
www.ijcrt.org                                                             © 2025 IJCRT | Volume 13, Issue 5 May 2025 | ISSN: 2320-2882 

IJCRT2505247 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org c187 

 

 Sentiment Analysis Of User Reviews Integrated 

Into E-Commerce Websites 
 

1Brahmbhatt Kashish M, 2Assit. Prof. Nimesh Vadiya, 3Dr. Vijaykumar B Gadhavi 

1Master of Engineering Student, 2Dean Faculty of Engineering 

Computer Engineering, Faculty of Engineering 

Swaminarayan University, Kalol , India 

 

Abstract:  In today’s rapidly growing e-commerce environment, online product reviews play a crucial role 

in influencing consumer decisions. However, manually interpreting thousands of reviews is time-consuming 

and often ineffective. This research proposes an AI-based web-integrated sentiment analysis system to 

automatically process, classify, and visualize customer sentiments in real-time on e-commerce product pages. 

The system leverages advanced Natural Language Processing (NLP) techniques, particularly BERT 

(Bidirectional Encoder Representations from Transformers), for its ability to understand contextual and 

semantic nuances of user reviews [1] [2]. The sentiment output—categorized as positive, neutral, or negative—

is dynamically displayed using intuitive UI components embedded into the product page, thus enhancing user 

decision-making and trust. 

We trained and evaluated the model using publicly available datasets such as Amazon and Yelp reviews [3] 

[4]. BERT outperformed traditional classifiers like Naïve Bayes and LSTM with an accuracy of 94.3%, 

aligning with similar findings in recent studies [5] [6]. Furthermore, integration of sentiment visual summaries 

led to improved conversion rates and reduced bounce rates, validating the commercial effectiveness of the 

proposed approach [7] [8]. 

This paper highlights the practical benefit of combining AI and responsive web technologies to address the 

overload of textual feedback in e-commerce. Future work may include multilingual support, sarcasm detection, 

and aspect-based sentiment modeling as explored in related literature [9] [10]. 

I. INTRODUCTION  

1.1 Background  

The rapid growth of e-commerce has revolutionized how consumers make purchasing decisions, placing 

greater emphasis on online product reviews. Platforms such as Amazon and Flipkart generate vast amounts of 

user-generated content daily, particularly reviews that influence potential buyers. These reviews not only reflect 

customer satisfaction but also serve as an indirect form of product quality assessment and business feedback 

mechanism. 

However, the unstructured and voluminous nature of textual reviews makes it difficult for users to digest and 

extract meaningful insights efficiently. To address this, Sentiment Analysis, a subdomain of Natural Language 

Processing (NLP), is used to classify textual content based on the sentiment it conveys—typically into positive, 

negative, or neutral classes [1]. Advances in deep learning and transformer-based models like BERT have made 

sentiment analysis more context-aware and accurate, especially in domain-specific applications such as product 

reviews [2]. 
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1.2 Current Scenario 

Traditional e-commerce websites often rely on basic star ratings and numerical summaries, which fail to 

capture nuanced user sentiment. This gap highlights the need for integrating real-time, AI-driven sentiment 

interpretation within web platforms. Such integration not only assists consumers in quicker decision-making 

but also improves transparency and trust in online marketplaces [3] [4]. 

Recent studies suggest that consumers are more likely to trust and act on summarized opinion indicators such 

as emotional icons, keyword highlights, or AI-generated summaries, compared to manually sifting through 

hundreds of reviews [5]. The growing field of explainable AI in e-commerce also encourages presenting 

machine-interpreted insights in a user-friendly format [6]. 

 

1.3 Problem Statement 

Despite the availability of review data, most e-commerce platforms lack intelligent systems to summarize 

and visualize user sentiment contextually. Conventional review systems are static and do not adapt to user intent, 

search patterns, or review tone variability. Hence, there is a pressing need to develop a system that: 

• Automatically analyzes textual reviews, 

• Identifies sentiments accurately, 

• Integrates results into a responsive e-commerce interface. 

1.4 Motivation 

The motivation behind this research stems from the need to improve user experience and purchasing 

confidence in e-commerce platforms. An AI-powered, sentiment-aware interface can bridge the gap between 

user expectations and product transparency. By combining deep learning techniques with modern web 

development practices, the proposed system offers a novel solution to enhance review interpretability while 

maintaining usability. 

  

Figure 1.1 

  

Literature Review : 

 

The application of sentiment analysis in e-commerce has gained significant traction in recent years, largely 

due to the explosion of user-generated content on platforms such as Amazon, Flipkart, and eBay. Researchers 

have explored various machine learning and natural language processing approaches to extract insights from 

review texts, aiming to enhance decision-making for both consumers and businesses. 

2.1 Early Techniques in Sentiment Analysis 

Initial efforts in sentiment classification relied heavily on rule-based and lexicon-based approaches. Liu et 

al. [1] introduced an opinion mining system using sentiment lexicons to classify reviews into positive and 

negative categories. While effective to an extent, these methods struggled with contextual understanding, 

sarcasm, and domain-specific language. 

Pang et al. [2] applied machine learning techniques such as Naïve Bayes and Support Vector Machines 

(SVM) for sentiment classification, reporting better accuracy over rule-based systems. However, these models 

often required substantial feature engineering and could not effectively handle long-term dependencies in 

language. 

2.2 Rise of Deep Learning Methods  

The advent of deep learning brought significant improvements. Recurrent Neural Networks (RNNs) and 

Long Short-Term Memory (LSTM) networks, capable of capturing sequential information, demonstrated strong 

performance in analyzing textual sentiment [3]. These models could learn word dependencies and contextual 

sentiment from labeled datasets. 

Despite their effectiveness, LSTM models still had limitations in parallel processing and suffered from 

performance issues on large-scale datasets. This led to the rise of Transformer-based architectures such as BERT 

(Bidirectional Encoder Representations from Transformers), which significantly improved contextual 

understanding of text [4]. 

 

Devlin et al. [4] demonstrated that BERT outperformed traditional models across several NLP tasks, 

including sentiment classification, especially in noisy and unstructured review environments. Liu et al. [5] 

extended BERT for fine-grained sentiment classification in multi-aspect product reviews, showing 

improvements in classification precision. 
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2.3 Sentiment Analysis in E-commerce Context 

Mudambi and Schuff [6] emphasized the importance of review quality in influencing buyer behavior. They 

found that users engage more with reviews that are emotional, well-structured, and detailed. This insight led to 

the need for intelligent summarization and visualization of sentiment in e-commerce systems. 

Further, studies like those by Chen and Xie [7] showed that real-time sentiment indicators such as tag clouds, 

emoji-based feedback, and dynamic sentiment graphs improved user engagement and trust. 

Recent systems proposed by Zhang et al. [8] integrate NLP with web development frameworks to visually 

display sentiment results beside products. These dynamic sentiment summaries contribute to better decision-

making and have shown a measurable impact on conversion rates and reduced cart abandonment. 

2.4 Gap in Existing Literature 

Although a significant body of research focuses on sentiment classification, fewer systems have implemented 

real-time sentiment integration into e-commerce product pages. Most solutions exist in standalone dashboards 

or third-party analytics platforms. This highlights the need for a browser-accessible, seamlessly embedded 

sentiment analysis tool that enhances the review experience for end-users. 

 

Methodology: 

 

This section outlines the step-by-step methodology adopted for developing a sentiment analysis system that 

is seamlessly integrated into e-commerce platforms. The architecture combines natural language processing 

(NLP) techniques, deep learning models, and front-end visualization to deliver real-time sentiment feedback on 

user reviews. 

3.1 System Overview 

The system consists of five main components: 

1. Data Collection Module 
Scrapes or imports customer review data from e-commerce platforms such as Amazon, Flipkart, or a 

custom-built platform using APIs or web scraping tools like Scrapy or BeautifulSoup. 

2. Text Preprocessing 
The text data is cleaned and standardized through processes such as: 

o Removing HTML tags, special characters 

o Tokenization 

o Lemmatization 

o Stopword removal 

3. Sentiment Classification Engine 
This module uses a pre-trained BERT-based deep learning model fine-tuned on e-commerce reviews 

to classify sentiments into: 

o Positive 

o Neutral 

o Negative 

4. API Layer 
The sentiment classification engine is wrapped in a Flask/Django REST API, allowing easy 

integration into any website or e-commerce platform. 

5. Front-End Visualization 
The output sentiment is displayed on the product page using visual indicators such as: 

o Emojis 

o Percentage bars 

o Summary tags (e.g., “Mostly Positive”) 
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3.2 Workflow Diagram 

 
Figure 3.1 

3.3 Tools and Technologies Used 

Component Technology/Tool 

Data Collection Python, Beautiful Soup, Scrapy 

Preprocessing NLTK, SpaCy 

Sentiment Model BERT, TensorFlow / PyTorch 

API Integration Flask / Django REST Framework 

Front-End Embedding JavaScript, React, HTML/CSS 

Deployment Heroku / AWS / Firebase 

Table 3.1 

 

 

3.4 Real-time Integration Flow 

1. When a user submits a review, it's sent via an AJAX call to the backend API. 

2. The review is analyzed instantly using the sentiment engine. 

3. The sentiment result is sent back and embedded in the user interface dynamically. 

 

Results and Discussion: 

 

4.1 Experimental Setup 

To evaluate the performance of the sentiment analysis system, we used three models: 

 Logistic Regression (Baseline) 

 LSTM (Sequential deep learning) 

 BERT (Transformer-based fine-tuned model) 

We tested them using customer reviews collected from the Amazon Product Review Dataset and Yelp 

Review Dataset, preprocessed with standard NLP techniques such as tokenization, lemmatization, and stop 

word removal. 

4.2 Performance Metrics  

We evaluated each model using: 

 Accuracy: Correct classification rate 

 Precision: Proportion of correct positive predictions 

 Recall: Ability to identify all relevant positive samples 

 F1-Score: Harmonic mean of precision and recall 
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Model  Accuracy Precision Recall F1-Score 

Logistic Regression 84.2% 82.9% 83.4% 83.1% 

LSTM 89.7% 89.2% 88.5% 88.8% 

BERT 94.3% 94.6% 93.9% 94.2% 

Table 4.1 

 

BERT clearly outperformed the other models due to its ability to understand context and manage longer 

sequences effectively. 

 

4.3 Visual Output and Integration 

 The sentiment prediction is served via a REST API (Flask), enabling real-time classification of user-

submitted reviews. 

 Sentiment summaries are integrated on the product page through icons, bar graphs, and rating scales. 

 A user sentiment dashboard displays the overall product perception based on review trends (e.g., 

"Mostly Positive"). 

4.4 User Experience Evaluation 

We conducted an A/B testing study with two versions of the product page: 

 Without sentiment summaries 

 With sentiment summaries (AI-integrated) 

Findings: 

 Conversion rate improved by 22% with sentiment integration. 

 Time spent per product page increased by 19%. 

 Bounce rate decreased by 16%. 

This confirms that embedding sentiment feedback into the UI improves customer engagement and decision-

making confidence. 

4.5 Discussion 

The results validate the effectiveness of using BERT for high-accuracy sentiment classification and show 

that integrated AI summaries significantly enhance the online shopping experience. Although the system 

performs well in general, it still faces limitations with: 

 Sarcastic or ambiguous text 

 Extremely short reviews (1–2 words) 

 Reviews in mixed or regional languages (future scope) 

 
Figure 4.1 

http://www.ijcrt.org/


www.ijcrt.org                                                             © 2025 IJCRT | Volume 13, Issue 5 May 2025 | ISSN: 2320-2882 

IJCRT2505247 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org c192 

 

Conclusion:  

 

This research presents a web-integrated sentiment analysis system that enhances user experience and 

decision-making within e-commerce environments. By employing advanced AI models such as BERT, the 

system is capable of accurately classifying customer reviews in real-time and presenting sentiment summaries 

directly on product pages. 

The integration of NLP and deep learning allows businesses to: 

 Understand customer satisfaction trends, 

 Improve product recommendations, 

 Reduce decision fatigue for buyers, and 

 Monitor brand reputation dynamically. 

Our implementation shows high accuracy in sentiment classification, while the RESTful API and front-end 

visualization ensure seamless integration and real-time performance. 

 

Future Work: 

 

Several directions exist for expanding the current system: 

 Multilingual Sentiment Analysis: Extend the system to support regional and global e-commerce 

platforms by including models trained on multiple languages (e.g., Hindi, Spanish, and Arabic). 

 Aspect-Based Sentiment Analysis (ABSA): Go beyond overall sentiment and extract sentiments for 

specific product features (e.g., camera, battery). 

 Emotion Detection: Incorporate emotion classification (joy, anger, frustration) to offer deeper insights. 

 Fake Review Detection: Add a layer to detect bot-generated or spammy reviews using anomaly 

detection or stylometric analysis. 

 Voice Review Sentiment: Extend functionality to analyze voice reviews via speech-to-text and 

sentiment modeling. 

 User Personalization: Integrate with recommendation engines to tailor product suggestions based on a 

user’s sentiment profile. 
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