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Abstract: In today's digital age, there is a tremendous amount of text data being produced each day by
social media websites, blogs, reviews, forums, and other forms of online communication. Mining this
unstructured text data to derive public sentiment, emotions, and attitudes is a key challenge for
businesses, governments, and researchers. Sentiment Analysis, being a part of Natural Language
Processing (NLP), is all about extracting and identifying subjective information from text data. It has a
very crucial role in establishing whether a piece of writing conveys a positive, negative, or neutral
emotion.

This project entitled "Sentiment Analysis Using NLP" offers a comprehensive method for developing a
sentiment categorization system with cutting-edge NLP methods. The aim is to create a model that is
capable of processing textual inputs and predicting the expressed sentiment accurately. The project
starts with the acquisition of datasets from sources like movie reviews, product reviews, and social
media comments. These datasets are preprocessed by applying regular NLP procedures such as
lowercasing, tokenization, stopword elimination, stemming, and lemmatization in order to have text
uniformity as well as minimize noise.

Keywords: Sentiment Analysis, Natural Language Processing (NLP), BERT, LSTM Word Embeddings
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1. INTRODUCTION
The decreasing increase of e-commercial industry has been revolved in consuming shy and professional dialogue.
These reviews, recitations, customers, properties, products and customs of products are assigned to purchasing millions
of customers, leaving the feedback on the online platforms, e-commercial websites. However, it is difficult to make
analysis and excrement analysis in the sense of meaningful views for the professions of the symptoms of its symptoms.
Traditionally, the vibrations depended on the basic kiward melan or rule-based systems to interpret the customer
response. Although these methods pay some values, they often fall into the microscopic understanding of human
language, such as satire, context, feeling and intense analysis of emotional analysis.
Artificial intelligence (ai), especially natural language processing and machine lenging (ml), provides a powerful
solution for this challenge. Models can realize how the customers can understand how to understand and classification,
explain and classification in the text, the progress of their products and services. With introduction, context and
awareness in the accurateness of emotional analysis and references are importantly resolved
This project is focused in the e-commercial field corresponding Al-induced emotional analysis system. The system is
reviewing the customers, the emotions are positively, negative, neutral, and gives the functional search for the
decisions. The e-commercial stage can be addressed by analyzing the customer by analyzing the customer on the
screen, increasing the customer experiences, the products can be refined on the products, and eventually refined the
customer and the brand loyalty.
This paper presents a broad emotional analysis in the form of analysis that e-commerce platforms use the AI model for
analysis of products. The target is to classify the emotional, negative, or neutral, and customers mostly comment on the
major aspects.
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I1. OBJECTIVES
The primary objectives of this project are as follows:

e For developing a Al-based system capable of analyzing and classification of e-commercial reviews with high
accuracy.

e NLP techniques by using the noise, language, and prepare it for analysis, and pre-responding to clean text data
(exclude, customer critics) and the previous resource of clean texts.

e The traditional classifications for classification and to explore the various machine teachings and architectures
included with the transformer-based architectures.

e To compare the functions of different marks by using standard assessment metrics, such as accident,
accurateness, remembrance and f1-score.

e  The customer responses can be removed from the exploration that the marketing and the marketing efforts can
be removed.

e A scale-worthy and automatical analysis of emotional analysis and analysis that can be equipped with a large
quantity of unconnected texts from many sources.

e The use of the data-slaying means and the main instinct of the distribution of emotions is able to explain the
best interpretation of the customer behavior and priorities.

e Delivery, packageing, product, and value determination of delivery for more charitable analysis
(Apportal/objection).

III. METHODOLOGY

The approach followed for this sentiment analysis project entails some of the most important steps, from data collection
to model assessment. Every step is essential in developing an efficient and effective sentiment classification system
based on Natural Language Processing (NLP) methods
1. Data Collection
The initial step comprises obtaining a relevant dataset with text data labeled under sentiment classes.

e IMDb Movie Reviews (positive/negative)

e Twitter Sentiment Analysis Dataset (positive/negative/neutral)

e Amazon Product Reviews
2. Data Preprocessing
Text data usually carries noise, inconsistencies, and irregularities. Preprocessing serves to clean and make the data
ready for effective analysis. Preprocessing involves the following steps:

e Lowercasing: Converting everything to lowercase so that there is uniformity.

e Removing Special Characters and Punctuation: Removing characters that don't add value towards

understanding sentiment.
e Tokenization: Breaking down sentences into discrete words or tokens.
e Stopword Removal: Deleting frequent words (e.g., "and", "the") that don't hold important meaning.

nn

e Stemming/Lemmatization: Converting words to their base or root form (e.g., "running" "run").
3. Text Vectorization
Because machine learning models need numerical input, the preprocessed text is represented as vectors. The following
approaches were taken:
e Bag of Words (BoW): Encodes text as a word count vector.
e TF-IDF (Term Frequency-Inverse Document Frequency): Emphasizes significant words that occur with high
frequency in a single document but not across others.
e  Word Embeddings: Word2Vec or GloVe models employed to extract semantic word relationships.
e Contextual Embeddings: Pretrained contextual word vectors are employed for deep learning models such as
BERT.
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4. Model Selection and Training
Several models were tried and compared for sentiment classification:
e Traditional Machine Learning Models:
e Naive Bayes
e Logistic Regression
e  Support Vector Machine (SVM)
e Deep Learning Models:
e Long Short-Term Memory (LSTM) Neural Network
e Convolutional Neural Network (CNN)
e Bidirectional LSTM (BiLSTM)
e Transformer-Based Models:
e BERT (Bidirectional Encoder Representations from Transformers)
5. Model Evaluation
The performance of each model was evaluated based on the following evaluation metrics:
e Accuracy: Correctly classified sentiment percentage.
e Precision: Ratio of true positives among predicted positives
e Recall: Ratio of true positives among actual positives.
e  FI-Score: Harmonic mean of precision and recall.
e Confusion Matrix: Employed to graphically represent the classification performance over all sentiment classes.
6. Visualization and Analysis
To improve comprehension of the model outputs and sentiment distribution:
e  Word clouds were created for positive and negative sentiments.
e Bar plots and pie charts were employed to display sentiment class distributions.
7. Deployment (Optional/Future Work)
For practical usage, the trained model can be deployed by:
e  Flask or Django for web interfaces
e  Streamlit for interactive sentiment analysis demos

IV. LITERATURE SURVEY
Early sentiment analysis methods were predominantly rule-based and used manually developed lexicons like
SentiWordNet and LIWC (Linguistic Inquiry and Word Count). These resources employed pre-established lists of
positive and negative words to calculate sentiment scores. Although they were easy to use and interpretable, their
shortcomings involved dependency on domain and poor performance with regard to context and sarcasm.
The development of supervised machine learning algorithms represented a huge leap forward in sentiment analysis.
Pang et al. (2002) used machine learning models like Naive Bayes, Maximum Entropy, and Support Vector Machines
(SVM) to apply them to movie reviews and prove that these models were better than conventional lexicon-based
approaches. These models are feature engineering-intensive, where text is converted into numerical vectors by methods
such as Bag of Words (BoW) or Term Frequency-Inverse Document Frequency (TF-IDF). While effective, the models
were handicapped by semantic meaning and long-range dependencies in text.
The advent of word embeddings like Word2Vec (Mikolov et al., 2013) and GloVe (Pennington et al., 2014) changed
the game for sentiment analysis. These word embeddings expressed semantic meaning between words, enabling models
to more comprehensively appreciate context. In contrast to sparse feature representations like BoW, these dense vectors
enabled dimensionality reduction and had a very positive impact on model performance.
With the advent of deep learning, models like Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs), specifically Long Short-Term Memory (LSTM) networks, gained popularity to perform sentiment analysis.
Kim (2014) demonstrated that CNNs were successful in classifying sentiment with limited preprocessing. Analogously,
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LSTM networks, being able to grasp long-term dependency in text sequences, were more accurate compared to
conventional ML algorithms, especially in longer texts such as social media updates or newspaper articles.
Transformer-based models such as BERT (Devlin et al., 2019), RoBERTa, and XLNet have more recently achieved
state-of-the-art performance on sentiment classification tasks. Unlike earlier models, BERT employs bidirectional
context, allowing it to learn the meaning of a word from its context. Fine-tuning pre-trained transformers on sentiment
data has greatly improved accuracy and minimized the requirement for large-scale data labeling and preprocessing.
Multilingual sentiment analysis research has also grown to address the challenge of sentiment analysis of non-English
text. Domain-specific research (financial, healthcare, product reviews) has demonstrated that model performance
increases if trained on domain-specific data for the target domain. Methods like domain adaptation and transfer learning
are commonly used in such applications.

Even with significant advancements, there are still some challenges. These involve the management of sarcasm, idioms,
negations, and implicit emotions. Unbalanced datasets, particularly those with fewer negative or neutral instances, can
bias model performance. Furthermore, the absence of labeled data in most languages and domains restricts the use of
supervised models.

Recent research has used sentiment analysis in various applications like tracking political opinions, sentiment mining
from customers, detecting mental health, and predicting stock behavior. With its application in NLP-based chatbots,
recommender systems, and customer care platforms, sentiment analysis has moved from research communities to
practical utilization.

V. ARCHITECTURE
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VI. RESULTS AND ANALYSIS
The results obtained from the sentiment analysis experiments are evaluated based on the performance of different
models on the test dataset. A variety of models, both traditional machine learning and deep learning, were tested to
compare their effectiveness in classifying sentiment from textual data
1. Model Performance Comparison

Model Accuracy Precision Recall F1-Score
Naive Bayes 82.4% 80.1%  81.5% 80.8%
Logistic Regression 85.6% 84.7%  85.2% 84.9%
Support Vector Machine 86.3% 85.8%  86.1% 85.9%
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Model Accuracy Precision Recall F1-Score
LSTM 89.2% 88.5% 89.1% 88.8%
BiLSTM 90.1% 89.6% 89.9% 89.7%

BERT (fine-tuned) 93.5%  93.0%  93.2% 93.1%

The following table indicates that the transformer-based BERT model was better than all the other models with respect
to accuracy and other metrics. Naive Bayes and Logistic Regression, which are traditional approaches, worked
satisfactorily but were constrained in capturing long-range dependencies and contextual meaning in the text. Deep
learning models such as LSTM and BiLSTM demonstrated significant improvement because of their sequential nature
and ability to have memory.

2. Confusion Matrix (Example: BERT Model)
Predicted Positive Predicted Negative Predicted Neutral

Actual Positive 980 25 15
Actual Negative 30 940 30
Actual Neutral 20 25 955

The confusion matrix indicates that the model performed well across all three sentiment classes. The number of
misclassified samples was relatively low, showing the model’s robustness.

3. Sentiment Distribution (Test Dataset)

Positive: 33%

Negative: 32%

Neutral: 35%

The distribution shows that the dataset is relatively balanced, which contributed to stable model training and reliable
evaluation.

4. Visualization

Word Clouds: Reviews with positive sentiment generally contained words such as "great," "excellent," "love," and
"amazing." Negative reviews typically contained "worst," "disappointed,” "poor," and "bad."

Bar Charts: Showed the accuracy and F1-score of each model side-by-side.

Loss/Accuracy Graphs: For LSTM and BERT models, training and validation loss dropped consistently over epochs,
reflecting good convergence.

VII. CONCLUSION
In this exciting project, we managed to create and roll out a cutting-edge Al-driven sentiment analysis system tailored
specifically for e-commerce platforms. Our mission? To uncover valuable insights from customer feedback that
businesses can actually use. We set out to streamline the process of analyzing customer reviews, delivering instant
sentiment insights that empower companies to make informed decisions across multiple departments—think product
development, marketing strategies, and customer support enhancements.
By automating this analysis, we aimed not just to save time but also to enrich the decision-making landscape for
businesses. The result is a dynamic tool that transforms raw feedback into meaningful information, ultimately steering
companies toward a more responsive and customer-centric approach. It’s all about leveraging technology to bridge the
gap between what customers are saying and how businesses can adapt.
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