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Abstract: Sentiment analysis of product reviews plays a crucial
role in understanding consumer feedback, improving customer
experience and making informed business decisions. This paper
explores the application of machine learning and deep learning
algorithms to effectively classify and analyse the sentiment of
product reviews. Traditional machine learning techniques, such
as Naive Bayes, Support Vector Machines (SVM) and Random
Forests are employed for sentiment classification based on
manually engineered features. Simultaneously, deep learning
approaches like Convolutional Neural Networks (CNN) and Long
Short-Term Memory (LSTM) networks are leveraged to
automatically learn complex representations from raw text data.
The study compares the performance of these methods in terms of
accuracy, precision, recall and F1-score. Additionally, pre-trained
language models such as BERT are incorporated to enhance
contextual understanding. Experimental results demonstrate that
deep learning models particularly LSTM and BERT, outperform
traditional machine learning techniques in capturing sentiments.
This analysis provides valuable insights into the effectiveness of
different algorithms in sentiment analysis tasks, paving the way
for more advanced applications in natural language processing
and customer sentiment evaluation.

Keywords: Sentimental Analysis, Deep learning, Naive
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I.  INTRODUCTION

The rapid growth of e-commerce and online marketplaces

has resulted in a substantial volume of customer-generated
content, such as product reviews, ratings and feedback. This
content serves as a valuable resource for understanding
consumer preferences and behaviors, providing insights into
customer satisfaction and product quality [1]. Sentiment
analysis is also known as opinion mining, aims to extract

Manuscript received on 14 December 2024 | First Revised
Manuscript received on 17 January 2025 | Second Revised
Manuscript received on 30 January 2025 | Manuscript Accepted
on 15 February 2025 | Manuscript published on 28 February
2025.

*Correspondence Author(s)

Swamini E Chavan, Bhivarabai Sawant Institute of Technology and
Research  (BSIOTR), Pune (Maharashtra), India. Email ID:
swaminichavan285@gmail.com

Archana D Ambhure, Bhivarabai Sawant Institute of Technology and
Research  (BSIOTR), Pune (Maharashtra), India. Email ID:
archanaambhure23@gmail.com

Mauli H Karche*, Bhivarabai Sawant Institute of Technology and
Research  (BSIOTR), Pune (Maharashtra), India. Email ID:
maulikarche36@gmail.com

Tushar A Kolhe, Bhivarabai Sawant Institute of Technology and
Research  (BSIOTR), Pune (Maharashtra), India. Email ID:
tkolhe2023@gmail.com

Prof. Vinita Kute, Bhivarabai Sawant Institute of Technology and
Research  (BSIOTR), Pune (Maharashtra), India. Email ID:
vinitayedavekute@gmail.com

© The Authors. Published by Lattice Science Publication (LSP). This is
an open access article under the CC-BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

Retrieval Number: 100.1/ijainn.B109505020225
DOI: 10.54105/ijainn.B1095.05020225
Journal Website: www.ijainn.latticescipub.com

subjective information from text data, determining the
sentiment expressed—positive, negative or neutral. It offers
a systematic approach to analyze large volumes of textual
data and derive meaningful insights, making it increasingly
relevant for businesses, marketing strategies and customer
service optimization [2].

Machine learning (ML) techniques have become a
cornerstone in automating sentiment analysis due to their
ability to learn from data and improve over time [3].
Traditional rule-based approaches, which rely on manually
defined rules and lexicons, often struggle with the
complexity and variability of human language [4]. In
contrast, ML-based techniques leverage statistical models to
capture the nuances of language and context, thereby
enhancing the accuracy and scalability of sentiment analysis
[5]. These models including supervised learning algorithms
such as Support Vector Machines (SVM), Naive Bayes [6],
Random Forests and deep learning architectures like
Convolutional Neural Networks (CNN) and Long Short-
Term Memory (LSTM) networks, have demonstrated
significant potential in handling diverse datasets with
varying degrees of sentiment complexity [7].

Sentiment analysis on product reviews not only benefits
businesses by allowing them to monitor customer feedback
in real-time but also empowers them to conduct competitive
analysis [8], identify emerging market trends and personalize
customer experiences [9]. For instance, detecting negative
sentiments at an early stage can help companies take
corrective actions to prevent customer churn [10].
Additionally, aggregating sentiment scores across product
categories can facilitate the identification of strengths and
weaknesses [11], enabling more informed decision-making
in product development and marketing strategies [12].

Il. SYSTEM OVERVIEW

The sentiment analysis framework focuses on its
application in real-world scenarios, particularly for
businesses and researchers. Several factors contribute in
sentimental analysis are:

A. Automated Pre-processing

The framework automates essential pre-processing steps,
such as text cleaning, tokenization and normalization. These
steps address common challenges in natural language data,
including handling punctuation, case sensitivity and stop
words, thus reducing the need for manual data preparation.
Users can quickly process raw review data with minimal
configuration, lowering the barrier to entry.

B. User-Friendly Interface

To enhance accessibility, the
system can be integrated with
a graphical user interface
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(GUI) that allows users to upload datasets, select analysis
parameters and visualize results without writing code.
Intuitive menus and tooltips guide users through the
workflow making it suitable even for individuals with limited
technical backgrounds.

C. Pre-trained Models and Transfer Learning

The framework incorporates pre-trained machine learning
models such as BERT (Bidirectional Encoder
Representations from Transformers) or Word2Vec, which
have been fine-tuned on large corpora. These models reduce
the need for extensive training and enable users to achieve
high accuracy with smaller datasets. Transfer learning
capabilities also allow for further fine-tuning based on
domain-specific requirements.

I11. PROPOSED SYSTEM

Preparing
Training set

Train
Classifier

Test
Classifier
Preparing
Test set

[Fig.1: Block Diagram of Sentimental Analysis]

A. Dataset

The dataset for sentiment analysis consists of product
reviews, each labeled with a corresponding sentiment (e.g.,
positive, negative or neutral). It typically includes thousands
of reviews collected from sources like Amazon, IMDb or a
custom dataset.

Features:
=  The primary feature is the text of the review.
= The label is the sentiment associated with the review

(categorical for multi-class classification or binary
for positive/negative classification).

Pre-
Dataset [— A =
Processing

B. Preprocessing Techniques

Text data needs to be processed into a format suitable for
deep learning models.

Steps Involved:

= Text Cleaning: Remove punctuation, numbers, special
characters and HTML tags to clean the text. Convert text
to lowercase to ensure uniformity.

= Tokenization: Split the text into individual words or
tokens. To kenization can be done at the word or
character level, though word-level is more common for
sentiment analysis.

= Stopword Removal: Remove common words that may not
add much value to the sentiment analysis (e.g., "the"
"and" "is"). The NLTK library or custom stopword lists
can be used.

= Stemming/Lemmatization: Reduce words to their root
form (e.g., "running" becomes "run"). Lemmatization is
more context-aware than stemming.
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= Word Embedding: Convert the text into numerical
representations using techniques like Word2Vec, GloVe
or embeddings provided by Keras. Embeddings
transform words into vectors based on their contextual
meaning.

C. Preparing the Training Set

= Split the Data: Typically, the dataset is split into 70-80%
for training and 20-30% for testing.An additional
validation set can be carved out from the training data
(e.g., 10% of training data).

= Data Augmentation: Techniques like back-translation,
synonym replacement and random deletion can be used
to increase the size of the training set if needed.

= Padding: Deep learning models require inputs of fixed
lengths. Pad the sequences to a uniform length using
zero-padding, so that all review sequences have the same
length.

D. Preparing the Testing Set

= The testing set should not be seen by the model during
training.

= Preprocess the test set similarly to the training set
(tokenization, padding, etc.).

= Keep the testing set separate to evaluate the
generalization ability of the model after training.

IV. METHODOLOGY
Sentiment Classification Models

A. Machine Learning Models

a. Naive Bayes: Naive Bayes is mostly used as a baseline
for text classification tasks. It calculates the probability
of each sentiment class which is given the words in a
review.

= Model Type: It is Probabilistic classifier.

= Advantages: Simple, fast, and performs surprisingly
well on small datasets.

= Limitations: It does not handle complex language
structures.

b. Logistic Regression: Logistic regression is also popular
baseline model for sentiment analysis. It uses weights for
each word feature to predict the sentiment.

= Model Type: Itis Linear classifier.

= Advantages: Easy to interpret and implement,
works well with TF-IDF or BoW.

= Limitations: It  struggles
dependencies in text.

c. Support Vector Machines (SVM): SVM is used for text
classification tasks and can perform well with high-
dimensional data such as TF-IDF.

=  Model Type: Itis Linear classifier.

= Advantages: It is good for medium-sized datasets
which gives good performance.

= Limitations: It can be slow with large datasets.

with  long-term

B. Deep Learning Models

a. Convolutional Neural Networks (CNN): Originally
CNN is used for image
processing but  also
effective in text analysis. It
uses filters to detect local
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patterns in text such as specific phrases or n-grams. It is
suitable for capturing short-term dependencies in text.
Fast to train due to parallel processing.

b. Recurrent Neural Networks (RNN): RNN is designed
for sequential data processing, making it suitable for text
analysis. Maintains information from previous words
(context) while processing the current word. It Struggles
with long-term dependencies due to the vanishing
gradient problem.

c. Long Short-Term Memory (LSTM): A variant of RNN
that addresses the vanishing gradient problem. Capable of
learning long-term dependencies in text sequences. Uses
memory cells to remember important information over
long sequences. Widely used in sentiment analysis for
handling longer text.

d. Bidirectional  Encoder  Representations  from
Transformers (BERT): A transformer-based model that
understands context from both left-to-right and right-to-
left. Pre-trained on large datasets and can be fine-tuned
for specific tasks (transfer learning). Achieves state-of-
the-art results in various natural language processing
tasks, including sentiment analysis. Effective at capturing
complex language patterns and nuanced sentiments.

V. RESULTS AND DISCUSSION

Analyses are done on unstructured data collected from
various resources. The system efficiency has been evaluated
using precision, recall and F-measure which are as follows:

Precision =

TP+FP

TP
TP+FN

Recall =

_ 2xPrecision*Recall
F — Measure = Precision+Recall

where, TP(True-positive), TN(True-negative), FP (False-
positive) and FN (False-negative).

VI. CONCLUSION

User reviews are very important and they influence the
purchase decisions. Sentiment analysis provides the users
emotion towards the product and their services. Sentimental
analysis can be implemented using various techniques and
the results range accordingly to the conditions and the
factors that influence them. In this paper, we have built and
tested a model using logic on datasets of product reviews to
find the sentiments of the reviews. The system performs well
with the given dataset and with applied conditions

Deep learning significantly improves the accuracy of
sentiment analysis in product reviews through several key
ways such as automatic feature extraction, understanding
context, handling large vocabulary and complex language.
By using Machine Learning algorithms system can
efficiently analyzes large volumes of data and provide
valuable insights into customer opinions and attitude
towards product.
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