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Abstract:

It is crucial to identify and remove fake reviews from the provided dataset using various Natural
Language Processing (NLP) approaches for a number of reasons. In order to predict the accuracy of
how genuine the reviews in a given dataset are, two distinct Machine Learning (ML) models are applied
to train the false review dataset in this research. When relying on product reviews for the item found
online across various websites and applications, the prevalence of fraudulent reviews is rising in the e-
commerce sector and even on other platforms. Before making a purchase, the company's items were
trusted. Therefore, it is necessary to address the issue of phoney reviews so that major e-commerce
companies like Flipkart, Amazon, and others can resolve it and get rid of spammers and bogus
reviewers. To keep consumers from losing faith in e-commerce sites. Websites and applications with a
few thousand users can use this model to forecast the legitimacy of reviews, allowing the proprietors of
those websites to take appropriate action. Random forest and Naive Bayes techniques were used to
construct this model. By using these models, one may quickly determine how many spam reviews there
are on a website or application.
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1.0 INTRODUCTION

Fake reviews have become a significant concern in the e-commerce ecosystem, where user-generated content
plays a critical role in influencing purchasing decisions. Reviews, often regarded as credible feedback from
customers, are increasingly manipulated to mislead buyers or promote products dishonestly. The spread of
these false reviews not only erodes customer confidence but also poses difficulties for companies who aim to
be transparent. With the development of sophisticated machine learning models and natural language
processing (NLP) approaches, detecting fake reviews has emerged as a pressing research area that demands
innovative solutions [1].

Several studies have been conducted to address the problem of fake reviews. Early approaches relied on
linguistic and behavioral patterns, leveraging features like review length, sentiment polarity, and temporal
activity to differentiate between real and fake reviews. While these methods yielded promising results, their
effectiveness diminished with the increasing sophistication of fake review generation techniques. Deep
learning models, especially transformer-based architectures like BERT, have recently shown better results in
a variety of natural language processing tasks, such as sentiment analysis and text classification. Despite these
developments, current approaches frequently have limitations in terms of scalability, computing cost, or
generalisation across a variety of datasets[1].

A critical gap in the current research lies in developing efficient, scalable models that can handle the
complexities of real-world data while maintaining high accuracy. Additionally, the integration of domain-
specific features and sentiment analysis techniques has yet to be fully explored. Addressing these gaps could
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significantly enhance the effectiveness of fake review detection systems, making them more robust and
applicable to diverse e-commerce platforms.

The present work aims to tackle these challenges by leveraging opinion mining techniques and fine-tuning a
transformer-based model, BERT, for fake review detection. The study’s objectives include constructing a
comprehensive dataset of real and fake reviews, implementing advanced text preprocessing and feature
engineering methods, and evaluating the performance of the proposed model using robust metrics. This study
Is important because it adds to the expanding corpus of knowledge in natural language processing and
provides useful information for implementing real-time false review detection algorithms in e-commerce
platforms. [1]

2.0 LITERATURE REVIEW

The numerous investigations and research projects carried out to determine the current conditions and patterns
in the fake review system, as well as the initiatives to integrate mobile devices into the classroom, will be
presented in this chapter. Example:

2.1 Opinion mining and sentiment analysis: Sentiment analysis, sometimes referred to as opinion mining,
is one method of assessing consumer sentiment. This study compares the effectiveness of a dictionary-based
automatic classifier with human jurors' classification of a collection of Portuguese-language customer
comments. The information is based on the views of clients of one of the biggest online job boards in Brazil.
methods employed in opinion mining. a) Learning Under Supervision It was published in 2008 and was
written by Pang B. and Lee L.

2.2 Detecting Deceptive Opinions with Minimal Training Data: People attempt to manipulate the system
by opinion spamming (such as creating phoney reviews) in order to promote or devalue specific target
products for financial gain or notoriety. Such spam reviews should be identified in order for reviews to
accurately represent user experiences and viewpoints. Previous research on opinion spam concentrated on
identifying phoney reviews and individual three-person reviewers. However, a group of reviewers that
collaborate to produce phoney evaluations is significantly more harmful because of their size, which allows
them to completely control the attitude surrounding the target product. a) Content analysis is used to detect
fake reviews. The book, written by Mukherjee A and Liu B, was released in 2012.

We are considering accuracy, precision, recall and F1 score. We used Random Forest Algorithm. Here are
some results in percentage.

Sr.no | Parameters Naive Bayes
(%)

1 Accuracy 86.99

2 Precision 93.86

3 Recall 89.86

4 F1 score 91.62

Fig. 2.1 Caption source [2]

3.0 METHODOLOGY

Experiment Description

This section describes the methodology followed in the experimentation for fake reviews detection using
opinion mining and transformer-based techniques. The approach includes data preprocessing, feature
engineering, model development, evaluation, and deployment. Standard procedures such as text preprocessing
and feature extraction have been implemented as per conventional methods and are not elaborated here but
can be referenced in [4].
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Dataset

We utilized a dataset comprising 100,000 product reviews collected from Amazon. Reviews were
preprocessed to remove noise, such as HTML tags, special characters, and stop words. The dataset was labeled
as "real" or "fake" based on publicly available datasets and manual annotations [Reference].

Methodology

1. Preprocessing:

Text data was tokenized using the Word Piece tokenizer.

Sentiment analysis was performed using VADER to compute sentiment polarity scores.

Additional features, such as review length and sentiment scores, were engineered.

2. Transformer Model:

A pre-trained BERT model was fine-tuned for binary classification. The Hugging Face Transformers library
was employed for model implementation.

The input data was padded and truncated to a maximum sequence length of 256 tokens to optimize
computation.

3. Evaluation Metrics:

Accuracy, precision, recall, F1-score, and confusion matrix were used to assess the model’s performance.

4. Deployment:

The trained model was integrated with a Fast API-based API to allow real-time predictions.

Docker was used to containerize the system for easy deployment on cloud platforms.

Specifications

3.0.1 Functional Requirements Team

Review Data Collection: The system must be able to access and collect review data from multiple online
platforms.

Text Preprocessing: The system should preprocess review text by removing noise such as special characters,
stop words, and irrelevant information to enhance the quality of analysis.

Sentiment Analysis: It should be able to analyse the sentiment of reviews to detect extreme bias or
inconsistencies, often indicative of fake reviews.

Pattern Recognition: The system must be able to identify unnatural patterns in language that suggest
manipulation.

Classification of Reviews: Reviews must be classified into categories—qgenuine, suspicious, or fake—using
machine learning algorithms trained on labelled data.

3.0.2 System Requirements

Servers with sufficient processing power (multi-core CPUs), memory (RAM), and storage capacity to handle
large datasets of reviews and perform machine learning tasks.

Programming Languages: Python, R, or similar languages for NLP and machine learning tasks.

Machine Learning Frameworks: TensorFlow, Keras, Scikit-learn, or PyTorch for building and training
models.

Natural Language Processing Libraries: NLTK, SpaCy, or Text Blob for text preprocessing and sentiment
analysis.

Database: SQL/NoSQL database (e.g., MySQL, MongoDB) to store review data and f lagged results
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3.0.1 Proposed System

Fake Review Detection System UML Diagram
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4.0 TECHNICAL SPECIFICATION
Here, we will discuss the advantages and limitations of the Intelligent Enterprise Assistant. We will also go
through the applications of the system and outline the technical requirements needed for its deployment.

4.1 Advantages

By identifying and removing fake reviews, the system helps maintain the credibility of the platform,
encouraging users to trust the reviews they see. This can lead to higher customer retention and attract more
genuine users.

By proactively combating fake reviews, brands show their commitment to honesty and quality, which can
improve brand reputation and customer loyalty over time.

Automating the process of detecting fake reviews cuts down on the need for human moderators, saving both
time and money. This cost-effective approach helps allocate resources more efficiently.

Many jurisdictions are implementing stricter regulations against fake reviews. A monitoring and removal
system helps ensure compliance, reducing the risk of legal repercussions.

4.2 Limitations

Opinion mining relies on natural language processing (NLP), which can struggle to understand nuances,
sarcasm, slang, or cultural references. This may lead to incorrect identification of genuine reviews as fake or
vice versa.

Advanced NLP models and machine learning algorithms require significant computational resources and data,
which can be costly to implement and maintain, especially for smaller platforms.

Opinion mining is only as good as the data it’s trained on. Poor quality training data or insufficient data for
niche industries can result in inaccurate detection.

Most opinion mining tools are trained in specific languages, and adapting them to new languages or dialects
can be challenging and resource-intensive.

4.3 Applications
Platforms like Amazon and eBay can use these systems to maintain genuine customer feedback, helping
shoppers make informed decisions and boosting the credibility of the marketplace.

IJIRMPS2502232366 Website: www.ijirmps.org Email: editor@ijirmps.org 4



https://www.ijirmps.org/

Volume 13 Issue 2 @ Mar-Apr 2025 IJIRMPS | ISSN: 2349-7300

Websites like TripAdvisor, Expedia, and Airbnb rely heavily on reviews for hotels, restaurants, and travel
experiences. Opinion mining systems can ensure that only authentic reviews are displayed, helping travelers
make reliable choices.

Google Play Store and Apple’s App Store can use fake review monitoring to prevent app ratings from being
manipulated by fake reviews, ensuring users get a realistic view of app quality and performance.

5.0 FUTURE SCOPE

As artificial intelligence and natural language processing technologies evolve, these systems will be able to
better understand context, sarcasm, and cultural nuances in reviews. This can help reduce false positives and
false negatives, improving accuracy in detecting fake reviews.

Future systems will likely support a wider range of languages and dialects, allowing global platforms to better
serve diverse audiences. This expansion will help companies address fake reviews across different regions
and languages effectively.

Future systems will likely be able to monitor and remove fake reviews in real time, offering immediate
protection from fraudulent content. This can help maintain up-to-date and accurate reviews for users at any
given time.

Blockchain technology could offer new ways to authenticate reviews, as each review could be securely stored
on a blockchain, making it harder for fake reviews to be inserted or manipulated. Verified user identities can
further strengthen review authenticity. These future developments aim to ensure that the Fake Review
monitoring system remains a valuable tool for organizations, adapting to their evolving needs and leveraging
technological advancements to enhance productivity and employee satisfaction.

6.0 RESULTS AND DISCUSSION

The future scope for opinion mining-based fake review monitoring and removal systems is expansive,
given the increasing reliance on online reviews across sectors. Here are some key areas for future growth and
development:
As artificial intelligence and natural language processing technologies evolve, these systems will be able to
better understand context, sarcasm, and cultural nuances in reviews. This can help reduce false positives and
false negatives, improving accuracy in detecting fake reviews.

Future systems will likely support a wider range of languages and dialects, allow ing global platforms to better
serve diverse audiences. This expansion will help companies address fake reviews across different regions
and languages effectively.

Future systems will likely be able to monitor and remove fake reviews in real time, offering immediate
protection from fraudulent content. This can help maintain up-to-date and accurate reviews for users at any
given time.

Blockchain technology could offer new ways to authenticate reviews, as each review could be securely stored
on a blockchain, making it harder for fake reviews to be inserted or manipulated. Verified user identities can
further strengthen review authenticity.

These future developments aim to ensure that the Fake Review monitoring system remains a valuable tool for
organizations, adapting to their evolving needs and leveraging technological advancements to enhance
productivity and employee satisfaction.
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7.0 CONCLUSIONS

In conclusion, a fake review monitoring and removal system powered by opinion mining brings significant
benefits to both businesses and consumers. By automatically detecting and removing misleading content, it
preserves the integrity of customer reviews and fosters trust in the platform. This transparency improves
customer experience, as po tential buyers are guided by authentic feedback, which can enhance decision-
making and drive sales. The system also reduces the need for costly manual moderation, while boosting brand
reputation and supporting compliance with regulatory standards. Ultimately, such a system contributes to a
more honest digital marketplace, benefiting consumers and companies alike and protecting them from the
negative impacts of fraudulent reviews
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