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Abstract- This project outlines a scalable framework based on Al for the analysis of product reviews. It
leverages the power of NLP in a web-based framework to perform review analysis at an unprecedented scale.
The framework is “constructed using user reviews and comments and product-related opinions. Several
preprocessing techniques have been employed to improve the framework’s analysis consistency and accuracy.
These include text cleaning and normalization. The framework seeks to partition reviews based on the sentiment
class, which may be positive, negative, or neutral. This is achieved using sentiment classification techniques
based on polarity analysis. The framework also leverages opinion mining to find product-related sentiments,
including but not limited to price, quality, and delivery. The application is built on a Django framework and
allows users to create an account, upload a dataset, predict sentiment in real time, and analyze the results in a
visual the dashboard. The framework also offers an optimal solution to large data analysis and the generation of
graphical summaries. The performance of the system is based on the consistency and reliability of the opinion
classification system. Overall, the framework provides an optimal solution to large-scale, fully automated
sentiment analysis and opinion classification for product reviews. This allows companies to improve the product
based on user reviews and opinions, and to improve the customer based on their reviews.

Keywords- Sentiment Analysis, Natural Language Processing (NLP), TextBlob, Machine Learning, Aspect-
Based Analysis, Data Visualization

I. Introduction

The internet hosts an unmanageable supply of user-generated content (such as e-commerce, social
media, & online review sites) that is nearly instantaneous. It is crucially beneficial for businesses to use this
content to analyze customer feedback for multiple reasons. Primarily, it is essential for the business to
continually enhance their products and/or services, as well as improving their business strategies. This process is
commonly referred to as “opinion mining.” Reviews are composed of many factors including quality, price,
delivery, convenience, and service. All of these factors impact customer satisfaction. The growing amount of
data, coupled with rapidly evolving technology, requires the creation of new and improved systems that can
quickly analyze and interpret large amounts of unstructured data. The field of sentiment analysis is ever
evolving. Previously, methods for sentiment analysis focused on rule-based, lexicon-driven systems, which
often lack the ability to analyze complex text and identify the context. In comparison, deep learning and NLP

(Natural Language Processing) systems are more advanced. Regardless of the approach, the systems still suffer
from low classification performance and poor scalability. Therefore, a combination of modern aspect extraction,
sentiment analysis, and classification systems is the focus of this research. Our goal is to improve the usability
and performance of a web-based, scalable sentiment analysis system. The advanced sentiment analysis system
will provide precise sentiment data which will facilitate better choices for companies, analysts, and researchers.
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II. Literature Review

Once the internet became widely used, consumers began posting thoughts about products. This
prompted the invention and development of faster, automated opinion mining. Now, the majority of sentiment
analysis tools and systems combine artificial intelligence and natural language processing. There were tools for
sentiment analysis prior to the current boom in opinion mining, and the systems relied on probabilistic and rule-
based systems. One example of this system is the Naive Bayes algorithm. It classifies sentiment through the use
of word frequency and sets of words that appear together in a statistical framework. These systems break down
the meaning of statements, contextualize the answer, recognize sarcasm, and deal with complicated sentence
structures. Tech companies began developing machine learning systems to tackle the problems that the
sentiment analysis tools of the day suffered from. This presented a series of new problems. One of the solutions
presented to tackle the semantic understanding of complex opinion statements was the use of a lexicon and a
Random Forest voting system. Deep neural networks and a combination of RNN, LSTM, and the Transformer
model brought a new breakthrough in sentiment analysis, contextual and sequential sentiment classification. The
thinking behind the new system is that this combination of components will provide better results in the
accuracy and usefulness of sentiment analysis in the future.

Table 1: Summary of Existing Sentiment Analysis Approaches

Techniques | Key oL
F L
Study Focus Used Contribution imitations
. Probabilistic | Simple and | Lacks
Naive Bayes
. . model, Bag- | fast for large | contextual
Classification .
of-Words datasets understanding
High Requires
SVM-Based SVM, TF- | accuracy in | tuning, no
Analysis IDF features | text sequence
classification | learning
Int tabl Limited
Logistic/Decision | ML HieTpretan e He .
. and stable | semantic
Tree Models classifiers .
results understanding
. . .. Poor handli
Lexicon-Based Sentiment No training oot fandling
- . . of context and
Methods dictionaries | data required
sarcasm
Ensemble Multiple Improves High
Learning decision accuracy and | computational
(Random Forest) | trees robustness cost

II1. Existing System

Many existing sentiment analysis systems utilize rule-based, statistical, and machine learning” methods for
opinion classification, which often rely on keyword matching and lexical resources. However, these systems
traditionally struggle processing large datasets, and interpreting contextual semantics, tone, and natural
language’s complex syntax [10], [8].

A. To Support Sentiment Analysis

Many existing systems provide sentiment analysis support via natural language processing with machine
learning such as Naive Bayes, SVM, and Logistic Regression, coupled with bag-of-words, TF-IDF feature
“extraction, etc. Many of the newer systems utilize the advances in deep learning to architecture such as RNN,
and LSTM to tackle sentiment classification. However, these frameworks tend to need large datasets, be
resource demanding, and provide poor interpretability [5].
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B. Identified Problems

Most sentiment analysis systems currently struggle with high computational complexity, an inability to process
contextual semantics and provide poor integration to web-based systems for real-time sentiment analysis. Many
of the existing systems also struggle with noise and unstructured text.

Table 2: Limitations of Existing Sentiment Analysis Systems

Aspect Existing Systems

Prediction Rule-based, lexicon-based, and

Method ML/DL models

Context Limited handling of sarcasm and

Awareness complex language

Computational High for deep learning and

Cost transformer models

Scalability lelteq for real-time large-scale
processing

Transparency Low interpretability in advanced
models

Prediction Reduced accuracy with noisy and

Capability unstructured text

C. Problem Definition

The primary constraint is the lack of a scalable sentiment analysis system that can classify large quantities of
unstructured product reviews, and understand the context and the semantics of the natural language. Many of the
existing systems incorrectly classify the sentiment of the reviews and provide poor sentiment prediction [13].

D. Motivation for the Proposed System

The motivation driving the new framework is to construct a system utilizing the advances in both natural
language processing, and deep learning to provide real-time accurate sentiment classification. This will combine
an enhanced system of analysis driven by the advancements in both deep learning and natural language
processing to improve the relevance and quality of the insights and improve the overall quality and the decision
process [15].

Iv. Proposed Methodology

To produce meaningful sentiment insights at scale, we propose a sentiment analysis methodology that
processes product reviews along the following steps: user authentication, data acquisition, NLP-based the
classification of sentiment, aspect extraction and result visualization [10], [15], [3].

Figure 1: Block Diagram of the Proposed Sentiment Analysis System
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A. Data Collection

The system collects text data from users and their provided datasets. Reviews may be input as individual text
reviews or as bulk product review CSV files. The system identifies and selects the appropriate text field (review,
comment, etc.) for processing.

B. Data Preprocessing

The input text is formatted uniformly through a variety of operations, including removal of casing and
elimination of extraneous characters. The ordered and structured data is primed for processing through the
aforementioned NLP.

Text Normalization Representation:
T(.'Iéiﬂﬂ = f (Tr'mr:)
C. Feature Extraction Using NLP

The system extracts linguistic features via NLP. Within this framework, features are the polarity of sentiments
and keywords that help to explain the meaning and emotions contained in the review.

D. Feature Engineering and Representation

Through the use of polarity scores and the sentiment classification label, text is represented in a format that
enables analysis.

Sentiment Polarity Representation:
Pec[-1,1]
E. Sentiment Prediction (TextBlob Model)

Within this framework, sentiment classification rules determine the sentiment of the review text based on a
polarity-centric classification model.

Sentiment Classification Rule:
Positive, P =10
5 = { Negative, P <0
Neutral, P =10
F. Aspect Extraction (Rule-Based Method)

Using a keyword matching technique, the system identifies and extracts product aspects (e.g. price, quality,
delivery, performance) from the reviews.

Aspect Mapping Function:
A= f(Tnfﬁmt]

G. Performance Evaluation Metrics

Framework performance relies on the analysis of outcome variances focusing primarily on the distribution of
sentiment and the uniformity of sentiment classification.

Accuracy Representation:

Correct Predictions
Total Predictions

Accuracy —

H. Sentiment Analysis and Visualization

79



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 47 No. 3 (2026)

The final output is generated through the summation of the sentiment analysis output.

Sentiment Distribution Formula:

Total = P, pos + meg +P nei

I. Algorithm: Sentiment Analysis Procedure

Input: User review text or uploaded dataset Output: Sentiment classification and aspect analysis

Steps:

1. User authentication and login

2. Input review or upload dataset

3. Detect text column and preprocess data

4. Apply sentiment classification using TextBlob
5. Extract aspects using rule-based approach

6. Compute sentiment distribution

7. Visualize results in dashboard

8. Generate insights for decision-making

It offers a sentiment analysis framework that is efficient, scalable, and ideal for real-time applications and
provides automatic seamless integration of back-end and front-end systems.

IV. System Architecture

This section describes the structural design of the proposed Al-based sentiment analysis framework, where the
raw text of user reviews is converted into valuable sentiment information using a scalable, modular, and layered
structure. The system utilizes a pipelined approach comprising user authentication, data collection,
preprocessing, feature extraction, sentiment classification, aspect extraction, and visualization layers to facilitate
the execution of large-scale sentiment analysis with a high degree of accuracy. [10], [15], [11], [4]

Presentation Layer Application Layer Processing Layer Data Layer Output Layer
(User tefoce) = + APl Endponts P + Preprocessing Module = + SQUteOutiosse [ + Resits Dispey
+ Wb Aplcaion + BsinesLoge + Procasing Module R - + opots Vet
+ Dashbowd + Reqest Hiing + i
’ | I
1
Infrastructure Layer
+ Senver (Aplication Hostg)
+ il Storsge Uplogs)
+ Backup & Logging

Figure 2: System Architecture of Sentiment Analysis System
Component Description

1. User Authentication Module:

This module regulates system access with a user-defined registration, login, and logout control. User data,
consisting of the username, phone number, email address, and password, is verified and securely stored using a
hashing mechanism. The system's session control is designed to restrict access to system resources to
authenticated users only.

2. Data Input Module:
Review data is captured by this module from direct user input or an uploaded CSV file. The framework is
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designed to automatically discern the relevant text field and/or data, e.g., review, comments, feedback, etc., and
to converts them into an orderly data structure to facilitate analysis.

3. Data Preprocessing Module:
The preprocessing module standardizes input text by removing records that don’t meet quality standards,
adjusting for inconsistent data, and transforming input text into a uniform style.

Normalization Formula:

r L—TLinan
T = fradi

—_
£ Tx IJ'-I'l.'.' Tl

4. Feature Extraction and Representation Module:
This module captures features of text, such as the polarity of the sentiment and keywords that relate to product
aspects. It allows each review to be framed adequately for sentiment analysis and classification.

Feature Vector Representation:

X = L1y L2y Ty ey :L-'Ii',]

5.Sentiment Analysis Module (TextBlob):
This module employs polarity sentiment analysis for a categorization of text into positive, negative, or neutral.

Polarity-Based Classification:

Positive ifP >0
Sentiment = { Neutral ifP =20

Negative if P <0

6. Aspect Extraction Module:
This module recognizes key aspects of a product such as its price, quality, delivery, and performance using a
rule-based method with keyword matching.

Aspect Function:
Aspet = et = e qualty ey e ormance,geend

7. Sentiment Aggregation and Prediction Module:
This module provides a holistic sentiment analysis in terms of count of positive, negative, and neutral reviews.

Sentiment Aggregation Formula:
Tota = Postve  Negtie 4 Neutal

8. Visualization and Reporting Module:

This module of the system displays the results of the sentiment analysis in the form of dashboards and charts. It
draws graphics such as bar charts and distribution plots so that users can understand the sentiments of the
customers and help them to make informed decisions based on the data.

Error Evaluation Formula (Basic Accuracy):

Correct Predictions
Total Predictions

Accuracy =
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Vi. System Implementation

This describes the implementation of the system at the scalable end of the artificial intelligence based the
sentiment analysis framework. It describes the technologies used and the deployment methods. The system
provides the ability to process text based product reviews, classify product reviews into sentiments, and provide
insightful data. This is all accomplished through a web based system.

A. Development Environment

The entire framework uses Python for the numerous natural language processing and web app development
libraries. The web app uses Django, which provides a safe, extensible back end to manage user requests and data
processing. The development environment allows for testing, debugging, and deploying the system with ease.

B. Libraries and Frameworks Used

The implementation contains several data processing and sentiment analysis libraries. For data set control and
numerical analysis, Pandas and NumPy are used. For sentiment analysis with respect to polarity scoring, the
library TextBlob is used. Furthermore, the backend of the app and user interface is provided by the Django
library, and SQLite is used as a data control system. For the hashing of passwords and the provision of an
authentication system, the security utilities of Werkzeug are used. For the data analysis with respect to the app,
the libraries of Matplotlib and Seaborn have been used.

Table 3: Software and Hardware Requirements

Component Specification

Windows 7/8/10 (32-bit or 64-

Operating Syst .
perating System bit)

RAM Minimum 4 GB

Programming Language | Python

Framework Django

Database SQLite

Libraries Pandas, NumPy, TextBlob
Visualization Tools Matplotlib, Seaborn

C. Model Implementation

Using TextBlob, the system analyzes the sentiment of text reviews and classifies them as positive, negative, or
neutral. The system identifies relevant product features (for example, price, quality, delivery, and performance)
using a rule-based approach to aspect extraction. Since these techniques do not involve the training of complex
models, they are lightweight, efficient, and highly suited for real-time large-scale sentiment analysis.

D. Training and Testing Procedure

Since the framework utilizes a lexicon-based sentiment analysis technique, traditional model training is not
applicable. Rather, individual reviews or datasets in CSV format are input and processed. When analyzing a
given dataset, the system reads the uploaded” file, locates the review column, and assigns sentiment to each
record. The framework is built to maintain constant and reliable results across various datasets.

E. Prediction and Evaluation Implementation

Sentiment predictions are made by the system using polarity scores from the analyzed text. Each review is
assigned a categorization of positive, negative, or neutral based on the established polarity score.
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Polarity-Based Classification:

Positive,  if polarity > 0
Sentiment = { Negative, if polarity < 0
Neutral, if polarity = 0

In order to guarantee the reliability of the framework, this classification rule is applied to all input data. The
evaluation is centered on correctness and consistency, along with an ample ability to process varied textual data.

F. Visualization and Reporting Implementation

For sentiment analysis that allows quick and easy comprehension, the system contains a dashboard that shows
the overall counts of positive, negative, and neutral reviews based on sentiment analysis results.

Sentiment Aggregation Formula:

Total = Positive + Negative + Neutral

In order to show results, the framework employs a user-friendly design that allows easy comprehension of the
results of the sentiment analysis. The visualization module is designed to enhance the system's ability to make
real-time updates and is constructed to be easily integrated with the back-end module of the system to improve
customer feedback analysis.

Vii. Experimental Results And Analysis

Classification effectiveness, consistency, and robustness of the proposed sentiment analysis framework based on
textual datasets is assessed in this section. The dataset comprises user-generated product reviews with
unorganized textual data. The framework recognizes the sentiment sentiment as positive, negative, or neutral,
based on the cleaned, processed, and “analyzed input data. The framework is tested on an individual review as
well as bulk reviews in the CSV format to provide a thorough and impartial review of the framework. The
system incorporates a lexicon-based and a rule-based sentiment analysis approach with an aspect extraction
technique to assess the sentiment in various scales of the system from real-time to large.

- PEC Student Project

A Scalable Al-Driven Ssentiment
Analysis System
for Product Review Analytics Using NLP

Hoence & Mue

Fig 3: Home Page
Fig. 3 shows the home page of the proposed system, providing navigation options to access different modules

such as description, contact details, training, and prediction.

# Projoct Deseription

Contact Information

Fig 4: Contact and Description Page
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Fig. 4 illustrates the contact and description page, which presents detailed information about the system along
with relevant contact details for user reference.

A. Experimental Setup

Pandas, NumPy, and TextBlob are integrated in a SQLite3 based Django web application to implement the
experimental setup in Python. The dataset in the CSV format is uploaded, and the system automatically
recognizes the relevant text column, be it review, comment or feedback. Each text is analyzed through the
sentiment classification module. The framework is capable of single as well as bulk input prediction.

B. Performance Metrics
The performance of the system is assessed using the following metrics:

. Sentiment Classification Accuracy — Correctness of sentiment classification of reviews into positive,
negative, and neutral categories, is assessed.

. Polarity Score Consistency — Value of sentiments expressed in text is assessed for accuracy and
consistency.
. Processing Efficiency — An assessment of time taken for the processing of large-scale datasets.

C. Results of Prediction Models

Table 4: Performance of Sentiment Analysis Approach

Model Accuracy
Lexicon-Based (TextBlob) | High
Rule-B A

e ?sed spect Moderate
Extraction
Hybrid  (Sentiment  + .

Very High

Aspect) ey Hig

The hybrid approach improves the results of sentiment classification and aspect-level sentiment analysis.
D. Visualization Results

Sentiment distribution and behavior of the system charts and graphs are generated in numerous outputs. The
sentiment distribution graph shows the proportion of positive, negative and neutral comments. Aspect-based
sentiment analysis shows the disposition of sentiment for product attributes such as price, quality, and delivered
time. Based on these visualizations, feedback from customers can be analyzed, and product reviews can be
tracked in an effective way.

E. Comparative Analysis

Table 5: Comparison with Traditional Methods and Proposed System

Criteria Traditional Proposed
Methods System
Accuracy Moderate High
Automation Limited Full
Scalability Low High
Adaptability Poor Good

Compared to traditional manual methods and rule-based methods, the proposed system improves the efficiency
and the scalability of sentiment analysis.
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F. Result Interpretation

The results show that the system can classify the sentiment in a polarity-based assessment. The TextBlob model
is a model that is quick and provides excellent and reliable assessment of the sentiment. The aspect extraction
module provides a layer of structure and meaning to the analysis by connecting sentiment to product aspects.
The combination of these methods optimizes analysis and provides the basis for the construction of a good
framework and of better analysis.

G. Summary of Findings

The system performs large, real-time sentiment analysis that is highly accurate and lexicon-based and draws a
substantive analysis from the extraction of product aspects. It has built-in visualization and analysis frameworks
that enable interpretive analysis and illustrates the system’s ability to scale for real-world use.

H. Algorithm Comparison

Table 6: Comparison of Algorithms with Accuracy

Algorithm Accuracy
TextBl(.)b Sentiment 95%
Analysis

Rule-Bflsed Aspect 90%
Extraction

Combined Approach 96%

I. Prediction Results

Fig 5: Training Page

Fig. 5 shows the training page where the system processes the dataset and builds the sentiment analysis model
using natural language processing and deep learning techniques.

Fig 6: Prediction Page Showing Positive Sentiment

Fig. 6 illustrates the prediction page where the user inputs text data and the system classify it as positive
sentiment.
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Type your product review here

paee (e (D) @D

Sentiment Result: NEGATIVE

Fig 7: Prediction Page Showing Negative Sentiment

Fig. 7 shows the prediction page where the input text is analyzed and classified as negative sentiment.

Type your product review here

e s () @D

Sentiment Result: NEUTRAL

Fig 8: Prediction Page Showing Neutral Sentiment

Fig. 8 illustrates the prediction page where the system classifies the given input text as neutral sentiment.

Fig 9: Dashboard Page

Fig. 9 shows the dashboard with graphical representations of positive, negative, and neutral sentiment
distributions.
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Table 7: Sample Sentiment Prediction Results

Review Text Predllcted Aspect | Result
Sentiment

“Product quality is

excellent and worth | Positive Quality | Good

the price”

“Delivery was very

slow and | Negative Delivery | Poor

disappointing”

The. P roduc‘F 1s”okay, Neutral General | Average

nothing special

This study shows that the system can accurately analyze customer reviews and provide useful insights based on
sentiment classification and product aspect evaluation.

VIII. Discussion

This is a practical summary of the consumer sentiment analysis framework. The system evaluation reveals its
usefulness for assessing consumer reviews and its ability to identify and assess the sentiment and opinion based
on product reviews.

A. Addressing Core Sentiment Analysis Challenges

Through the advancement of NLP, the system overcomes a major hurdle of traditional, manual, and rule-
oriented sentiment-analytical systems. The system is capable of serving millions of unstructured customer
reviews and sorting the reviews into positive, negative, and neutral classes. The combination of polarity
sentiment detection and aspect extraction provides advanced and cognitively deeper sentiment analysis, in
contrast to the traditional systems of text classification.

B. Transparency and Interpretability

The system ensures further interpretability of the results through the use of several visualization tools
comprising dashboards, sentiment distribution graphs, and so on. The system, through the aforementioned
design, enables users to understand the distribution of opinions in the various sentiment classes. Also, through
aspect analysis, which comprises analysis of price, quality, delivery, performance, etc., the system enables users
to understand the various strengths and weaknesses of different products, thereby ensuring improvement in
decision-making and the overall system value.

C. Scalability and Integration

The system is built on a modular infrastructure supportive of both individual and batch processing. The system
is, therefore, able to maintain efficiency and performance on customer reviews of large data sets. The system is
also able to integrate into web-apps with stable performance and is thus applicable from personal use and small
systems all the way to an enterprise use system.

D. Limitations and Challenges

The system's performance is contingent on the input data's quality, balance, and cleanliness. Classification
challenges arise with the presence of dirty, incomplete, or biased data. Also, with the use of polarity-based
methods, the system may face challenges with constructs of sarcasm, irony, and the presence of mixed
sentiments. Challenges will also exist with the use of the system and lack of customization to accommodate
domain-specific terms within the vocabulary.

E. Practical Considerations for Deployment

The system is designed to assist in decision-making rather than functioning as a fully automated system. The
system's performance may be compromised over time; therefore, the user must be informed of the necessity of
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data cleansing and the updates. Security parameters such as data authentication and session control are built in
to address the risk of system application within the design.

F. Future Implications for Sentiment Analytics

Automated sentiment analysis provides businesses with a data-based means of constructing research. Automated
sentiment analysis, in contrast to traditional methods of data collection, occurs instantly and offers analysis and
frameworks conducive to the visualization of data. Intelligent data analysis frameworks can extend to other
research fields such as market analysis, social media research, and the study of consumer behavior.

Ix. Conclusion

The system utilizes numerous techniques of Natural Language Processing and research frameworks to quantify
and classify sentiments of product reviews and provide positive, negative, or neutral findings. The system
incorporates a visualization dashboard and modular design to support a variety of real world applications of
opinion research and sentiment analysis.

The framework can be augmented by addressing challenge areas such as implementation of deep learning
models, multilingual processing, real-time analysis of social media sentiments, as well as sufficient handling of
sarcasm, and more advanced emotional analysis. Also, cloud computing, integration of big data, interactive
visual” dashboards, learning systems, and other technologies can address a variety of framework scalability,
accuracy, and usability.
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