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Abstract:

Due to the rapid expansion of online services and e-commerce, decision-making now strongly depends on customer feedback. The
widespread fraudulent manipulation of online reviews poses a severe danger to consumer confidence and corporate integrity.[1]
The Authentic Feedback Validation Framework (AFVF) uses machine learning techniques, namely Latent Semantic Analysis
(LSA), to detect dishonest tendencies and enhance the authenticity of evaluations in order to get around this problem.[2] This
technology systematically identifies fraudulent activities, including biased user promotions, IP address anomalies, review floods,
simultaneously similar reviews, and irrelevant comments, using advanced data analysis. By integrating anomaly identification,
textual coherence evaluation, and behavioral monitoring, AFVF provides an automated technique for eliminating manipulated
reviews. The system combines sentiment analysis, statistical modeling, and Natural Language Processing (NLP) to assess review
trustworthiness and identify any fraudulent behavior in real time.

Tested on publicly available datasets, the framework demonstrated superior precision and recall in detecting fake reviews compared
to traditional rule-based systems. Experimental results show that AFVF effectively reduces false positives while improving
detection accuracy, making it a potent tool for online platforms trying to safeguard their brand. This study contributes to the existing
research in automated content validation, trust management, and fraudulent review identification by providing a scalable approach
that can be used to several domains. Future work will focus on integrating deep learning models, language support, and cross-
platform verification to enhance the detection of intricate fraudulent patterns.

Keywords: identifying fraudulent online reviews, learning machines, analyzing latent semantics (LSA), identifying anomalies,
Text Analysis, Filtering Opinions for Spam Review the Validation. E-commerce security and sentiment analysis.

I. INTRODUCTION

Consumer preferences, brand reputation, and market trends are increasingly being determined by online product reviews. With the
fast growth of social media, e-commerce platforms, and digital marketplaces, user-generated evaluations are becoming increasingly
significant.[1] However, this dependence has also resulted in review manipulation, wherein businesses or dishonest individuals
publish evaluations that are inaccurate or misleading in order to fictitiously increase or decrease product ratings. Since fraudulent
reviews have the potential to mislead consumers, damage platforms' reputations, and provide unfair market benefits, an effective
and automated approach for verifying authentic feedback is needed. Traditional review filtering methods, such as manual
moderation and rule-based detection systems, have not been sufficient since fraudulent approaches are always evolving. [2]
Attackers employ sophisticated strategies, such as automated bots, coordinated review campaigns, and IP address spoofing, to evade
detection. Therefore, a smart, data-driven approach is required to effectively address these problems. The Authentic Feedback
Validation Framework uses machine learning techniques, such as Latent Semantic Analysis (LSA), to detect patterns of dishonest
reviews. By analyzing linguistic traits, user behavior, and network anomalies, the framework identifies fraudulent activities such
as[3]

1. Biased promotions (e.g., excessively positive ratings from fraudulent accounts)

2. IP anomalies (like many reviews from the same IP range)

3. The practice of rapidly posting a high number of reviews is known as "review flooding."
4. Reviews that are concurrently similar (for instance, the same content from many people)
5. Artificially generated or irrelevant remarks

This method uses textual analysis, behavioral modeling, and anomaly detection to confirm the authenticity of online reviews. By
automating fraud detection, it enhances the reliability, transparency, and authenticity of online platforms.
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1.1 Background and Understanding

In the digital era, brand reputation, consumer purchasing decisions, and business success are all greatly influenced by online
reviews. On service-based websites like Yelp, TripAdvisor, and Google Reviews, as well as e-commerce sites like Amazon,
Flipkart, eBay, and Alibaba, user-generated reviews are essential for building consumer trust. But as internet evaluations have
become more important, there has also been an increase in phony and deceptive reviews, which are sometimes used to sabotage
marketing or competition. [4] Opinion spam, often known as phony reviews, has the ability to influence public opinion, mislead
consumers, and promote unfair competition. About 30% of online reviews may be false, according to a World Economic Forum
study, which would erode customer trust and market stability. Attackers exploit review systems by employing strategies such as IP
spoofing, bot-generated reviews, bogus accounts, and coordinated review campaigns, which make it harder to distinguish between
genuine and fraudulent criticism.

1.2 Challenges in Recognizing Inauthentic Reviews

Traditional detection methods like rule-based filtering and manual moderation are no longer effective due to the sophistication of
fraudulent attempts. Some of the primary challenges in spotting bogus reviews are as follows:

Linguistic Deception: It may be difficult for simple text-matching algorithms to detect fraudulent reviews since they are often
constructed to appear genuine.Strange User Conduct: Fraudulent reviewers may manage many accounts or submit reviews in
patterns to evade detection by traditional methods. IP Address and Network Anomalies: Attackers use proxy servers, bot networks,
and VPNs to generate fake reviews from several locations, making it challenging to determine their origin. Examine Time-Based
Patterns and Flooding: Fake reviews sometimes appear in clusters within a short timeframe and have a quick influence on product
ratings.Scalability Issues: It is not practical to manually verify a large number of assessments, which highlights the need for
automated machine learning-based solutions.

1.3 The recommended solution is the Authentic Feedback Validation Framework.

To address these challenges, we propose an Authentic Feedback Validation Framework that detects bogus reviews using machine
learning techniques, notably Latent Semantic Analysis (LSA). The structure consists of: Textual and Semantic Analysis: Detects
odd language patterns, sentiment bias, and duplicate content. Behavioral analysis is used to identify abnormalities in user behavior,
such as rapidly evaluating several items. Questionable IP-based behavior, such as several reviews originating from the same
network, can be identified using network analysis. Anomaly detection algorithms employ unsupervised learning techniques to find
unusual review patterns and spam tendencies. By integrating Natural Language Processing (NLP), anomaly detection, and
behavioral modeling, the proposed architecture ensures the validity, reliability, and authenticity of online reviews while shielding
consumers from misleading material.

Il. RELATED WORK

Finding opinion spam and false reviews has been the major focus of research in the fields of natural language processing (NLP),
machine learning (ML), and anomaly detection. To identify deceptive comments, a variety of techniques have been proposed to
examine language content, reviewer behavior, and network activity.[5] This section provides a summary of significant research
efforts related to the detection of fraudulent reviews.

2.1 Text-Based False Review Identification

A variety of studies have looked into language and semantic features to find deceptive reviews. Ott et al. (2011) introduced a
supervised machine learning model that employs sentiment polarity, Part-of-Speech (POS) tagging, and n-gram features to
differentiate between genuine and fraudulent reviews. Their research indicates that the language patterns used in fraudulent
evaluations are distinct and often involve exaggerated emotions and repeated words. Mukherjee et al. (2013) proposed a hybrid
approach that combines Latent Semantic Analysis (LSA) and Support Vector Machines (SVMs) to detect opinion spam.[6] The
study found that false assessments often contain overly positive or negative sentiment, which deviates from normal distribution
patterns.[7]

2.2 Techniques Considering User Activity and Behavior

In addition to text-based analysis, researchers have examined user activity patterns to find dubious reviewing techniques.[8] Jindal
and Liu (2008) introduced a classification method that considers review frequency, account age, and rating trends to identify
fraudulent reviewers. Their research indicates that spammers often write many reviews in a short time frame, increasing their
popularity. Heydari et al. (2015) created an unsupervised clustering technique to categorize dubious individuals based on their
reviewing habits. They discovered that dishonest reviewers usually exhibit burst behavior, posting several identical reviews for
multiple businesses. Another study by Li et al. (2017) used graph-based algorithms to analyze user, product, and review linkages
in order to identify collusive groups engaged in review fraud.
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2.3 Network and Anomaly Detection-Based Techniques

Recent advances have used anomaly detection, geolocation analysis, and IP surveillance to identify fake review activity. Fei et al.
(2019) developed an anomaly detection system that detects reviews that appear suspicious and originate from proxy servers, VPN,
and automated bots. They found that bogus reviewers often reuse IP addresses or group reviews from the same region. [9]
Shehnepoor et al. (2020) proposed a deep learning-based approach that integrates user metadata, review timestamps, and sentiment
polarity changes to detect bogus reviews. The study shown that honest reviewers naturally vary their rating behavior, but dishonest
reviewers display predictable rating patterns.

2.4 Limitations of Existing Approaches

Despite the tremendous advancements in contemporary techniques, there are still a number of disadvantages:

Rule-based systems are ineffective against evolving spam tactics. Supervised learning techniques require large labeled datasets,
which are sometimes expensive or unavailable to annotate. Deep learning methods are computationally expensive and have the
potential to overfit on imbalanced datasets. Behavioral models can be circumvented by adversarial spam strategies, such as delayed
review posting.

2.5 The Contribution of This Work

To solve these problems, the Authentic Feedback Validation Framework combines a hybrid machine learning approach that
combines Latent Semantic Analysis (LSA) with the detection of patterns in textual reviews. Utilize behavioral analysis to track
review frequency, user credibility, and rating consistency. identifying irregularities by utilizing network features (such IP
monitoring and irregular geolocation). techniques for automated classification that improve detection accuracy with minimal human
intervention. By combining anomaly detection, behavioral modeling, and semantic analysis, our approach enhances the precision,
scalability, and flexibility of false review identification, making it a viable choice for online review validation.

1H1.MOTIVATION AND JUSTIFICATION

3.1 Inspiration

Review fraud, in which companies or bad actors falsify evaluations to enhance or harm product reputations, has increased as a result
of consumers' growing dependence on internet reviews for decision-making. According to studies, up to 30% of online evaluations
on well-known sites like Yelp, TripAdvisor, and Amazon may be fraudulent, which might result in ill-informed purchases, monetary
losses, and a decline in confidence in online marketplaces. The following factors are responsible for this phenomenon:Economic
Incentives: By inflating product ratings, fake reviews can boost sales and profits. On the other hand, rivals may be harmed by false,
unfavorable evaluations.Automation of Fraud: Manual detection techniques are no longer effective due to the proliferation of
coordinated spam operations and bot-generated reviews.Loss of Consumer Trust Consumers look on internet reviews for legitimacy,
but when there are fake reviews, trust in service-oriented, hotel, and e-commerce sectors is weakened.Limitations of Current
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Solutions: Conventional detection strategies, such rule-based filtering and manual moderation, are unable to combat changing
review spam tactics.These difficulties show how urgently an intelligent, scalable, and automated method is needed to guarantee the
legitimacy of internet reviews.

3.2 Rationale for the Suggested Method

The Authentic Feedback Validation Framework, which combines machine learning, natural language processing (NLP), and
anomaly detection to improve false review identification, is proposed in this paper as a solution to these problems. This strategy is
justified by the following: Advanced Analysis of Texts Conventional keyword-based screening is useless against carefully
constructed phony reviewsBYy detecting latent language patterns, deep learning models and Latent Semantic Analysis (LSA) may
differentiate between honest and fraudulent reviews.Network-Based and Behavioral Detection Inconsistent posting patterns,
excessive activity, and coordinated activities are common traits of fake reviewers.To find abnormalities, the suggested approach
examines IP addresses, user activity, and time-based review patterns.[11]Automation and Scalability Real-time fraud detection is
made possible by machine learning models, which eliminates the need for manualmoderation.Through constant learning from fresh
data, the system can adjust to changing spam tactics. Enhanced Detection Precision When compared to single-method solutions, a
hybrid strategy that combines behavioral modeling, network anomaly detection, and semantic analysis enhances accuracy.The
framework provides a dependable and useful solution for online review validation, as demonstrated by experimental findings that
demonstrate increased accuracy and recall rates.[10]

3.3 Importance and Effect

For platforms that rely on user-generated input, such online marketplaces, travel and hospitality services, and e-commerce websites,
the suggested structure offers a strong answer. By improving the identification of fraudulent reviews, itshields customers from false
information.prevents false review manipulation, protecting the reputation of the brand.builds long-term user trust by enhancing
platform credibility.By providing a scalable, effective, and flexible method for guaranteeing review authenticity, this work supports
the continuing efforts in cybersecurity, natural language processing, and fraud detection.

V. IMPLEMENTATION
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4.1 Architecture of the System

The suggested Authentic Feedback Validation Framework is made up of many parts that cooperate to efficiently identify fraudulent
reviews. The system's design is built on a modular pipeline and includes:

[JExtraction of Features

[IClassification Based on Machine Learning

[J1dentification of Behavior and Anomalies

[JVerification and Assessment of Performance

[1Gathering and Preparing Data

To guarantee precise and scalable fake review identification, the system combines machine learning, natural language processing
(NLP), and anomaly detection methods[12].
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4.2 Gathering and Preparing Data

4.2.1 Selection of Datasets
Datasets are gathered from many sources in order to train and assess the model..Kaggle open-source datasets include both honest
and dishonest assessments.synthetic datasets produced with the use of review patterns pushed by bots.

4.2.2 Preparing Data

The following procedures are used to handle raw reviews Tokenization is the process of breaking up text into discrete words or
phrases.Stopword removal is the process of getting rid of words that are often used but don't add meaning, such “the" and "and."[12]
Words are lemmatized when they are reduced to their most basic form (for example, "running" — "run").

Normalization is the process of deleting special characters and changing all text to lowercase.

4.3 Extraction of Features

4.3.1 ldentifying linguistic trends in misleading reviews using text-based features and latent semantic analysis (LSA).
Word significance is measured using TF-IDF (Term Frequency-Inverse Document Frequency).Sentiment Polarity: To identify
severe sentiment bias, use TextBlob or VADER.N-gram analysis is used to find recurring review trends.

4.3.2 Characteristics of Behavior
Finding too many reviews from a single account by review frequency per user.Analyzing review timestamps: Finding unusual
increases in review activity.User credibility score: [13] Looking for unusual activity in reviewer history.

4.3.3 Features Based on Networks
Identifying several reviews from the same IP address is known as IP tracking.Location anomalies: Recognizing evaluations that
vary spatially.

4.4 Classification Based on Machine Learning

To detect phony reviews, the system uses a variety of categorization models:A foundational model for binary classification is
logistic regression (LR).Support Vector Machines (SVM) are useful for problems involving text categorization.Random Forest (RF)
is an ensemble approach for robust classification that is based on decision trees.[14]

4.5 Identification of Behavior and Anomalies
The framework incorporates the following to improve fraud detection:To find review groups that are aberrant, use K-Means
Clustering.To identify outliers in review behavior, use isolation forests. Autoencoders for network pattern anomaly detection.

4.6 Verification and Assessment of Performance

The following performance measures are used to assess the system:

Model efficacy is measured by accuracy, precision, recall, and F1-score.To gauge categorization performance, use the ROC-AUC
curve.Analyze false positive and false negative rates using a confusion matrix.

4.7 Strategy for Deployment
API integration in real time for e-commerce systems.Analyzing historical review data using batch processing.Scalability for large-
scale review validation using cloud services (like AWS and Google Cloud).

V.CHARACTERISTICS OF FALSE REVIEWS

A multifaceted strategy that looks at textual content, reviewer behavior, and network-based abnormalities is needed to detect bogus
reviews. To improve the detection[15] of fraudulent reviews, the Authentic Feedback Validation Framework incorporates a number
of linguistic, behavioral, and anomaly detection strategies.[16] The main characteristics that are employed in the detecting process
are described in this section.

5.1 Features Based on Text
In order to distinguish themselves from authentic evaluations, fake reviews frequently display certain language characteristics. The
following characteristics are taken from the reviews' written content:

5.1.1 Lexical and Semantic Analysis

Latent Semantic Analysis (LSA): Finds artificial word connections and hidden patterns in reviews.Word significance is measured
by Term Frequency-Inverse Document Frequency (TF-IDF), which identifies repetitive or promotional text.

N-gram analysis (Bigram, Trigram, and Unigram) finds organized spam patterns and recurring phrases.

5.1.2 Analysis of Emotion and Sentiment

Sentiment Polarity Score: Exaggerated optimism or negativity are common in fake reviews.ldentifying Emotions (Surprisal, Joy,
Anger, etc.): Fake reviews could not have a range of emotional tones.Superlative Overuse: Using terms like "wonderful," "worst,"
"unbelievable," and "life-changing" a lot might be a sign of dishonesty.
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5.1.3 Analysis of Readability and Writing Style Review Length (Word Count, Sentence Count)

False reviews are frequently very long or too short.The Flesch-Kincaid Readability Score evaluates readability in order to detect
excessive simplicity or artificial complexity.Spelling and grammar errors: It's possible for automated or bot-generated evaluations
to include a lot of mistakes.

5.2 Characteristics of Behavior
Reviewers who engage in spam frequently display questionable patterns of conduct. The following behavioral markers are extracted
by the framework:

5.2.1 Examine Posting Patterns and Frequency

Burst Reviews: A number of reviews for the same product that are published quickly.[17]

Unusual changes in product ratings over a brief period of time are known as "sudden rating spikes."Activity by Time of Day:
Automated phony reviews could appear at certain times of the day (e.g., bot-generated at midnight).[18]

5.2.2 Analysis of Reviewer Account Age

Newly made accounts are frequently used by fraudulent reviewers.

Consistency in Review History: Recurring favorable evaluations for particular brands or unfavorable evaluations for rivals.Variety
of Reviewed Products: False reviewers frequently concentrate on just one brand or category.

5.2.3 Similarity to Other Reviews of Duplicate and Copied Reviews
Finds reviews for different items that are the same or quite similar.Review Template Detection: Identifies recurring themes in phony
review formats.

5.3 Features for Network and Anomaly Detection

In order to evade discovery, fraudulent reviewers frequently alter network-related elements. The framework uses the following to
identify anomalies:

5.3.1 Anomalies Based on IP and Location

Multiple reviews from the same IP address: This might be a sign of phony review farms or bot-driven spam.Geolocation
Inconsistencies: Unexpected places are used by fake reviewers to post for items with geographical restrictions.

5.3.2 Device and Browser Fingerprinting Recurring Reviews from the Same Device
Fraudulent activity may be indicated by several accounts utilizing the same device.
Automation and Bot Detection: Recognizes unusual browsing patterns (such quick submissions for approval).

5.3.3 Anomalies in Time
Unusual Review Trends: Examine surges prior to significant product releases or sales.[19]
Simultaneous Similar Reviews: A lot of reviews that are almost identical show up at the same moment.

VI. CHARACTERISTICS OF INTERNET REVIEWS

Online reviews can be genuine or fraudulent, but they can have an impact on judgments about what to buy. It is possible to
differentiate between authentic and fraudulent reviews by examining several aspects of them[20]. 15 essential characteristics that
characterize online reviews are highlighted in this section.

6.1 Length of Review

A review's length might reveal how genuine it is. Real evaluations are often quite long and include thorough yet succinct
commentary. On the other side, fake evaluations are typically either too extensive, including extraneous details to seem legitimate,
or too short, providing ambiguous remarks.[21]

6.2 Polarity of Sentiment

Sentiment analysis aids in determining a review's emotional tone. While authentic reviews often convey a balanced viewpoint with
both good and negative characteristics, fake reviews frequently display excessive enthusiasm or criticism. Reviews that are too
sentimental or biased might be an indication of fraud.

6.3 Superlative Use

Using terms like "best," "worst," "amazing," "unbelievable," and "terrible" excessively may indicate manipulation. Exaggerated
wording is often used in fake reviews to convince or mislead potential customers. However, genuine evaluations typically use more
objective and detailed language.

6.4 Score for Readability

A review's legitimacy may be determined by the caliber of its writing. Poor language, odd wording, and spelling errors are common
in fake reviews, which are frequently produced by bots or non-native speakers. Tests of readability, including the Flesch-Kincaid
score, are used to evaluate the quality of the writing and spot any fraudulent reviews.
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6.5 Review Date and Time

Sincere evaluations are usually dispersed throughout time and represent average user activity. However, fake reviews frequently
show up in waves, clusters, or bursts, particularly around significant product launches or campaigns. Keeping an eye on timestamps
aids in identifying coordinated review manipulation attempts.[22]

6.6 Examine the Verification Status

A verified purchase label is offered by e-commerce sites such as Amazon and TripAdvisor to verify that a reviewer truly purchased
the item. In general, verified reviews are more reliable. However, unconfirmed evaluations are more vulnerable to prejudice,
deception, or manipulation.[23]

6.7 Templates and Repetitive Phrases

Fake reviews frequently use repeated language and pre-made templates. For instance, statements like "This is the best product
ever!" or "Highly recommended!" may appear repeatedly in different evaluations. Such artificial recurrence can be found with the
use of Natural Language Processing (NLP) tools.[24]

6.8 History of Reviewers

A legitimate reviewer usually has a track record of reviewing several goods in different categories. On the other hand, fake reviewers
could only publish evaluations for a certain brand, seller, or kind of goods, or they might have recently created profiles with little
activity. Recognizing questionable reviewer behavior aids in the detection of fraud.

6.9 Tracking IP Address and Location

Fake reviews frequently come from unexpected geographic places or the same IP address. A product offered only in the United
States, for instance, getting several evaluations from overseas might be a sign of questionable conduct. Review spam networks may
be found by monitoring IP and geographical irregularities.

6.10 Examine the Tone and Emotion Analysis

While fraudulent reviews might seem artificial, overdone, or unnatural, authentic evaluations typically represent real human
feelings. Techniques for detecting emotions can be used to tell if a review is composed of prepared promotional material or genuine
human experiences.

6.11 Examine Duplication

Fake reviews are sometimes copied and pasted into several platforms or goods. Content duplication may be a sign of concerted
review manipulation or spam. Reviews that are nearly or exactly the same might be identified as possibly fake using plagiarism
detection techniques.

6.12 Level of Reviewer Engagement

Reputable reviewers frequently participate in debates, answer questions, or upvote useful reviews. On the other hand, fraudulent
reviewers often publish a review and then stop communicating. Low levels of involvement may be a warning sign for accounts that
are fake.

6.13 Review Content vs. Star Rating

A clear sign of fraud is when a review's star rating and its written content don't match. An unusual review pattern is suggested, for
instance, by a 5-star rating with unfavorable remarks or a 1-star rating with kind comments. The detection of faked ratings may be
aided by this discrepancy.

6.14 Depth of Product Knowledge

Real reviews include detailed information on the features, usability, and functionality of the product. Contrarily, fake reviews could
be imprecise and general, lacking technical specifics that don't accurately reflect how the product is actually used. It is easier to
distinguish between authentic and fake encounters when the degree of product knowledge is examined.

6.15 Examine How Often You Post

Fake reviewers usually publish evaluations excessively frequently or in quick succession, perhaps evaluating many unrelated goods
at once. Sincere reviewers publish reviews seldom rather than in large quantities, following a natural trend. Tracking the frequency
of posts aids in identifying review bots and fraudulent accounts.

VII. OVERVIEW OF METHODOLOGY

By combining machine learning, linguistic analysis, and anomaly detection, the Authentic Feedback Validation Framework is
intended to systematically identify fraudulent reviews.[25] Data collection and preprocessing, feature extraction, machine learning
classification, anomaly detection and pattern analysis, and validation and performance evaluation are the five main steps of the
technique. In order to accurately identify fraudulent reviews and preserve the legitimacy of online reviews, each step is essential.[26]

7.1 Gathering and Preparing Data

Gathering review data from many online platforms, such as social media, product review forums, and e-commerce websites, is the
first stage. Features including review content, timestamps, ratings, reviewer history, and IP addresses are all included in the dataset.
Raw data is subjected to preparation procedures such deleting duplicate reviews, filtering out stopwords, normalizing text, and
removing special characters since it frequently contains noise. Furthermore, the data is refined using Natural Language Processing
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(NLP) techniques like tokenization and lemmatization to make sure that only pertinent and organized information is used for
additional analysis.

7.2 Extraction of Features

Finding the essential markers that differentiate authentic reviews from fraudulent ones is the main goal of feature extraction. Three
main categories of characteristics are extracted by the framework:Text-Based Features: Word frequency, readability ratings, and
sentiment polarity.Behavioral Features: Regularity of reviews, degree of involvement, and consistency of ratings.IP tracking,
inconsistent geolocation, and device fingerprinting are examples of anomaly-based features.Machine learning models are trained
using these attributes to efficiently identify dishonest tendencies.

7.3 Classification via Machine Learning

Many machine learning methods are used to categorize reviews as real or fraudulent. These consist of:A probabilistic model for
text categorization is called Naive Bayes.

A decision tree-based method for analyzing reviewer behavior is called Random Forest.Text and sentiment analysis can benefit
from the use of Support Vector Machines (SVM).Deep Learning Models (LSTM, BERT) are powerful artificial intelligence models
that can recognize complex false reviews and comprehend context.

Models are trained to identify patterns often linked to fake reviews by separating the dataset into training and testing sets.[27]

7.4 Finding Anomalies and Analyzing Patterns

This step uses anomaly detection techniques to find questionable review activities. Among the major irregularities are:Review
bursts occur when a lot of reviews are published quickly.Multiple reviews coming from the same IP address is known as IP-Based
Fraud Detection.Accounts who regularly provide severe ratings without any fluctuation are considered to be consistent
reviewers.Outliers and fraud tendencies that diverge from typical reviewing behavior can be found with the use of unsupervised
learning techniques such as clustering algorithms (DBSCAN, K-Means).

7.5 Verification and Assessment of Performance

Performance measures are used to evaluate the model's efficacy, and these include:

Precision and Recall: To gauge how well phony reviews are detected.

F1-Score: A superior accuracy by striking a balance between recall and precision.[28]

ROC AUC Score: To assess the model's ability to differentiate between authentic and fraudulent reviews.The model's constant
performance across several datasets is guaranteed using cross-validation methods such as k-fold validation.[29]

VIII. EXPERIMENTAL RESULTS

Input Dataset Output Dataset Missing Rows

Comparison of Number of Rows Between Input and Output CSVs

8501

Input CSV Output CSV

Input Dataset

Number of rows: 99

Number of columns: 17
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Output Dataset

Through anomaly detection, statistical methodologies, and machine learning approaches, the Authentic Feedback Validation
Framework's experimental assessment shows how effective it is at identifying fraudulent reviews.[29]A dataset of both authentic
and fraudulent reviews from various web sources was used to evaluate the architecture. To improve the quality of the data, a number
of preprocessing techniques were used, such as tokenization, stopword removal, stemming, and vectorization utilizing TF-IDF and
word embeddings. K-fold cross-validation was used to train and evaluate deep learning models like LSTMs and BERT-based
transformers, as well as machine learning models like Logistic Regression, Random Forest, Naive Bayes, and Support Vector
Machines (SVM). The models were evaluated using performance criteria including accuracy, precision, recall, F1-score, and AUC-
ROC. [30] The findings showed that deep learning models performed better than conventional methods, with ensemble learning
techniques further enhancing classification accuracy and BERT obtaining excellent precision and recall rates. While actual reviews
showed more linguistic variety and balanced perspectives, phony evaluations were found to have high sentiment polarity, shorter
durations, and repeated language, according to statistical research. While behavioral analysis found suspicious accounts with
repeating reviewing patterns and odd IP activity, temporal analysis showed that fraudulent reviews were frequently uploaded in
bursts, suggesting coordinated manipulation operations. By successfully identifying such anomalies, the framework's anomaly
detection system enhanced its capacity to identify bogus reviews. Traditional rule-based systems had greater false positive rates and
lesser accuracy when compared to current approaches; in contrast, the suggested hybrid machine learning approach offered more
resilience and adaptability.[31] The framework's real-world implementation in test environments that mimicked e-commerce
platforms was able to detect fraudulent review campaigns by identifying people who wrote several similar reviews in quick
succession. The technology demonstrated its capacity to preserve the legitimacy and authenticity of online evaluations by flagging
businesses that used several accounts for self-promotion. The findings confirm the framework's dependability in protecting online
marketplaces from dishonest review procedures and guaranteeing a reliable review environment.[32]

IX.CONCLUSION

By utilizing statistical analysis, anomaly detection techniques, and sophisticated machine learning techniques, the Authentic
Feedback Validation Framework successfully tackles the increasing problem of fraudulent reviews on online platforms. Through
the examination of language patterns, emotion polarity, temporal trends, and user behavior, the framework effectively distinguishes
between reviews that are authentic and those that are fraudulent. The experimental findings show that deep learning models—in
particular, BERT-based transformers—perform better than conventional rule-based and machine learning techniques in terms of
accurately and reliably identifying fraudulent activity. According to statistical analyses, fraudulent reviews have recognizable traits
including strong sentiment, repeated language, and unusual posting patterns that may be successfully detected with the help of the
suggested approach. Additionally, by detecting suspect IP addresses, burst review submissions, and coordinated manipulation
attempts, anomaly detection tools improve the system's accuracy. The framework's capacity to identify and stop fraudulent review
campaigns guarantees the legitimacy and dependability of online feedback platforms, shielding users from false information. To
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further bolster the legitimacy of online reviews, future developments will concentrate on incorporating real-time detection methods,
adaptive learning algorithms, and blockchain-based verification. The results of this study strengthen customer confidence and
encourage ethical company practices by helping to create a more dependable and secure online marketplace.

X.ACKNOWLEDGEMENT

| want to sincerely thank my mentor, the head of the department, and the principal of Francis Xavier Engineering College for always
supporting and inspiring me in my research work.

XI. REFERENCES

[1]A. Mewada and R. K. Dewang, "A state-of-the-art review of research on false review detection methods," J. King Saud Univ.
Comput. Inf. Sci., vol. 34, no. 9, pp. 75307546, Oct. 2022..

[2]S. Zhao, Z. Xu, L. Liu, and M. Guo, ‘‘Towards accurate deceptive opinion spam detection based on word order-preserving
CNN,”” 2017, arXiv:1711.09181

[3] S. Shojaee, M. A. A. Murad, A. B. Azman, N. M. Sharef, and S. Nadali, "Using lexical and syntactic features to detect deceptive
reviews," in Proc.13th Int. Conf. Intellient Syst. Design Appl., Serdang, Malaysia, Dec. 2013, pp. 53-58

[4] L. Li,W. Ren, B. Qin, and T. Liu, ‘‘Learning document representation for deceptive opinion spam detection,”’ in Chinese
Computational Linguistics and Natural Language Processing Based on Naturally Annotated Big Data. Nanjing, China: Springer,
2015.

[5] J.Jietal., "Fake review detection with label-consistent and hierarchical-relation-aware graph contrastive learning," Knowl.-
Based Syst., vol. 112385, 2024

[6] M. Ennaouri and A. Zellou, "Machine Learning Approaches for Fake Reviews Detection: A Systematic Literature Review," J.
Web Eng., vol. 22, no. 5, pp. 821-848, Dec. 2023.

bl

[7]1 A. Q. Mir, F. Y. Khan, and M. A. Chishti, "Detection of Online Fake Reviews Through Supervised Machine Learning And
BERT Model," arXiv preprint arXiv:2301.03225, Jan. 2023.

[8]J. Li et al., "Decis, "A deep learning method for identifying fraudulent reviewers: Taking advantage of reviewing patterns and
textual data,” Decis. Support Syst., vol. 166, p. 113911, Mar. 2023.

[9] N. Jindal and B. Liu, in Proc., "Opinion spam and analysis," Int. Conf. Web Search Data Mining, 2008, pp. 219-230.

[10] J. Li, M. Ott, C. Cardie, and E. Hovy, "Towards a general rule for identifying deceptive opinion spam," in Proc. 52nd Annu.
Meeting Assoc. Comput. Linguistics (Volume 1: Long Papers), 2014, pp. 1566-1576.

[11] R. Barbado, O. Araque, and C. A. Iglesias, "A framework for fake review detection in online consumer electronics retailers,"”
Inf. Process. Manage., vol. 56, no. 4, pp. 1234-1244, 20109.

[12] Z. Liu et al., "Alleviating the inconsistency problem of applying graph neural network to fraud detection,” in Proc. 43rd Int.
ACM SIGIR Conf. Res. Develop. Inf. Retrieval, 2020, pp. 1569-1572.

[13]J. Tang, J. Li, Z. Gao, and J. Li, "Rethinking graph neural networks for anomaly detection," in Int. Conf. Mach. Learn., PMLR,
2022, pp. 21076-21089.

[14] M. Liu and M. Poesio, "Data augmentation for fake reviews detection," in Proc. 14th Int. Conf. Recent Adv. Natural Lang.
Process., 2023.

[15] R. Oak, "Detecting review fraud using metaheuristic graph neural networks," Int. J. Inf. Technol., 2024.

[16] Y. Renand Y. Zhang, "Deceptive opinion spam detection using neural network," Proc. 2019 Conf. North Amer. Chapter Assoc.
Comput. Linguistics: Human Lang. Technol., vol. 1, pp. 188-193, 2019.

[17] E. Shehnepoor, A. S. Anuar, M. Zhang, and R. Hassan, "NetSpam: a network-based spam detection framework for reviews in
online social media,” IEEE Trans. Inf. Forensics Security, vol. 12, no. 7, pp. 1585-1595, 2017.

[18] S. Feng, R. Banerjee, and Y. Choi, "Syntactic stylometry for deception detection,"” in Proc. 50th Annu. Meeting Assoc. Comput.
Linguistics (Volume 2: Short Papers), 2012, pp. 171-175.

[19] A. Mukherjee et al., "Spotting opinion spammers using behavioral footprints," in Proc. 19th ACM SIGKDD Int. Conf. Knowl.
Discov. Data Mining, 2013, pp. 632—-640.

[20] S. Ray, "A survey on fake review detection techniques,” J. Artif. Intell., vol. 2, no. 1, pp. 1-14, 2022.

[21] H. Li, Z. Chen, B. Liu, and X. Wei, "Spotting fake reviews via collective positive-unlabeled learning," in Proc. 2014 IEEE Int.
Conf. Data Mining, 2014, pp. 899-904.

[22] M. Ott, Y. Choi, C. Cardie, and J. T. Hancock, "Finding deceptive opinion spam by any stretch of the imagination,"” in Proc.
49th Annu. Meeting Assoc. Comput. Linguistics: Human Lang. Technol., vol. 1, 2011, pp. 309-319.

[23] S. R. J. Ramkumar and S. K. R, "Fake review detection using machine learning and deep learning techniques,” Int. J. Comput.
Appl., vol. 975, p. 8887, 2022.

[24] A. Rout, S. Dash, and S. K. Rath, "Deceptive review detection using labeled and unlabeled data,”" Soft Comput., vol. 24, pp.
1865-1883, 2020.

[25] ] A. Mukherjee, V. Venkataraman, B. Liu, and N. Glance, ‘“What yelp fake review filter might be doing?’’ Proc. Int. AAAI
Conf. Web Social Media,

vol. 7, no. 1, pp. 409-418, Aug. 2021.

IJNRD2504099 International Journal Of Novel Research And Development (www.ijnrd.org)



http://www.ijrti.org/

© 2025 IJNRD | Volume 10, Issue 4 April 2025 | ISSN: 2456-4184 | JNRD.ORG

[26]M. Fazzolari, F. Buccafurri, G. Lax, and M. Petrocchi, ‘‘Experience: Improving opinion spam detection by cumulative relative
frequency distribution,’’ J. Data Inf. Qual., vol. 13, no. 1, pp. 1-16, Jan. 2021.

[27] R. Mohawesh, S. Xu, M. Springer, Y. Jararweh, M. Al-Hawawreh, and S. Magsood, ‘‘An explainable ensemble of multi-view
deep learning model for fake review detection,’’ J. King Saud Univ. Comput. Inf. Sci., vol. 35, no. 8, Sep. 2023, Art. no. 101644.

[28]L. Xiang, H. You, G. Guo, and Q. Li, ‘‘Deep feature fusion for coldstart spam review detection,’’ J. Supercomput., vol. 79, no.
1, pp. 419-434,
Jan. 2023.

[29] S. Yu, J. Ren, S. Li, M. Naseriparsa, and F. Xia, ‘‘Graph learning for fake review detection,”” Frontiers Artif. Intell., vol. 5,
Jun. 2022, Art. no. 922589.

[30] N. C. S. Ram, G. Vakati, J. V. Nadimpall, Y. Sah, and S. K. Datla, ‘‘Fake reviews detection using supervised machine
learning,”’ Int. J. Res. Appl. Sci. Eng. Technol., vol. 10, no. 5, pp. 3718-3727, May 2022.

[31] N. F. Soliman, S. M. A. Alhalem, W. El-Shafai, S. E. S. E. Abdulrahman, N. Ismaiel, E.-S. M. El-Rabaie, A. D. Algarni, F.
Algarni, and F. E. A. El-Samie, ‘‘Bidirectional long short-term memory network for taxonomic classification,”” Intell. Autom. Soft
Comput., vol. 33, no. 1, pp. 103-116, 2022.

[32] D. Plotkina, A. Munzel, and J. Pallud, ‘“Illusions of truth—Experimental insights into human and algorithmic detections of
fake online reviews,’” J. Bus. Res., vol. 109, pp. 511-523, Mar. 2020.

IJNRD2504099 International Journal Of Novel Research And Development (www.ijnrd.org)



http://www.ijrti.org/

