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ABSTRACT  

Online reviews provide an essential effect on buying decisions, but the expansion of fake reviews and opinion spam challenges 

the trustworthiness of e-commerce.  In addition to shifting customer perceptions misleading reviews damage competitor 

companies and erode confidence in marketplaces on the internet.  They cause long-term instability in the field of e-commerce, 

yet they can instantly boost revenues for some.  By integrating Explainable AI (XAI) with Sentiment Analysis (SA), this work 

enhances the detection of fake review.  While XAI ensures transparency by providing an opinion on why a review is 

predicted as real or fake, SA helps in detecting suspicious emotional patterns in reviews. Consumer decisions are significantly 

affected by fake reviews, business reputation and necessitating effective detection mechanisms. We applied machine learning 

classifiers (Naïve Bayes, Random Forest, and Support Vector Machine (SVM)) and deep learning models (LSTM, BiLSTM, 

and CNN-LSTM) to analyze a dataset of 10,000 reviews. Our outcomes show that when it involves predicting untrue reviews, 

deep learning models perform better than ordinary classifiers. We used Local Interpretable Model-agnostic Explanations 

(LIME) to ensure that the detection process trustworthy and interpretable with the aim to maintain transparency. Also, we have 

predicted the product category with authenticity and sentiment of the review text using supervised learning techniques where 

Naïve Bayse performs well among SVM, Naïve Bayse & Random Forest. This method enhances fairness and reliability in 

online marketplaces while increasing the accuracy of fraud detection. 

 Keyword - Fake Review Detection, Opinion Spam, Sentiment Analysis, Explainable AI (XAI), Machine Learning, LSTM, 

Deep Learning, Opinion Manipulation, LIME, SHAP, Authenticity, Product Category Prediction 

I. INTRODUCTION 

The rapid growth of e-commerce has made online reviews 

a crucial factor influencing buyer decisions and brand 

reputations. However, the prevalence of fake reviews—either 

manually written or generated by AI-driven systems—

threatens the credibility of online marketplaces. Deceptive 

reviews distort customer perceptions, unfairly impact business 

performance, and undermine trust in digital platforms[1]. 

Sentiment analysis has emerged as a powerful tool for 

detecting fake reviews, as deceptive opinions often exhibit 

extreme polarities, with ratings skewed towards 1 (negative) 

or 5 (positive). These unnatural patterns suggest potential 

review manipulation, either to promote a product artificially 

or to harm a competitor’s reputation[2]. While machine 

learning and deep learning models have significantly 

improved detection accuracy, creating challenges in 

understanding and justifying their decisions. 

To address this, our research integrates sentiment analysis 

with Explainable AI (XAI) techniques, enhancing 

transparency in fake review detection[3],[4]. By applying 

Local Interpretable Model-agnostic Explanations (LIME), we 

provide insights into why a review is classified as fake or real, 

making the detection process more interpretable and 

trustworthy. Our study evaluates both traditional classification 

models—such as Naïve Bayes, Support Vector Machine 

(SVM), and Random Forest—and deep learning models—

including Long Short-Term Memory (LSTM), Bidirectional 

LSTM (BiLSTM), and CNN-LSTM—to compare their 

effectiveness in identifying deceptive reviews. 

In this research, we have trained a single model for both 

sentiment analysis and authenticity prediction of reviews 

using two different datasets. By utilizing these datasets, we 

aim to enhance the accuracy and reliability of the results. The 

paper is having various sections as Section II this section 

discusses existing research and highlights how certain 

companies generate fake reviews to manipulate consumer 

perceptions. Section III includes Methodology where, we 

outline the step-by-step process of developing our model, 

detailing the techniques and strategies used for sentiment and 

authenticity detection. Section IV This section provides an in-

depth explanation of the models and classifiers used for 

training, including their implementation and configuration. In 

Section V We present the outcomes of our study, including 

evaluation metrics and a sample case study to demonstrate the 

model’s effectiveness. Section VI Finally, we summarize our 

findings and discuss potential future improvements in fake 

review detection using advanced deep learning techniques. 

RESEARCH ARTICLE                                     OPEN ACCESS 

 

http://www.ijetajournal.org/


International Journal of Engineering Trends and Applications (IJETA) – Volume 12 Issue 4, Jul-Aug 2025 

ISSN: 2393-9516                          www.ijetajournal.org                                                  Page 198 

By integrating sentiment analysis with fake review 

detection within a single model, our approach aims to provide 

a more comprehensive and accurate evaluation of online 

reviews. 

II. LITERATURE REVIEW 

A. Fake Review Generation  

     In recent years, a concerning trend has emerged where 

some trading companies and black-market asset groups are 

using social media platforms for deceptive practices. These 

entities create private chat groups or communities on 

platforms such as WhatsApp, Telegram, and Facebook, where 

they recruit individuals to perform specific tasks in exchange 

for financial incentives. The online reviews present on a 

website are expected to augment user credibility, attract 

consumer visits, and increase the hit ratio along with time 

spent on the site[5]. A major asset for users who are deciding 

to buy a product, watch a movie, or go to a restaurant and for 

managers who are making business decisions is Online 

reviews[6]. One of the most common tasks assigned to these 

members is the generation of fake reviews across various 

online platforms. These fraudulent schemes often target 

industries such as restaurants, e-commerce platforms, travel 

services, and local businesses. Participants are instructed to 

leave overly positive or negative reviews, irrespective of their 

actual experience with the product or service. If the reviews 

are divided into two rating categories — for example, 1-star 

and 5-star ratings — and among 500 reviews, 10 are 1-star 

while the remaining are 5-star, it indicates that most of the 

reviews are likely fake[7]. This manipulative practice 

misleads potential customers, skews product ratings, and 

creates an unfair advantage for businesses engaging in such 

deceitful tactics. Researchers in past have used different 

approaches to extract opinions. Broadly opinion mining can 

be extracted in two ways: supervised learning-based approach 

and deep learning-based approach.[8] This research aims to 

contribute to this fight against fake reviews by developing a 

single model capable of predicting both sentiment and 

authenticity, ensuring a more reliable and transparent online 

review system. 

B. Fake Review Detection: Deep Learning Models vs. 

Classification Models 

    Traditional classification models, such as Naïve Bayes, 

Support Vector Machines (SVM), and Random Forests, have 

been widely employed in detecting opinion spam[9]. These 

models typically rely on manually engineered features derived 

from review content, user behavior, or metadata. For instance, 

studies have utilized linguistic cues and reviewer activity 

patterns to identify suspicious reviews[10], [11]. 

    However, the advent of deep learning has introduced 

models capable of automatically extracting complex patterns 

from data. Recurrent Neural Networks (RNNs), Long Short-

Term Memory networks (LSTMs), and Convolutional Neural 

Networks (CNNs) have demonstrated superior performance in 

capturing contextual nuances in textual data. A study 

proposed a deep learning-based framework that significantly 

improved detection accuracy by applying feature learning to 

behavioral features. 

    The Yelp Review Dataset was applied to supervised 

machine learning algorithms, In this study[12], with SVM 

obtaining a maximum accuracy of 0.899. In our research, we 

applied fake review detection on a labeled dataset for 

authenticity and sentiment analysis. The same fake review 

dataset is used for product category prediction also. SVM 

performed well in predicting sentiment as positive, negative, 

or neutral, while deep learning models performed well in 

detecting reviews as real or fake and Naïve Bayse performed 

well for product category prediction. 

C. Explainable AI (XAI) 

    Explainable Artificial Intelligence (XAI) has emerged as a 

pivotal field of research aiming to create transparency in AI 

model predictions, thereby improving their interpretability. In 

the context of text classification, interpretability involves 

understanding why certain texts are classified into specific 

categories by the model. This understanding aids in 

uncovering the  model's decision-making process and helps in 

trust building among its users[13]. 

    While the deep learning models achieve high accuracy, 

interpretability concerns emerge driven by their black-box 

nature. In order to provide insights into model decisions, 

Explainable AI (XAI) includes techniques such as Local 

Interpretable Model-agnostic Explanations (LIME)[4], [14]. 

The usage of LIME in textual analysis improved the 

transparency of fake review detection in our research. 

    LIME works by generating perturbed versions of a given 

text sample, altering or removing certain words to observe 

changes in model predictions. It then trains a simpler, 

interpretable model (such as a linear classifier) on these 

perturbed instances to approximate how the machine learning 

model makes decisions. By analyzing the impact of individual 

words on predictions, LIME provides a visual representation 

of the most impactful terms, helping users understand why a 

review was classified as real or fake. 

    LIME is not used for topic modelling directly in our study, 

but it rather provides complementary local explanations that, 

combined with the semantic topics from Top2Vec, give a 

richer understanding of the [15]model’s fake review detection 

logic. Specifically, LIME is used to analyze the importance of 

local features for the model’s fake review predictions. 

    As the author have used SHAP and Counterfactual 

Explanation in Paper[9].  We applied LIME in our research to 
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detect review authenticity and classification of sentiment.  

Two classes are used to train the model: ["Real", "Fake"] for 

review classification and ["Negative", "Positive"] for 

sentiment analysis.  LIME helped identify key words driving 

sentiment predictions while also highlighting suspicious terms 

in fake reviews, enhancing interpretability and trust in our 

detection system[16]. 

III. METHODOLOGY 

As Figure 1 proposed our methodology for fake review 

detection using sentiment analysis begins with dataset 

selection, where two different labeled datasets are utilized to 

train separate models. The Yelp Review Dataset is used for 

sentiment prediction[17] and the fake review dataset is used 

for authentic prediction of an opinion. The datasets undergo 

preprocessing, which includes cleaning, normalization, 

vectorization and tokenization of text data to remove noise 

and standardize inputs. Feature extraction is then performed to 

derive meaningful representations from the text data, such as 

word embeddings, sentiment scores, and metadata features. 

    Two parallel processes are carried out: one focusing on 

deep learning for sentiment analysis and review prediction as 

real or fake. Another includes supervised classification 

algorithms to train the model for review prediction in terms of 

sentiment and fake or real. For classification, six different 

models—LSTM, BiLSTM, CNN-LSTM, Support Vector 

Machine (SVM), Random Forest (RF), and Naïve Bayes 

(NB)—are employed for both sentiment analysis and 

authenticity detection[18]. The deep learning models (LSTM, 

BiLSTM, CNN-LSTM) leverage sequential dependencies in 

textual data, while the traditional machine learning models 

(SVM, RF, NB) provide complementary approaches based on 

statistical and probabilistic techniques. Determine whether a 

review is positive/negative/neutral and real/fake. 

    Standard evaluation metrics such as accuracy, precision, 

recall, and F1-score are used to evaluate each model's 

performance[10]. A comparative analysis is conducted to 

assess the effectiveness of different models across both 

classification tasks. Explainable AI (XAI) techniques, 

specifically Local Interpretable Model-agnostic Explanations 

(LIME), are applied to highlight influential features and 

explain model decisions to enhance interpretability.  The final 

results are analyzed to derive insights, concluding the 

methodology. 

 
Figure 1 – Methodology 

     

IV. EXPERIMENTAL SETUP 

A. Dataset Selection - Our research is conducted on two 

distinct labeled datasets: 1) Yelp Review Dataset for 

sentiment analysis and 2) Fake Review Dataset for fake or 

real review prediction. Both are respectively labeled as 

sentiment {0 =Negative, 1 = Positive}, authenticity {0 = 

Fake, 1 = Real}. 

B. Data Preprocessing - The data preprocessing process 

begins with text cleaning, which is an essential step to 

standardize the textual data before feature extraction and 

model training. The cleaning process follows these key 

steps: Lowercasing, Removing Numbers (This prevents 

numerical values from affecting the text-based learning 

http://www.ijetajournal.org/


International Journal of Engineering Trends and Applications (IJETA) – Volume 12 Issue 4, Jul-Aug 2025 

ISSN: 2393-9516                          www.ijetajournal.org                                                  Page 200 

process). Punctuation Removal, Stripping Whitespace[19]. 

This preprocessing step is crucial in removing noise from 

the data and improving the performance of both deep 

learning and machine learning models used for sentiment 

classification and authenticity detection. 

C. Feature Engineering - Labels are converted to integers 

for model compatibility, and TF-IDF (Term Frequency-

Inverse Document Frequency) is applied to extract 

meaningful features from text, limiting vocabulary to 5000 

words and removing stop words to enhance model 

performance[13], [20]. 

D. Dataset Splitting - The datasets for sentiment analysis and 

fake review detection are split into training (80%) and 

testing (20%) sets using “train_test_split”, ensuring 

consistent randomization with {random_state=42} for 

reproducibility. 

E. Machine Learning Algorithms for Model Training - For 

sentiment analysis and fake review detection, both 

supervised machine learning techniques and deep learning 

models are employed. The supervised learning techniques 

include Naïve Bayes, Random Forest, and Support Vector 

Machine (SVM), which leverage statistical and rule-based 

approaches to classify text. Among them, as shown in 

Table-1 SVM achieved the highest accuracy of 0.89 for 

sentiment analysis and 0.85 for fake review detection, 

demonstrating its effectiveness in handling text 

classification tasks. Naïve Bayes and Random Forest also 

performed well, with accuracies around 0.86 for sentiment 

analysis and slightly lower for fake review detection. 

Deep learning models, including LSTM, BiLSTM, and CNN-

LSTM, utilize neural networks to learn complex patterns 

in textual data. These models process text as sequential 

input, capturing contextual dependencies that traditional 

machine learning methods might miss. As shown in, Table 

-1 BiLSTM outperformed all models in fake review 

detection with an accuracy of 0.9337, followed by LSTM 

(0.9243) and CNN-LSTM (0.9147). In sentiment analysis, 

CNN-LSTM achieved the highest accuracy (0.8797), 

followed closely by LSTM (0.8753) and BiLSTM 

(0.8443). These results highlight that deep learning 

models, particularly BiLSTM, excel in detecting fake 

reviews, while SVM remains highly competitive in 

sentiment classification. Naive Bayes achieved the highest 

overall accuracy (75%), but SVM provided more balanced 

results across multiple categories, making it a strong 

candidate for practical use. 

F. Applying XAI(LIME) - For LIME explanation a function 

first tokenizes the input text using Keras' Tokenizer, 

converts it into sequences, and applies padding to match 

the required input shape. A wrapper function processes the 

text and returns model predictions, ensuring that for binary 

classification, single-node outputs are converted into a 

two-class probability format. LIME then generates 

explanations by perturbing the input and analyzing the 

model’s behavior, presenting the most influential words in 

a notebook visualization. This approach helps in 

understanding how deep learning models, powered by 

neural networks, make decisions, thereby improving 

transparency and trust in their predictions[4], [21]. 

 As mentioned in Figure 3 when LIME is applied to explain 

that why the review is predicted as Negative/Positive and 

Fake/Real the LSTM model performs highly accurate with the 

accuracy for 0.99 in case of sentiment and 0.97 in case or 

authenticity, the impactful words for the review text “The 

product was amazing! I absolutely loved it.” was {amazing, 

product, loved, absolutely}. 

V.   RESULT 

    We applied supervised learning algorithms and deep 

learning algorithms on two different datasets for review 

prediction. One dataset was used for sentiment analysis, while 

the other was used for authenticity detection. The first dataset 

was labeled with polarity {0,1}, and the second dataset was 

labeled as CG (Computer Generated) or OG (Original)[3], [8]. 

We replaced CG and OG with their numeric representations, 0 

and 1, respectively. After applying the machine learning 

models, the results were observed as mentioned in this 

section. Table 1 presents the accuracy of different models for 

both Sentiment Analysis and Fake Review Detection. The 

following observations can be made: 

A. Sentiment Analysis-The SVM model achieved the highest 

accuracy at 0.89, followed by CNN-LSTM (0.8797) and 

LSTM (0.8753). Traditional machine learning models like 

Naïve Bayes (0.86) and Random Forest (0.86) performed 

similarly but were outperformed by deep learning models. 

BiLSTM (0.8443) had the lowest accuracy among deep 

learning models, indicating that bidirectional learning did 

not significantly improve sentiment prediction in this case. 

B. Fake Review Detection-The BiLSTM model achieved the 

highest accuracy (0.9337), followed closely by LSTM 

(0.9243) and CNN-LSTM (0.9147). Among machine 

learning models, SVM (0.85) performed the best, whereas 

Random Forest (0.81) had the lowest accuracy. The deep 

learning models consistently outperformed traditional 

models in Fake Review Detection, indicating the benefit of 

sequential learning for authenticity assessment. 

   These findings suggest that SVM is the best choice for 

sentiment analysis, while BiLSTM is the most effective for 

detecting fake reviews. 
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Figure 2- Distinct Model Accuracy using Line Chart and Bar Chart 

     

  

Figure 3- LIME Implementation for Supervised Learning Algorithms (“Naïve Bayes”, “Random Forest”, “SVM”)           

http://www.ijetajournal.org/


International Journal of Engineering Trends and Applications (IJETA) – Volume 12 Issue 4, Jul-Aug 2025 

ISSN: 2393-9516                          www.ijetajournal.org                                                  Page 202 

Figure 4- LIME Implementation for Deep Learning Algorithms (“LSTM”, “BiLSTM”, “CNN-LSTM”)

Table 1 - DISTINCT MODEL ACCURACY FOR SENTIMENT AND 
AUTHENTICITY PREDICTION 

Index 

 

Model Sentiment 

Analysis 

Accuracy 

Fake Review 

Detection 

Accuracy 

1 Naive Bayes 0.86 0.83 

2 Random 

Forest 

0.86 0.81 

3 SVM 0.89 0.85 

4 LSTM 0.8753 0.9243 

5 BiLSTM  0.8443 0.9337 

6 CNN-LSTM 0.8797 0.9147 

Table 2 - SENTIMENT ANALYSIS EVALUATION METRICS (NAÏVE 

BAYES) 

Class Precision Recall F1- Score Support 

Negative (0) 0.87 0.86 0.87 1511 

Positive (1) 0.86 0.87 0.86 1489 

Accuracy - - 0.86 3000 

Macro Avg 0.87 0.87 0.86 3000 

Weighted 

Avg 

0.87 0.86 0.87 3000 

Table 3 - SENTIMENT ANALYSIS EVALUATION METRICS 

(RANDOM FOREST) 

Class Precision Recall F1- Score Support 

Negative (0) 0.85 0.87 0.86 1511 

Positive (1) 0.87 0.84 0.85 1489 

Accuracy - - 0.86 3000 

Macro Avg 0.86 0.86 0.86 3000 

Weighted 

Avg 

0.86 0.86 0.86 3000 

Table 4 - SENTIMENT ANALYSIS EVALUATION METRICS (SVM) 

Class Precision Recall F1- Score Support 

Negative (0) 0.90 0.89 0.89 1511 

Positive (1) 0.89 0.90 0.89 1489 

Accuracy - - 0.89 3000 

Macro Avg 0.89 0.89 0.89 3000 

Weighted 

Avg 

0.89 0.89 0.89 3000 

Table 5 - FAKE REVIEW DETECTION EVALUATION METRICS 
(NAÏVE BAYES) 

Class Precision Recall F1- Score Support 

Fake (0) 0.80 0.88 0.84 1527 

Real (1) 0.87 0.78 0.82 1473 

Accuracy - - 0.83 3000 

Macro Avg 0.83 0.83 0.83 3000 

Weighted 

Avg 

0.83 0.83 0.83 3000 

 

 

Table 6 - FAKE REVIEW DETECTION EVALUATION METRICS 
(RANDOM FOREST) 

Class Precision Reca

ll 

F1- Score Support 

Fake (0) 0.79 0.87 0.83 1527 

Real (1) 0.85 0.76 0.80 1473 

Accuracy - - 0.81 3000 

Macro Avg 0.82 0.81 0.81 3000 
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Weighted 

Avg 

0.82 0.81 0.81 3000 

Table 7 - FAKE REVIEW DETECTION EVALUATION METRICS (SVM) 

Class Precision Recall F1- Score Support 

Fake (0) 0.86 0.85 0.86 1527 

Real (1) 0.85 0.86 0.85 1473 

Accuracy - - 0.85 3000 

Macro Avg 0.85 0.85 0.85 3000 

Weighted 

Avg 

0.85 0.85 0.85 3000 

 

Figure 5- Sentiment and Authenticity Prediction for a Particular review  

 

Figure 6- Prediction of Product Category for a Particular revie

 
Table 8 - Classification Report of Category Prediction using Naïve Bays

Class Precision Recall F1-Score Support 

Books_5 0.74 0.56 0.64 327 

Clothing_Shoes_and_Jewelry_5 0.76 0.81 0.78 300 

Electronics_5 0.78 0.79 0.79 306 

Home_and_Kitchen_5 0.66 0.70 0.68 316 

Kindle_Store_5 0.64 0.88 0.74 324 

Movies_and_TV_5 0.93 0.83 0.88 271 

Pet_Supplies_5 0.83 0.84 0.84 308 

Sports_and_Outdoors_5 0.66 0.57 0.61 296 

Tools_and_Home_Improvement_5 0.70 0.67 0.69 267 

Toys_and_Games_5 0.85 0.81 0.83 285 

Accuracy - - 0.75 3000 

Macro avg 0.75 0.75 0.75 3000 

Weighted avg 0.75 0.75 0.75 3000 
Table 9 - Classification Report of Category Prediction using Random Forest 

Class Precision Recall F1-Score Support 

Books_5 0.70 0.65 0.67 327 

Clothing_Shoes_and_Jewelry_5 0.61 0.75 0.67 300 

Electronics_5 0.70 0.67 0.68 306 

Home_and_Kitchen_5 0.54 0.55 0.55 316 

Kindle_Store_5 0.69 0.73 0.71 324 

Movies_and_TV_5 0.79 0.86 0.83 271 

Pet_Supplies_5 0.86 0.77 0.81 308 

Sports_and_Outdoors_5 0.50 0.40 0.44 296 

Tools_and_Home_Improvement_

5 

0.57 0.58 0.57 267 

Toys_and_Games_5 0.76 0.76 0.76 285 

Accuracy - - 0.67 3000 

Macro avg 0.67 0.67 0.67 3000 

Weighted avg 0.67 0.67 0.67 3000 
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Table 10 - Classification Report of Category Prediction using SVM 

Class Precision Recall F1-Score Support 

Books_5 0.74 0.69 0.72 327 

Clothing_Shoes_and_Jewelry_5 0.78 0.76 0.77 300 

Electronics_5 0.74 0.74 0.74 306 

Home_and_Kitchen_5 0.61 0.70 0.65 316 

Kindle_Store_5 0.73 0.77 0.75 324 

Movies_and_TV_5 0.90 0.85 0.88 271 

Pet_Supplies_5 0.90 0.80 0.84 308 

Sports_and_Outdoors_5 0.54 0.60 0.57 296 

Tools_and_Home_Improvement_

5 

0.67 0.69 0.68 267 

Toys_and_Games_5 0.83 0.79 0.81 285 

Accuracy - - 0.74 3000 

Macro avg 0.75 0.74 0.74 3000 

Weighted avg 0.74 0.74 0.74 3000 

Figure 2 presents the Sentiment Predictions Distribution and 

Fake Review Predictions Distribution using pie charts for a 

particular new review. Sentiment Analysis: Neutral sentiments 

dominate (66.7%), followed by negative sentiments (33.3%), 

while positive sentiment is absent (0%) in the given dataset 

visualization. Fake Review Detection: 66.7% of reviews are 

classified as real, while 33.3% are detected as fake. 

    Figure 3 visualizes the accuracy trends of different models 

for fake review detection using sentiment analysis. SVM 

outperforms all other models, achieving the highest accuracy 

(0.89). LSTM and CNN-LSTM also show strong 

performance, with both achieving accuracies above 0.87. 

Supervised machine learning models like Naïve Bayes and 

Random Forest remain consistent at 0.86, indicating their 

reliability but also their limitations compared to deep learning 

approaches. The performance of deep learning models is 

significantly higher, with BiLSTM reaching the peak accuracy 

of 0.9337, followed by LSTM (0.9243) and CNN-LSTM 

(0.9147). Supervised learning models struggle to reach similar 

performance, with SVM being the best among them at 0.85. 

    The sharp increase in accuracy for deep learning models 

(especially from LSTM onwards) highlights the importance of 

neural networks in improving fake review detection.  

    Table 2-7 shows the evaluation metrics for ex - accuracy, 

precision, recall, f1-score for all the supervised learning 

algorithms which are used to train our model. The 

performance evaluation of sentiment analysis and fake review 

detection models demonstrates varying strengths across 

different algorithms. For sentiment analysis, Naïve Bayes 

achieves an accuracy of 86% with balanced performance 

across both negative and positive sentiment classes, reflected 

by its F1-scores of 0.87 and 0.86, respectively as shown in 

Table 2. Similarly, Table 3 demonstrates that Random Forest 

matches this 86% accuracy with comparable precision and 

recall values, indicating consistent performance. However, 

Table 4 shows SVM stands out with the highest accuracy of 

89%, maintaining an F1-score of 0.89 for both classes, 

showcasing its superior ability to classify sentiment with 

remarkable consistency. 

 

    The performance of three models — Naive Bayes, Random 

Forest, and SVM — was evaluated for predicting product 

categories using key metrics such as precision, recall, f1-

score, and accuracy. Among the models, Naive Bayes 

achieved the highest overall accuracy of 75%, with its best 

performance in the Movies_and_TV_5 category (f1-score of 

0.88) as shown in Table-8. However, it struggled with 

Sports_and_Outdoors_5 (f1-score of 0.61), indicating 

challenges in certain categories. Random Forest, with an 

overall accuracy of 67%, performed best in 

Movies_and_TV_5 (f1-score of 0.83) but exhibited lower 

performance in Sports_and_Outdoors_5 (f1-score of 0.44), 

suggesting underfitting in complex or less frequent categories 

as demonstrated in Table-9. Table 10 shows the evaluation 

matrices for SVM such as SVM achieved an overall accuracy 

of 74%, comparable to Naive Bayes, with strong results in 

Movies_and_TV_5 (f1-score of 0.88) and Pet_Supplies_5 (f1-

score of 0.84). However, it faced moderate issues with 

Sports_and_Outdoors_5 (f1-score of 0.57). Overall, Naive 

Bayes and SVM outperformed Random Forest, particularly in 

handling a broader range of categories. Movies_and_TV_5 

consistently had the highest scores across all models, 

indicating distinct textual features, while 

Sports_and_Outdoors_5 remained the most challenging 

category due to possible overlap in textual characteristics. 

SVM demonstrated balanced performance across multiple 

categories, making it a competitive choice for practical 

applications. 

    In the context of fake review detection, Naïve Bayes 

achieves an accuracy of 83%, with a slightly better recall for 

the fake class (0.88) compared to the real class (0.78), 

resulting in a slight performance bias towards identifying fake 

reviews as shown in Table 5. In Table 6, Random Forest, on 

the other hand, records a slightly lower accuracy of 81% with 
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an F1-score of 0.83 for fake reviews and 0.80 for real reviews, 

reflecting a reasonable yet modest performance. SVM once 

again emerges as the top performer with an accuracy of 85% 

and balanced F1-scores of 0.86 and 0.85 for fake and real 

reviews, respectively as mentioned in Table 7. This indicates 

SVM's superior capability in handling the nuanced task of 

distinguishing between genuine and fake reviews. 

    Overall, SVM consistently outperforms the other two 

models in both sentiment analysis and fake review detection, 

offering the highest accuracy and balanced precision, recall, 

and F1-scores. Naïve Bayes delivers competitive results, 

particularly in sentiment analysis, while Random Forest 

maintains steady performance without surpassing the other 

models. These findings highlight the effectiveness of SVM for 

both sentiment analysis and authenticity detection tasks. 

In Figure 6, the input demonstrates a sample review text 

describing a product — specifically a "brush cutter" — with 

positive feedback on its quality and performance. The review 

emphasizes user satisfaction and includes a purchase 

recommendation. The output section presents the predictions 

generated by multiple machine learning models (Naive Bayes, 

Random Forest, and SVM) trained for category classification. 

Each model correctly identifies the category of the product as 

"Sports_and_Outdoors_5", indicating consistency across 

models. The use of TF-IDF vectorization for feature 

extraction likely helped capture relevant textual patterns 

related to the product's category. This showcases the models' 

ability to leverage textual data effectively for accurate 

classification. 

    In Figure 4, LIME explanation is determined by 

highlighting the most impactful word. The LSTM performs 

well as the review prediction accuracy of it is highest for fake 

or real classes and CNN-LSTM performs highly accurate in 

polarity prediction is 1.  

VI.    CONCLUSION 

Among traditional models, SVM demonstrates the best 

performance for sentiment analysis, while BiLSTM proves to 

be the most effective for detecting fake reviews. Deep 

learning models outperform traditional machine learning 

models in fake review detection, showcasing their ability to 

capture complex textual patterns.    Overall, SVM consistently 

outperforms the other two models in both sentiment analysis 

and fake review detection, offering the highest accuracy and 

balanced precision, recall, and F1-scores. Naïve Bayes 

delivers competitive results, particularly in sentiment analysis, 

while Random Forest maintains steady performance without 

surpassing the other models. These findings highlight the 

effectiveness of SVM for both sentiment analysis and 

authenticity detection tasks. The high percentage of neutral 

sentiment in the dataset indicates the need for a more balanced 

dataset to improve sentiment classification. Naive Bayes 

achieved the highest overall accuracy (75%), but SVM 

provided more balanced results across multiple categories, 

making it a strong candidate for practical use. Further tuning, 

such as hyperparameter optimization or ensemble models, 

could improve performance, especially for underperforming 

categories. These findings validate the effectiveness of deep 

learning architectures in text-based classification tasks and 

highlight the importance of neural networks for fake review 

detection.  

Additionally, since deep learning architectures leverage neural 

networks for textual analysis, LIME-based explain ability 

methods yield more efficient and meaningful results. Finally, 

we demonstrate that although explain-ability features 

associated with LIME suffer from poor reputation due to 

restricted interpretation capability, if applied strategically, it 

can be used to measure and optimize LSTM model 

performance against LSTM model explain ability. For future 

work, more deep learning techniques such as BERT and 

RoBERTa can be explored for model training. In the context 

of Explainable AI (XAI), counterfactual explanations and 

SHAP can be emphasized to enhance interpretability. 
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