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ABSTRACT

This model performs sentiment analysis on Amazon reviews using a combination of natural language processing
(NLP) techniques and machine learning models. The process begins with text preprocessing, utilizing the Porter
Stemmer algorithm and NLTK libraries to standardize and clean the data. Reviews are then transformed into
numerical representations through the Counter Vectorization technique. For sentiment classification, the XG
Boost model is employed due to its robustness and high performance. The model is trained on a labeled dataset
of Amazon reviews, enabling it to predict the sentiment (positive or negative) of new, unseen reviews accurately.
To provide an accessible user interface, a Streamlit web application is developed. This application allows users
to input their product and receive immediate sentiment analysis results, enhancing user engagement and
providing valuable insights into customer opinions. Overall, it integrates advanced NLP methods and state-of-the-
art machine learning models within a practical web application, making sentiment analysis of Amazon reviews
both accurate and user-friendly.

Keywords: Streamlit Web Application, Porter Stemmer Algorithm, XG Boost Model, Sentiment Analysis, Nlp
Libraries.

I. INTRODUCTION

Sentiment analysis is a critical Natural Language Processing (NLP) task that extracts emotional tone from text. In
e- commerce, particularly on platforms like Amazon, analyzing customer reviews is essential for understanding
product feedback. However, the massive volume of reviews makes manual analysis impractical. This project aims
to develop an automated Online Product Feedback Analyzer to classify Amazon product reviews as positive,
negative, or neutral.

The system utilizes advanced NLP techniques like Porter Stemmer for text preprocessing, including tokenization
and stop-word removal, ensuring clean and standardized data. Feature extraction converts reviews into
numerical representations using Count Vectorization, making them suitable for machine learning.

The core of the system is the XGBoost model, chosen for its high accuracy and performance in sentiment
classification tasks. A Streamlit web application provides a user-friendly interface for real-time sentiment
analysis. Users can input reviews and instantly receive sentiment classifications.

This automated system offers businesses valuable insights into customer opinions, improving decision-making.
The ability to update and retrain the model as new data comes in ensures it remains relevant and accurate.
Overall, the system streamlines sentiment analysis, making it both efficient and accessible.

II. LITERATURE SURVEY
Early Works
[1] Antony Samuels and John Mcgonical (2019)

This model introduced sentiment analysis techniques to classify customer feedback on Amazon product reviews.
The study focused on opinion mining, text mining, and sentiment analysis to categorize reviews into positive,
negative, and neutral sentiments. It provided insights into customer opinions on smartphones using comparative
analysis.

Simplifies the sentiment classification process by leveraging opinion mining.Uses structured and unstructured
data to enhance insights.

Highlights the impact of sentiment analysis on e-commerce.

Fails to address complex linguistic structures such as sarcasm and idioms. Limited scalability for large and
diverse datasets.
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[2] Chaehan So (2020)

This study identified Random Forests and XGBoost as the best-performing machine learning algorithms
for predicting the sentiment of product reviews. It demonstrated that these algorithms achieve higher accuracy
by effectively handling structured datasets and noise in text.

Robust against overfitting, especially when using XGBoost. Efficient for large datasets with minimal
preprocessing.

Provides a strong benchmark for traditional machine learning models in sentiment analysis.

Does not utilize advanced deep learning techniques for contextual understanding.

Limited ability to capture long-term dependencies in text.

[3] Yang et al. (2020)

The study explored sentiment analysis for Chinese e-commerce product reviews using a combination of
sentiment lexicons and deep learning models. The study demonstrated significant improvements in accuracy by
integrating word embeddings such as Word2Vec and GloVe into Convolutional Neural Networks (CNNs).

Effectively captures semantic relationships between words using word embeddings.

CNNs provide strong performance in classifying text with clear patterns.

Demonstrates scalability for multilingual datasets.

CNNs may struggle with long-term dependencies in text.

Limited discussion on addressing sarcasm and idiomatic expressions.

[4] Elangovan and Subedha (2023)

The authors proposed a novel system combining deep learning with optimization techniques, specifically
Adaptive Particle Grey Wolf Optimizer, to enhance sentiment analysis of online product reviews.
Achieves high accuracy and efficiency using optimized deep learning methods.

Well-suited for large-scale applications in e-commerce.

Effectively integrates optimization techniques to improve model performance.

Computationally intensive due to optimization overhead.

Limited interpretability of model predictions for non-technical users.
III. OBJECTIVES

The objectives are to develop a robust sentiment analysis system for Amazon reviews using a combination of
NLP techniques and machine learning models. The goal is to accurately categorize review sentiment into positive,
negative, or neutral.

There are 3 main objectives. They can be listed as:

1. Sentiment Classification

This is achieved using the Amazon Product Advertising API, which provides access to a vast array of product
reviews. Data is collected with essential fields, including review text, ratings, and timestamps, for thorough
analysis. Ensuring the dataset is balanced across different sentiment categories (positive, negative, neutral) is
crucial for reliable results. Additionally, measures are taken to handle data licensing and ethical considerations
during the collection process.

2. Data Preprocessing

Data preprocessing is aimed at cleaning and standardizing the text for analysis. Irrelevant characters, such as
special symbols or HTML tags, are removed to reduce noise. Text normalization is performed by converting all
text to lowercase, ensuring uniformity. Stemming or lemmatization techniques are applied to reduce words to
their root forms, minimizing redundancy in the dataset. This step enhances the quality of the input data and
ensures compatibility with machine learning algorithms.

3. Feature Extraction

Feature extraction focuses on deriving meaningful information from the preprocessed text data. Techniques like
word frequency analysis, TF-IDF, and sentiment scoring are employed to capture the significance of words and
phrases. Part-of-speech tagging is used to understand the grammatical structure of the text, aiding in nuanced
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sentiment detection. Advanced methods, such as word embeddings (e.g., Word2Vec or GloVe), are utilized for
capturing contextual relationships. These features form the foundation for training the sentiment classification
model.

4. Model Training

Model training involves using the extracted features to build a machine learning model capable of predicting
sentiment. Algorithms.

The goal is to develop a model that accurately classifies thelike XGBoost are preferred for their high accuracy
and efficiency in sentiment of Amazon product reviews into categories like positive, handling structured data.
Training data is split into training and negative, or neutral. Natural Language Processing (NLP)validation
subsets to prevent overfitting and improve generalization. techniques will preprocess and structure the data
for analysis. Hyperparameter tuning is conducted to optimize model performance. Machine learning algorithms,
such as XGBoost or deep learningThe goal is to identify patterns in the data that accurately classify models, will
be utilized for classification. The focus will be onsentiments across diverse reviews.

handling nuanced sentiments, improving accuracy, and extracting5.

IV.  PROPOSED SYSTEM

The model focuses on building an Online Product Feedback Analyzer using sentiment analysis techniques,
combining NLP methods and the XGBoost machine learning model and developing use-friendly web page using
streamlit.

[1] Introduction to the System

The aim is to develop a sentiment analysis system for Amazon reviews that integrates NLP techniques with
machine learning models. The system should:

Classify review sentiments as positive or negative. Provide an intuitive user interface for feedback analysis.
Support administrative control for managing data, models, and performance.

[2] Modules of the Proposed System

User Module

Features: Input product reviews. View sentiment analysis results

3. Model Evaluation

features using advanced methods like TF-IDF or word Model evaluation assesses the effectiveness of the trained
model on embeddings. This system will help businesses gain actionable unseen data. Metrics like accuracy,
precision, recall, and F1 score are insights from customer reviews.

4. Performance Evaluation

This objective evaluates the sentiment analysis model's efficiency using metrics like accuracy, precision, recall,
and F1 score. Confusion matrices will be employed to identify areas of improvement, such as misclassifications or
difficulty detecting calculated to gauge the model's performance. Cross-validation techniques are employed to
ensure consistent results across different subsets of data. Confusion matrices help identify specific areas where
the model struggles, such as misclassifying neutral sentiments. The evaluation ensures the model is robust,
reliable, and ready for deployment in real-world applications.

neutral sentiments. Cross-validation will ensure the model performs consistently across different datasets.
Benchmarking against existing models will validate improvements and uncover gaps or biases. This process
ensures the model is reliable and optimized for real-world applications.

5. Web Application Development

A Streamlit-based web application will be created to enable users to input product reviews and instantly receive
sentiment analysis results. The application will feature a user-friendly interface and visualizations, such as
graphs, to summarize results. Real-time processing will ensure seamless interaction, making it accessible for non-
technical users. It will serve as a practical tool for businesses to analyze customer feedback at scale. Additional
features like multilingual analysis and bulk uploads may be integrated in the future to expand its utility.
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V. METHODOLOGY
A. Data Collection:

The first step involves gathering a comprehensive dataset of Amazon product reviews to ensure diversity and
relevance.

(positive/negative).Option to save/view past reviews. Enable feedback for accuracy evaluation of predictions.

Enhancements: Add an option to provide more detailed feedback (e.g., "inaccurate sentiment"). Display trends
for the user's submitted reviews over time.

B. Admin Module

Features: Monitor user activity (inputs and predictions). Manage datasets (add/update Amazon reviews for
training). Retrain and update the model (XGBoost) with new datasets. Monitor system performance (accuracy,
precision, recall).

Enhancements: Provide an admin dashboard with graphs/metrics (review trends, model performance). Allow
selective model retraining based on error trends or new datasets.

C. Data Management Module

Features: Collect new Amazon reviews. Preprocess reviews using Porter Stemmer and other NLp techniques.
Convert text to numerical features using Counter Vectorization.

Enhancements: Replace Counter Vectorization with TF-IDF for better feature representation. Implement
lemmatization for improved word standardization. Store datasets in a centralized, scalable database like
MongoDB or PostgreSQL.

D. Model Management Module

Features: Train the XGBoost model with labeled data. Evaluate the model (accuracy, precision, recall).Deploy
updated model versions for better predictions.

Enhancements: Incorporate Transformer-based models (e.g., BERT, RoBERTa) for better context understanding.
Use ensemble models (combine XGBoost with deep learning techniques).Implement automated hyperparameter
tuning to optimize performance.

E. Sentiment Analysis Module

Features: Receive preprocessed reviews. Predict sentiment using the trained model (XGBoost).Return results to
the User Interface Module.

Enhancements: Extend classification to include neutral sentiment. Integrate semantic analysis to better handle
idioms, slang, and sarcasm.

F. User Interface (UI) Module

Features: Allow users to input reviews via a Streamlit-based web application. Display sentiment analysis results
in real time. Enhancements: Replace Streamlit with a scalable frontend framework (e.g., React or Vue.js).Add
visualizations (e.g., pie charts for sentiment distribution).Ensure mobile responsiveness

for broader accessibility.
G. Feedback/Logging Module

Features: Log user inputs and corresponding sentiment predictions. Provide feedback for incorrect predictions
to improve the system.

Enhancements: Use the feedback loop for active learning (update the model incrementally with user feedback).
Display logs and trends to admins for identifying common prediction errors.

[1] System Workflow

Data Collection: Collect Amazon reviews via an API or web scraping.

Store data in a database for preprocessing and analysis.

Data Preprocessing: Clean reviews: remove special characters, stopwords, and apply stemming or
lemmatization. Convert text to numerical features using TF-IDF.

Model Training: Train the XGBoost model with preprocessed data. Evaluate the model using metrics like
accuracy, precision, and recall.
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Prediction: Input new reviews into the system via the Ul. Preprocess the review and use the trained model to
predict sentiment.

Feedback Logging: Log user feedback on the sentiment analysis results. Use this feedback for model refinement
and improving future predictions.

User/Admin Interaction: Users can view predictions and provide feedback. Admins can manage data, monitor
model performance, and retrain models as needed.

Testing and Validation: Develop test cases for: User registration and login (security and functionality).
Data preprocessing (ensure cleaned data is consistent).Model predictions (verify accuracy for all sentiment
types).Feedback integration (validate model updates based on feedback).

Future Scope: Expand the dataset for improved generalization. Implement a multi-lingual analysis system.
Incorporate advanced visualization techniques in the admin dashboard. Explore deployment options for
scalability (e.g., AWS, Azure, or Dockerized microservices).

Applications

The Online Product Feedback Analyser using Machine learning model applications are:

1. E-Commerce: Analyzes customer reviews to gauge product sentiment, improve recommendations, and
provide actionable insights for vendors.

2. Customer Relationship Management (CRM): Helps identify and prioritize negative feedback for quick
resolution, enhancing customer satisfaction and retention.

3. Business Decision-Making: Offers data-driven insights into customer preferences and market trends, aiding
in product development and competitive analysis.

4. Social Media and Online Platforms: Monitors and analyzes user sentiment across social media or reviews
to track brand perception and flag problematic content.

5. SaaS Tools: Provides sentiment analysis as a service for businesses, enabling integration with their systems
for enhanced decision-making. These applications highlight the potential of sentiment analysis systems to provide
actionable insights across various industries and use cases.

VI. ALGORITHMS
[1] Porter stemmer
[2] XGBOOST
[3] Count vectorization
1. Initialization:
0 Let U be the set of Amazon users who provide product reviews. Each user has trust values associated with
their sentiment predictions. o A user ui submits a review r for a product p. o Let M represent the machine learning
model (XGBoost) used for predicting the sentiment of reviews. Each prediction has a confidence level t (trust
score) associated with it. o Define 6(r) as the "sensitivity" of the review, which represents how critical or
impactful the review's sentiment is (could be based on length, sentiment strength, or keywords).
2. User Trust Model:
o Whenuseruisubmits areview r with sentiments (positive /negative), the system predicts a sentiment sp using
the XGBoost model. o Trust between the model and the user ui is denoted as tM,i. This represents how much the
model trusts the user’s review to be accurately classified.
3. Sentiment Loss Function:
o Define a sentimentloss function, f-loss(tM,i, §(r)), which is: f-loss(tM,i,8(r))=(1-tM,i)- 8(r)f-loss(tM,i, 8(r))
=(1-tM,i) \cdot 8(r)f-loss(tM,i,6(r))=(1-tM,i)- &(r)
= This loss function decreases as tM,i increases (i.e., as the model becomes more confident in its prediction).
= It increases as §(r) increases, meaning more sensitive re views have a greater potential for sentiment
misclassification.
2. Prediction and Feedback:
o The model makes a prediction sp based on the preprocessed re view. o If the prediction is incorrect (determined
by feedback from the user), the privacy (accuracy) loss increases.
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3. Trust Update Mechanism:

o Define t' as the updated trust value based on the outcome of the prediction: t'M,i=f-trust(tM,i1(r))if the
prediction is cor rect, ort'M,i

= f-trust(tM,i, 1(r)) \quad \text{if the prediction is cor rect,

or}t'M,i=f—trust(tM,i,1(r))if the prediction is correct, or t'M,i=f-trust(tM,i,~1(r))if the prediction is
incorrectt'M,i = f trust(tM,i, -1(r)) \quad \text{if the prediction is incorrect.}t'M,i=f-trust(tM,i,~1(r))if the
prediction is incorrect. = The function f-trust(x, y) ensures trustis adjusted based on whether the prediction was
correct. Trust increases if feed back is positive and decreases if feedback is negative.

4. Payoff to the Model:
O Define the benefit for the model as:er=| Scorrect|| Stotal|l e_r=\frac{|S_{correct}|}{|S_{total}

[}er=| Stotal| | Scorrect] Where S_correct is the set of correctly predicted reviews, and S_total is the total number
of reviews. o Define c_r as the change in trust values across all users, calculated as: cr=3t'M,i} tM,ic_r = \frac{\sum
t'M,i}{\sum tM,i}cr =XtM,i}’t'M,i o The payoff u_r for the model is then: ur=f-payoff(er,crju_r = f payoff(e_r,
c_r)ur=f-payoff(er,cr) = This function allows the model to adjust its parameters or re train based on the feedback
loop.

5. Threshold Rule:

o Introduce athreshold 6i for accepting feedback: = If6iis high, user feedback is given more weight in adjusting
the model. = If 6i = 0, the model assumes all reviews are critical, and there is no feedback incorporated. = If8i =
1, all reviews are assumed correct without adjusting for feedback.

6. Continuous Model Improvement:

o Asuser feedback is collected, the model improves by updating its trust score tM,i and re-calibrating based on
payoff function u_r. o If the model achieves high trust over time, it will make more accu rate predictions with
minimal loss.

VII. RESULT

Select a product variation to view its customer reviews and overall sentiment analysis.
Choose a product variation

Charcoal Fabric v

Charcoal Fabric

Walnut Finish

Heather Gray Fabric

Sandstone Fabric

Oak Finish

Black

White

Diasli Cant

Fig.1: Web page were user gives their input product.
After the user inputs the product name through the user-friendly web page as shown in figl, its give the output
result as positive or negative along with graph as shown in fig.2 and fig.3.If user click on show sentiment
distribution it will show result as in fig.3.

www.irjmets.com @International Research Journal of Modernization in Engineering, Technology and Science

[4398]


http://www.irjmets.com/

TRJ ETS

e-ISSN: 2582-5208

International Research Journal of Modernization in Engineering Technology and Science
( Peer-Reviewed, Open Access, Fully Refereed International Journal )

Volume:07/Issue:01/January-2025 Impact Factor- 8.187 WWWw.irjmets.com

Choose a product variation
Charcoal Fabric v
Analyzing reviews for **Charcoal Fabric **...

Overall Sentiment: Positive (418 positive, 12 negative reviews)

Show Sentiment Distribution

Suggest Another Product

How about trying: Configuration: Fire TV Stick

Fig.2

Analyzing reviews for **Charcoal Fabric **...

Overall Sentiment: Positive (418 positive, 12 negative reviews)

Show Sentiment Distribution

Fig 3. Graphical analysis
VII. CONCLUSION

The Online Product Feedback Analyzer effectively combines NLP techniques and machine learning models to
perform sentiment analysis on Amazon reviews. By leveraging the Porter Stemmer algorithm, Counter
Vectorization, and the robust XGBoost model, the system achieves accurate classification of customer sentiments
as positive or negative. A user-friendly Streamlit-based web application ensures accessibility, allowing users to
input reviews and receive instant feedback. The project provides essential modules for data preprocessing,
sentiment prediction, and feedback logging, while the admin module ensures system monitoring and retraining
capabilities. Key gaps, such as handling neutral sentiments, slang, and contextual nuances, are acknowledged,
with proposed enhancements like Transformer-based models for future development. This system offers
practical applications in e-commerce, CRM, and business decision-making, making it a valuable tool for
understanding customer feedback. Overall, the project demonstrates a scalable, efficient, and user-centric
approach to sentiment analysis, with significant potential for future advancement.

IX. FUTURE ENHANCEMENT
[1] Aspect-Based Sentiment Analysis (ABSA):Enable the system to detect sentiments about specific aspects of
a product, such as "battery life" or "design." Summarize customer opinions for each product feature.

[2] Real-Time Feedback Analytics for Businesses: Develop dashboards that provide live sentiment updates for
reviews as they are posted. Track real-time customer sentiment during product launches or promotional events.

[3] Voice and Video Feedback Analysis: Implement sentiment analysis for audio reviews or video testimonials
using speech-to-text and computer vision technologies.

Multimedia platforms: Analyze sentiments in vlog reviews or unboxing videos.
Social media: Detect sentiments in live-streamed reviews or events.

[4] Gamified Feedback System: Add gamification elements to encourage users to provide feedback on
sentiment predictions or reviews.

User engagement: Reward users for helpful feedback or accurate reviews.

Model improvement: Use gamified input to collect more labeled data for training.
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[5] Al-Powered Sentiment Assistants: Develop Al chatbots or assistants to analyze reviews and suggest ways
businesses can improve based on customer feedback. Small businesses: Use Al assistants for affordable feedback
analysis. Customer support: Provide proactive resolutions based on sentiment data.
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