in which word occurrences are crucial for
identifying sentiment.

Another powerful algorithm is the SVM, a supervised learning model renowned for its efficacy in
both linear and nonlinear classification challenges. The SVM operates by constructing an optimal
hyperplane or a series of hyperplanes within a high-dimensional feature space. This hyperplane acts as
a decision boundary that optimally separates the data points from different classes. When the data
cannot be separated linearly in their original space, the method addresses this issue by transforming the
data into higher-dimensional feature spaces, allowing for better separation. In the final stage, the RF
algorithm was applied as an ensemble learning approach.

This technique constructs a collection, or “forest” of numerous decision trees, with each tree trained
on a randomly chosen subset of both the data samples and the feature set. The strength of RF lies in its
ability to combine the predictions from these multiple decision trees, where the final classification is
determined by a majority vote or averaging. This ensemble approach significantly enhances the
accuracy and robustness of the model by reducing overfitting and improving generalization, with
accuracy typically increasing proportionally to the number of trees in the forest. The general steps for
RF involve generating random vectors, building a multitude of diverse decision trees, and intelligently
combining their outputs to derive a more stable and accurate prediction. The application of these diverse
algorithms allows for a comprehensive and robust approach to classifying student feedback, potentially
leading to a more reliable sentiment analysis model than previous studies.

Evaluation of the Test Data

Following the rigorous training phase, the evaluation of the test data becomes paramount to ascertain
the true efficacy and generalizability of the developed machine learning model. This critical stage
involves using a completely unseen dataset, the test set, which is held separate from the training data,
to objectively measure how well the model performs on new, real-world examples. The primary
objective was to determine the working accuracy of the model by assessing its ability to correctly
classify student feedback that it had not encountered before. This evaluation provides vital insights into
whether the model has truly learned the underlying patterns rather than merely memorizing the training
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data, thereby determining its practical applicability and reliability in real-world scenarios. This is a
crucial step that validates the model’s performance and ensures its robustness beyond the controlled
training environment.

Graphical Representation

Graphical Representation serves as the final, crucial step in making the insights derived from the
processed feedback data accessible and understandable. By transforming complex numerical outputs
into intuitive visual formats, data visualization effectively communicates the model’s performance and
classification results. Python’s powerful Matplotlib library is specifically utilized for this purpose,
enabling the generation of a wide array of customizable plots, charts, and graphs. This visual output,
exemplified by Figure 2, allows stakeholders to quickly grasp trends, identify patterns, and comprehend
the sentiment distribution within the student feedback, facilitating informed decision-making based on
clear, visual evidence.

Performance Analysis

In this section, a comparative evaluation is conducted using three machine learning algorithms, such
as MNBC, RF, and SVM, implemented with unigram and bigram feature extraction methods. The
assessment focuses on two primary performance measures: accuracy and F-score. Unigrams represent
single-word tokens, whereas bigrams represent two consecutive tokens. The test dataset was used to
evaluate the performance of the trained models based on the selected assessment metrics.

e Accuracy: This refers to the ratio of the model’s accurate predictions to the total number of

samples in the dataset.
o F-score: The weighted average of recall and precision.

Figures 3 and 4 illustrate the relationship between accuracy and the number of training samples for
the unigram and bigram models, respectively, while the test dataset remains unchanged. The results
indicate that as the volume of the training data increases, the accuracy of the models improves.

When comparing MNBC to RF, the accuracy of MNBC showed a steady linear improvement as the
amount of training data increased, whereas the accuracy of RF fluctuated and did not follow a linear
trend because of the inherent randomness involved in its training process.

Figures 5 and 6 show the F-score versus the number of training samples for unigram and bigram,
respectively. The F-scores of both the MNBC and SVM show a steady linear improvement as the
amount of training data increases.
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Figure 2. Graphical representation of the result.

© STM Journals 2026. All Rights Reserved 5



Machine Learning Based Sentiment Analysis

Ramani Jaydeep Ramniklal

Machine learning models that use unigrams tend to outperform those that rely on bigrams.

Figure 7 depicts the accuracy versus the number of test samples for unigrams, keeping the training
data constant. The analysis shows that the accuracy of MNBC is 0.77%—1.27% better than that of RF,

and SVM performs 0.78%—0.81% better than MNBC.
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Figure 3. Plot of accuracy versus number of train samples for unigram.
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Figure 4. Plot of accuracy versus number of train samples for bigram.
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Figure 6. Plot of F-score versus number of train samples for bigram.

Test data = 80 responses Unigram)

80 - OMNBC
HSVM
BERF

75 1
70 1
65 1
60 -

63.7 01 643

59.8

Accuracy

52.7

559 [ 512
ol [

45 -
40

50 100 150
No of train samples

Figure 7. Plot of accuracy versus number of test samples for unigram.

CONCLUSION

The disadvantage of grading-based feedback is that it does not reveal the exact sentiment of the
students; this is overcome by using textual feedback. Sentiment analysis helps institutions understand
students’ emotions and opinions from their feedback, enabling improvements in teaching quality and
the overall campus environment. This project, utilizing feedback from Gujarat students, can also be
applied to obtain students’ opinions on events, workshops, and other relevant academic activities.

The results of the comparative analysis revealed that the multinomial Naive Bayes algorithm
achieved higher accuracy than both the SVM and RF algorithms. The analysis showed that multinomial
Naive Bayes achieved an accuracy of 80%, making it the most effective among the three. Future studies
should focus on improving the precision of the model by employing a more extensive and diverse
training dataset.
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