
I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                             International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 7, October 2026 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-40420   159 

www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 8.2 

Opinion Mining for Product Reviews Using 

Artificial Intelligence 
Prof. Shafique Shaikh1, Sanika Kothawade2, Shreya Deore3, Harshal Patil4, Nikhil Pitrubhakta5 

Project Guide, Dept. of Information Technology1 

Students, Dept. of Information Technology2-5 

Sandip Institute of Technology and Research Centre (SITRC), Nashik, Maharashtra, India 

sanikakothawade.112023394@sitrc.org, shreyadeore.112023361@sitrc.org 

harshalpatil.112023447@sitrc.org, nikhilpitrubhakta.112023520@sitrc.org 

 

Abstract: The rapid growth of e-commerce platforms has resulted in a large volume of customer-

generated product reviews. These reviews contain valuable information about customer opinions, 

satisfaction levels, product quality, and specific product features. However, manually analysing a 

large number of reviews is time-consuming and difficult. Opinion mining, also known as sentiment 

analysis, uses Artificial Intelligence and Natural Language Processing techniques to automatically 

identify and classify opinions expressed in textual reviews. This paper presents a conceptual AI-based 

framework for analysing product reviews and identifying their sentiment polarity as positive, negative, 

or neutral. The proposed approach combines contextual language representation using Bidirectional 

Encoder Representations from Transformers (BERT) with aspect-based sentiment analysis inspired by 

Aspect-specific Graph Convolutional Networks (ASGCN). The system performs review preprocessing, 

contextual feature extraction, aspect identification, sentiment classification, and generation of an 

overall opinion summary. The reviewed literature also includes hybrid BERT-CNN architectures, 

user/context-aware graph modelling, and multimodal learning approaches, which provide additional 

directions for improving opinion analysis. The proposed framework aims to provide more detailed and 

meaningful information than simple positive or negative classification by identifying the product 

aspects responsible for customer opinions. Such a system can assist customers in decision-making and 

help businesses understand product strengths, weaknesses, and areas requiring improvement. 
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I. INTRODUCTION 

Online product reviews play an important role in helping customers make purchasing decisions and enabling businesses 

to understand customer satisfaction. With the rapid growth of e-commerce platforms, a large volume of customer 

reviews is generated. These reviews contain valuable opinions about product quality, price, design, performance,  

durability, and features. However, analysing a large number of reviews manually is time-consuming. Opinion mining 

using Artificial Intelligence (AI) and Natural Language Processing provides an automated approach to identifying and 

classifying customer opinions from textual reviews. 

Despite its importance, manual and traditional review analysis faces several fundamental challenges: 

 Large Volume of Reviews: E-commerce platforms   generate thousands of reviews for individual products.Manually 

examining this information requires considerable time and effort, making it difficult to identify overall customer 

opinions efficiently. 

 Contextual Ambiguity and Negation: The meaning of words can change depending on the context. For example, “The 

camera is good, but the battery is not reliable” expresses different sentiments toward two product features. Traditional 

methods may fail to interpret such contextual relationships accurately. 
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 Aspect-Level Sentiment Identification: A single review may express positive and negative opinions about different 

product features. Simple sentiment classification may assign one overall label without identifying which aspects 

customers appreciate or criticize. 

 Sarcasm and Informal Language: Customers frequently use slang, abbreviations, spelling variations, and sarcastic 

expressions in online reviews. These variations make it difficult for conventional approaches to correctly determine the 

intended sentiment. 

 Domain-Specific Vocabulary: Words and expressions may have different meanings across product categories. For 

example, terms used to describe mobile phones may differ from those used for clothing or electronic appliances, 

affecting the generalization of sentiment analysis models. 

Recent advances in Artificial Intelligence, particularly Deep Learning and Natural Language Processing, offer 

promising solutions to overcome these limitations. Transformer-based models such as Bidirectional Encoder 

Representations from Transformers (BERT) generate contextual representations of text, while Aspect-specific Graph 

Convolutional Networks (ASGCN) use syntactic relationships to identify sentiment associated with specific aspects. 

These techniques provide a foundation for developing an intelligent opinion mining system that automatically analyses 

product reviews, classifies sentiment, identifies important product features, and summarizes customer opinions. 

This paper presents a conceptual framework titled “Opinion Mining for Product Reviews Using Artificial Intelligence.” 

The proposed framework combines contextual text representation and aspect-based sentiment analysis to classify 

opinions as positive, negative, or neutral. The system aims to help customers compare products and enable businesses 

to identify strengths, weaknesses, and areas requiring improvement. 

The paper is structured as follows: Section II presents the literature review and discusses existing approaches and their 

limitations. Section III describes the proposed methodology and workflow. Section IV presents the system architecture 

and mathematical formulation. Section V discusses the evaluation metrics and system requirements. Section VI      

concludes the paper and presents possible future directions.             

 

II. LITERATURE   SURVEY 

Pang et al. [1] proposed machine learning techniques for sentiment classification using product and movie reviews. Hu 

and Liu [2] developed a method to identify product features and summarize customer opinions. Devlin et al. [3] 

introduced BERT, which improves text understanding by capturing contextual information. Zhang et al. [4] proposed 

an aspect-based sentiment classification model using graph convolutional networks to identify sentiment related to 

specific aspects. 

    Existing methods face challenges in handling negation, mixed opinions, and informal language in reviews. Dou et al. 

[5] explored user preference-aware fake news detection, demonstrating the application of text analysis in classification 

tasks. However, accurately classifying product reviews   remains challenging. This project aims to develop an AI-based 

opinion mining system that classifies product reviews and presents sentiment insights to support better decision-making 

 

III. PROPOSED FRAMEWORK AND METHODOLOGY 

The proposed system operates through two distinct execution phases: a Build Phase, which includes dataset collection, 

text preprocessing, feature extraction, model training, and performance evaluation; and a Run Phase, which accepts 

product reviews, predicts their sentiment, and presents the analytical results through a user-friendly interface. 

 

Proposed System Workflow 

The overall system pipeline follows a structured, modula workflow: 

Product Review Acquisition: Collecting product reviews and corresponding sentiment labels. 

Text Preprocessing: Cleaning the reviews by removing unnecessary symbols, handling missing values, converting text 

to lowercase, and eliminating irrelevant words. 
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Feature Extraction: Converting processed textual reviews into numerical representations using Term Frequency–

Inverse Document Frequency (TF-IDF). 

Sentimate Classification: Applying a supervised machine learning classifier, such as Logistic Regression, to categorize 

reviews as positive, negative, or neutral, depending on the dataset labels. 

Opinion Analysis and Reporting: Displaying predicted sent sentiment distribution.  

 
Fig. 1. Overall block diagram of the proposed AI-Based Opinion-Mining Framework. 

 

Text Preprocessing and Feature Extraction 

Product reviews frequently contain inconsistent capitalization, punctuation, spelling variations, irrelevant symbols, and 

informal expressions. Therefore, preprocessing is performed to improve the consistency of textual input before 

classification.  

The following steps are applied: 

1. Data Cleaning: Removing duplicate records, handling missing review text, and eliminating irrelevant characters 

where appropriate. 

2. Lowercase Conversion: Converting text to lowercase   to reduce differences between words such as “Excellent”  and 

“excellent.”                                                                     

3. Tokenization: Dividing each review into individual words or tokens for further processing. 

4. Stop-Word Removal: Removing common words that contribute little to classification. 

TABLE I: REPRESENTATIVE WORKS IN OPINION MINING AND SENTIMENT ANALYSIS 

Work (Year) Methodology Dataset / Focus Key Contribution Limitation 

Pang et al. 

(2002) 

Naïve Bayes, 

Maximum 

Entropy, SVM 

Movie reviews Demonstrated machine 

learning techniques for 

sentiment classification 

Performance depends on 

text representation and 

domain-specific language. 

Hu and Liu 

(2004) 

Feature-based 

opinion mining 

Customer 

product reviews 

Identified product features Implicit opinions and 

context-dependent sentiment 

can be difficult to identify. 

Devlin et al. 

(2019) 

BERT 

(Transformer 

model) 

General language Improved contextual text 

representation 

Requires more 

computational resources and 

task-specific fine-tuning. 
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Zhang et al. 

(2019) 

ASGCN Aspect-based 

sentiment 

Uses syntactic relationships Relies on syntactic 

information and a more 

complex model architecture. 

Dou et al. 

(2021) 

ASGCN 

 

Social media and 

fake news 

Combined textual 

information 

Focuses on fake news 

detection rather than product 

review sentiment. 

 

C. Machine Learning Architecture 

The core classification engine uses a supervised machine     learning model to identify sentiment from numerical 

representations of product reviews. Logistic Regression is a suitable baseline because it is computationally efficient and 

commonly used for text classification. The architecture consists of the following: 

1. Input Layer: Receives the preprocessed product review. 

2. TF-IDF Vectorization: Converts the text into a sparse numerical feature vector. 

3. Classification Layer: Uses Logistic Regression to learn the relationship between textual features and sentiment 

labels. 

4. Probability Estimation: Estimates the probability associated with each supported sentiment category. 

5. Output Layer: Assigns the predicted sentiment class and forwards the result for analysis. 
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where (w_c) represents the learned weight vector for class (c), (b_c) is its bias, and (C) denotes the total number of 

sentiment classes. The model predicts the sentiment class with the highest estimated probability.  The machine learning 

architecture of the proposed opinion mining system consists of three main components: feature extraction, model 

training, and sentiment prediction. Initially, the preprocessed product reviews are converted into numerical 

representations using Term Frequency–Inverse Document Frequency (TF-IDF). These numerical features help the 

model identify important words and expressions that contribute to the overall sentiment of a review. The extracted 

feature vectors are then provided to a supervised machine learning classifier for training and prediction. 

  Logistic Regression is considered a suitable baseline classifier for this system because it is efficient, interpretable, and 

effective for many text classification tasks. During training, the model learns the relationship between the extracted text 

features and their corresponding sentiment labels. It estimates the probability of a review belonging to each sentiment 

category based on the learned parameters. The model then assigns the category with the highest predicted probability as 

the final sentiment. Depending on the dataset, the system can classify reviews as positive, negative, or neutral 

To evaluate the reliability of the architecture, the dataset is divided into training and testing sets. The training set is 

used to learn the model parameters, while the testing set evaluates its performance on previously unseen reviews. The 

TF-IDF vectorizer must be fitted only on the training data to prevent information leakage. Performance can be 

measured using accuracy, precision, recall, F1-score, and a confusion matrix. The final model should be selected 

according to its measured performance and computational requirements. 

 

D. Sentiment Classification and Loss Function 

The proposed system uses a supervised machine learning classifier to categorize product reviews as positive, negative, 

or neutral. Logistic Regression estimates the probability of each sentiment class using the extracted TF-IDF features 

and assigns the class with the highest probability as the predicted sentiment. During training, the model minimizes the 

loss between the predicted and actual sentiment labels, helping improve classification accuracy. The trained model can 

then analyze customer reviews and generate meaningful sentiment insights. 
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E. Alignment with Sustainable Development Goals  

The proposed framework supports the practical application of artificial intelligence and data-driven decision-making in 

digital commerce. Its potential alignment with the United Nations Sustainable Development Goals includes: 

SDG 8 – Decent Work and Economic Growth: Automates part of the review-analysis process, potentially reducing the 

manual effort required by businesses to understand customer feedback. 

SDG 9 – Industry, Innovation and Infrastructure: Promotes the application of AI, natural language processing, and 

machine learning to develop intelligent review-analysis tools. 

SDG 12 – Responsible Consumption and Production: Helps consumers interpret available customer feedback and make 

more informed purchasing decisions, while enabling businesses to identify recurring product-related concerns. 

 

IV. SYSTEM REQUIREMENTS AND PERFORMANCE METRICS 

A. Hardware and Software Requirements 

The development and execution of the proposed opinion-mining system require an appropriate software environment 

and computing resources. 

Processor: Intel Core i3 or above, or an equivalent AMD processor. 

Memory and Storage: Minimum 4 GB RAM, with 8 GB RAM recommended, and sufficient storage for the dataset, 

trained model, and project files. 

Programming Language: Python 3.x. 

Libraries and Tools: Pandas, NumPy, Scikit-learn, NLTK or spaCy, Matplotlib, and Seaborn. 

Development Environment: Visual Studio Code, Jupyter Notebook, or another Python-compatible environment. 

User Interface: Streamlit or Flask may be used to provide an interface for entering reviews and viewing predictions. 

 

V.CONCLUSION 

Opinion mining using artificial intelligence provides an effective way to analyze customer opinions expressed in 

product reviews. The proposed system uses text preprocessing, feature extraction, and machine learning techniques to 

classify reviews according to their sentiment. The results can be presented through visualizations that help identify 

customer satisfaction, dissatisfaction, and overall opinion trends. This approach can reduce manual effort and help 

businesses understand customer feedback more efficiently. The system can be further improved by incorporating 

advanced deep learning models, aspect-based sentiment analysis, and larger datasets to enhance classification 

performance and handle complex opinions. 
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