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Abstract: The rapid spread of online fake reviews threatens the consumers’ trust, business reputation, and confidence in e-commerce platforms.
Detecting fake reviews is challenging because distinguishing them from real reviews is difficult for humans. Researchers have employed various
machine learning models to address fake review detection. However, publicly available datasets often suffer from severe class imbalance, with
significantly fewer fake reviews than real ones. Previous research has struggled with this data imbalance problem, yielding biased results and
thereby failing to detect fraud reviews efficiently. Traditionally, oversampling or undersampling techniques have been used to handle imbalance,
which results in information loss and/or overfitting. To address this data imbalance problem, GIOBIL, a novel framework that uses GPT-2 with
GloVe embedding and an optimized Bi-LSTM classifier, has been proposed. To optimize Bi-LSTM, a novel staggered particle swarm optimization
(SPSO) algorithm has also been proposed. GIOBiL operates in three phases: Phase I generates contextually similar, synthetic fraudulent reviews
via GPT-2 augmentation. Phase II processes this augmented dataset using GloVe embedding. Further, the Bi-LSTM classifier is optimized
using the proposed SPSO. Finally, Phase III trains the optimized classifier and identifies the reviews as fake and real. Four benchmark review
datasets—YelpZIP, YelpNYC, YelpCHI hotel, and YelpCHI restaurant—were used for experimentation. The results show that the proposed
GIOBIL outperformed baseline methods and nine published approaches. Average accuracy increased to 95.37%, 96.49%, 97.67%, and 97.13%,
respectively. Consequently, GIOBiL aids consumers and businesses in detecting fake reviews, enhancing trust, and supporting informed decision-
making on e-commerce platforms.
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1. Introduction to detect fake reviews places all stakeholders—e-commerce platforms,
consumers, service providers, and businesses—at a considerable
disadvantage. Protecting consumers from these misleading reviews is
crucial. Because reviews greatly affect product rankings, businesses
and service providers need to strengthen their defenses against unfair
competition and take steps to safeguard their reputations [2]. Shen et al.
[3] found that as the distribution of the ratings of a product or service
deviates from what would typically be expected, it becomes more likely
that these reviews have been manipulated or falsified. However, this is
just one of the features.

Fake reviews can be either human-generated or machine-
generated. Human-generated fake reviews are those that have been
written by people who have not used the product or service but still
write the review. In other cases, they might be given money or favors
as an incentive to write fake reviews. Machine-generated reviews are
the ones that use text-generation techniques to create fake reviews in
bulk. These are usually bought by companies to boost their sales or
downgrade their competitors [4]. Banerjee [5] investigated how much
exaggeration is there in fake reviews and how a person perceives
a review as either fake/fraudulent or real/authentic/genuine. They
found that the fake reviews are not as exaggerated as they are thought
to be and are similar to human-generated real reviews only. Thus,
these fake reviews are undetected by the human eye. Past research
has made significant strides in addressing the challenge of detecting

The prevalence of fake reviews is gaining popularity in the
field of e-commerce and marketing. The primary factors contributing
to this include the following: 1) the swift advancement of technology,
enabling the generation of artificial content, and 2) the marketplace
that has emerged around these artificial contents. This artificial content
encompasses aspects such as the creation, detection, and mitigation of
fakes. One of the most influential artificial marketing tactics is fraudulent
product/service reviews. In simple language, they are known as “fake
reviews,” “fakes,” “deceptive reviews,” or “review fraud.” Online
product reviews serve as significant catalysts in shaping consumers’
purchasing choices. According to a 2019 survey by BrightLocal, 76%
of consumers placed the same level of trust in online reviews as they did
in recommendations from friends [1].

Fake review detection (FRD) leverages natural language
processing (NLP) to analyze sentiment, language patterns, contextual
relevance, and metadata, uncovering anomalies that are indicative of
deceptive or fraudulent reviews. Despite periodic warnings from both
governments and websites, it remains challenging for the average
consumer to differentiate between real and fake reviews. The inability
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fraudulent reviews by employing various machine learning and deep
learning algorithms [6]. These algorithms rely on a range of textual
and behavioral features and demonstrate strong classification accuracy
when trained on a large dataset that is evenly divided between fake and
genuine reviews [7]. However, their effectiveness diminishes under two
conditions: when the training data are limited or when one class heavily
outweighs the other. The latter issue, known as the imbalanced dataset
problem, serves as the motivation for this study.

Imbalanced datasets significantly affect FRD by skewing
the model’s learning process. When the number of fake reviews
is much smaller than that of real reviews (or vice versa), the model
tends to become biased toward the majority class, often predicting
the majority class more frequently. This results in poor performance
in detecting fake reviews because the model may overlook minority
instances, leading to lower recall, precision, and overall accuracy for
the minority class. There are labeled datasets available for FRD that
are considered benchmarks. Four of the datasets used in this paper,
namely, YelpNYC, YelpZIP, YelpCHI hotel, and YelpCHI restaurant
by Rayana and Akoglu [8], exhibit a significant imbalance between
fake and real reviews. This imbalance can lead to the development of
inaccurate models and biased results. To address this issue, researchers
have employed various strategies. Some choose to work exclusively
with genuine reviews [9], and others utilize statistical techniques [10].
Clustering [11], oversampling [12], and cluster-based undersampling
[13] in neural networks have been used to handle imbalances in data.
However, these approaches come with their drawbacks, including the
loss of valuable information, the introduction of noise, and uncertainty
regarding the usefulness of the selected features. Some researchers
introduce synthetic reviews to create a more balanced dataset [14].
This approach, although useful, may create unrealistic, semantically
inaccurate, synthetic, fake reviews.

Hence, to overcome these drawbacks, a novel framework,
GIOBIL, is proposed in this study, which generates contextual and
semantically similar synthetic fake reviews using Generative Pre-
trained Transformer-2 (GPT-2) and augments these reviews to the
original dataset for classification. The classification of these reviews
is conducted using optimized bidirectional long short-term memory
(Bi-LSTM). This optimized Bi-LSTM leverages hyperparameter
tuning through a novel staggered particle swarm optimization (SPSO)
algorithm by finding the best configuration of the model parameters. The
proposed framework results in improved accuracy and generalization
capabilities on unseen data.

This study presents GIOBIL, a novel framework that addresses
class imbalance in FRD by combining GPT-2 with GloVe embeddings
and an optimized Bi-LSTM classifier, leveraging language generation
to create balanced and contextually relevant data. It also introduces a
new SPSO algorithm to optimize the classifier, employing a staggered
update strategy for binary variables that enhances convergence speed
and classification accuracy. Experimental results demonstrate that
GIOBIL outperforms baseline models and nine existing methods across
benchmark imbalanced datasets.

2. Related Work

Class imbalance is a significant challenge in the task of detecting
fake reviews. This challenge arises because reviews obtained from
online platforms lack clear indicators distinguishing them as genuine
or fraudulent, even to human experts. Consequently, the distribution
of fake and genuine reviews exhibits a severe skew, with a notably
imbalanced ratio. Models trained on such imbalanced data tend to yield
subpar and biased performance outcomes. Researchers have suggested
various approaches to handle the class imbalance problem. This section
presents a brief overview of the research conducted so far to handle the
class imbalance problem.

2.1. Statistical sampling-based approaches

Several researchers have employed statistical approaches to
address the challenge of data imbalance in FRD. Budhi et al. [15]
proposed two dynamic random sampling techniques that combined
undersampling and oversampling, which were applied to benchmark
datasets such as YelpCHI, YelpNYC, and YelpZIP. Their findings
revealed that oversampling provided minimal improvement in
classification accuracy for smaller datasets and undersampling generally
yielded better accuracy across most datasets, except when using
the multilayer perceptron (MLP) method. However, undersampling
uses only a limited portion of the majority class, and oversampling
duplicates data from the minority class. This results in overfitting due
to too much emphasis on the minority class. Singhal and Kashef [16]
investigated ensemble sampling techniques to address data imbalance.
Zhang et al. [17] utilized weighted latent Dirichlet allocation (LDA)
and Kullback—Leibler (KL) divergence to uncover hidden topics
within reviewer content and analyze similarities among reviewers
favoring the fake reviews that are in the minority. To address dataset
imbalance, they assigned distinct weights to fraudulent and authentic
reviewers. Similarly, Zhang et al. [17] tackled the imbalance issue using
expectation maximization and KL divergence. Yao et al. [18] addressed
imbalanced data and reduced feature space using an ensemble approach
that combined resampling and grid search. The grid search optimized
the sampling ratio for each classifier. However, progressively increasing
the sampling ratio for each resampling technique proved impractical
for larger datasets. Cao et al. [19] employed multifeature learning and
classification to train models on imbalanced Yelp datasets. Despite
their effectiveness, these sampling methods have notable limitations,
including the risk of overfitting caused by duplicating instances of the
majority class (authentic reviews) and the potential loss of information
caused by undersampling.

2.2. Crowd-sourced and SMOTE-based approaches

Some researchers have opted to introduce synthetic, fake reviews.
This approach aims to create a more balanced dataset, mitigating the
inherent data imbalance issue. Ott et al. [20] and Harris [21] tackled
the issue of dataset imbalance by enlisting the help of crowdsourcing
to introduce fake reviews, achieving a balanced dataset. Li et al. [22]
employed random undersampling and borderline-SMOTE techniques,
and Kumar et al. [23] used a modified version of the SMOTE algorithm
to handle data imbalance. SMOTE generates synthetic minority samples
by leveraging K-nearest neighbors instead of merely duplicating them.
However, these artificially generated samples may not accurately reflect
fake reviews and can lead to issues such as noise and class overlap.

Another approach by Gupta et al. [24] uses a Siamese neural
network and Manhattan distance to determine the similarity between
a pair of reviews. These review pairs may be real-real, real-fake, or
fake—fake. It achieves good recall and precision over the fake review
class, but it cannot achieve good results over the real review class.

2.3. Augmentation via deep learning and graph-based
models

Some researchers use synthetic data augmentation for handling
imbalance. Nayak et al. [25] detected opinion spam by generating
synthetic fake reviews using sentiment classification, but their approach
did not use the context or metadata of the text in reviews. Cheng et al.
[26] proposed a GNN-based framework that captures information from
different social network combinations in various subgraphs, addressing
the issue of imbalanced data classification. However, the augmentation
conducted by graph-based networks is susceptible to model collapse
and data bias amplification. They may generate limited or repetitive
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variations of synthetic data, leading to a lack of diversity. Moreover, if
the original dataset has a bias, the synthetic data may inherit and amplify
those biases. Xu et al. [27] proposed a review-embedding framework
so that reviews are encoded based on semantics and context. Then,
they used attention loss, which placed greater emphasis on the difficult
review samples in the imbalanced dataset. Luo et al. [28] developed
a supervised probabilistic method utilizing linguistic, behavioral, and
interrelationship features to address the imbalance challenge.

With the recent advancements in artificial intelligence and NLP,
LLMs have been used as language generators that can produce human-
like text based on inputs or prompts. Models such as BERT, RoBERTa,
GPT, and Gemini generate coherent and contextually relevant text.
Keya et al. [29] used BERT augmentation for fake news detection, and
Atliha and Sesok [30] used BERT augmentation for image captioning.
Similarly, GPT augmentation was used by Sawai et al. [31] for
language translation, Cohen et al. [32] for enhancing social network
hate detection, etc., and Mulla and Gharpure [33] used TS to generate
questions. However, data augmentation using language generators has
not been used in the classification of fake and real reviews to the best
of our knowledge.

2.4. Embedding of tokens

Machine learning algorithms require textual data to be converted
into numerical representations. Common techniques include frequency-
based methods (e.g., TF-IDF) and prediction-based methods (e.g.,
GloVe and BERT) [34]. Studies have shown that prediction-based
methods are more effective in capturing word semantics [35]. Many
researchers, including Chen and Yin [36], Ellaky et al. [37], and Muka
and Mukala [38], have used GloVe embeddings for classification in
fake news detection and FRD. Similarly, BERT embeddings have been
used for the same by Khan and Shaikh [39] and Abduljaleel and Ali
[40]. These studies show the importance of effective token embeddings
in improving fake content detection models.

2.5. Swarm optimization for FRD

Several swarm intelligence-based techniques have been used
for optimizing intrusion detection systems, fake news detection, and
FRD. Ala’M et al. [41] used Harris hawks optimization to optimize
the hyperparameters for spam review detection in multilingual review
datasets. Deshai and Bhaskara Rao [42] employed adaptive particle
swarm optimization (PSO) with transfer functions to convert continuous
values into probabilities for effective future selection. Combined with
recursive feature elimination, this approach improves the accuracy of
fake profile detection. To address fake news detection, a study by Sirra
et al. [43] used a deep quantum neural network optimized using cat
swarm sea lion optimization to detect fake news on social media. These
studies highlight the growing effectiveness of swarm optimization
techniques in enhancing the accuracy and efficiency of fake content
detection across various domains.

Hence, the proposed GIOBiL handles the class imbalance problem
in FRD via language generator augmentation. It uses a similarity score
for finding the best language generator, which can augment the dataset
with contextually strong fake reviews. Furthermore, optimized Bi-
LSTM, optimized using the proposed SPSO algorithm, has been used
for training because it can look forward and backward, extracting
potentially more relevant features from review text. Section 3 explains
the methodology and architecture of the proposed GIOBiL framework.

3. Proposed Methodology

Data imbalance is a major challenge in detecting fake reviews. To
address this issue, a novel framework, GIOBIL, is proposed, leveraging

LLMs for their text generation abilities. GIOBiL combines GPT-2,
GloVe embeddings, and an optimized Bi-LSTM classifier, operating
in three phases (Figure 1). Phase I augments the original imbalanced
dataset with synthetic fake reviews, Phase Il embeds and optimizes the
parameters of the Bi-LSTM via a novel SPSO algorithm, and Phase II1
classifies reviews as fake or real. The details of the three phases follow.

3.1. Phase I: augmentation of imbalanced datasets

As shown in Figure 1, Phase I augments the original dataset
D with synthetically generated fake reviews F’ to create a balanced,
augmented dataset D’, preventing classifier bias. Synthetic reviews from
five LLMs—BERT, XLNet, RoOBERTa, GPT-2, and Gemini Pro 1.0—
were evaluated based on a semantic similarity score. GPT-2 achieved
the highest similarity to original fake reviews. GPT-2 was utilized in
its pretrained form, adopting a contextual augmentation strategy rather
than fine-tuning or prompt-based generation. Each original fake review
was slightly modified using GPT-2’s contextual embeddings, generating
domain-relevant synthetic text that remains close in semantics and style
to the original dataset. This approach:

1) eliminated the cost of fine-tuning LLMs,

2) preserved domain-specific style, and

3) avoided off-topic or syntactic inconsistency. The resulting F’ was
combined with human-written real R and fake F reviews to form D’
(Figure 2).

Existing augmentation methods used for fake news detection
[29], image captioning [30], language translation [31], etc., either 1)
generate full reviews from scratch using prompt-based generation
[14] or 2) require computationally expensive fine-tuning [44], both
causing domain drift and high computational costs. In contrast, the
proposed contextual augmentation strategy is lightweight, controlled,
and domain-relevant and avoids fine-tuning, making it well suited for
FRD [45]. This approach, to the best of our knowledge, is novel for
FRD. Moreover, an empirical evaluation of five LLMs, namely, BERT,
XLNet, RoBERTa, GPT-2, and Gemini Pro 1.0, was conducted, and
GPT-2 was chosen based on semantic similarity scores, rather than
relying on assumed LLM quality.

Devlin et al. [46] introduced BERT in October 2018 for various
NLP tasks. It processes text bidirectionally, understanding the meaning
and relationships between words. Hence, it was used as a solid baseline
for the Phase I experiment. XLNet, introduced by Yang et al. [47] in
2019 and improved BERT by generating text autoregressively, has been
widely used for text completion and creative writing. Hence, it was
used as an improvised baseline for Phase I. RoBERTa, introduced by
Liu et al. [48], is primarily an optimized variant of BERT that focuses
on pretraining without word masking, yielding better performance and
enabling fine-tuned text generation.

GPT-2, introduced by Radford et al. [49] in late 2019, is a causal
transformer pretrained on large-scale language modeling to predict the
next word based on context. Its ability to generate coherent, human-like
text made it suitable for producing synthetic fake reviews. Released in
December 2023, Gemini encompasses Gemini Ultra, Gemini Pro, and
Gemini Nano, tailored for “highly complex,” “a wide range,” and “on-
device” tasks, respectively [50]. Gemini Pro 1.0 was selected for its
accessibility and comprehensiveness.

These five LLMs share a transformer-based architecture, enabling
them to capture long-range dependencies in text and generate coherent,
contextually appropriate language. Trained on vast text corpora, they
learn intricate language patterns, grammar, and knowledge from diverse
domains. To the best of our knowledge, data augmentation using
language generators has not previously been applied to FRD. Although
these models share the transformer architecture and are pretrained
on large text corpora, they differ in their training objectives, data,
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Figure 1
Architecture of the proposed framework GIOBIL
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Figure 2
Pseudocode for Phase I of the proposed framework GIOBiL

ALGORITHM 1: Phase I Augmentation of the imbalanced dataset

Input: Imbalanced Dataset D = {fake reviews F (minority) + Real reviews R (majority class)}
Output:  Balanced dataset D' = {fake reviews F + generated fake reviews F' + Real reviews R}

1 Function augmentation (D):

2 foreachLLM; i =1to5

3 real R « review with label = 1

4 fake F « review with label = —1

5 F/ « gen_rev(LLM;,F)

6 end

7 #To find similarity score Scoreg;,

8 Scorell « 0,bestLLM « 0

9 fori=1to5

10 Remove duplicates from subset S; = {F + F{},F€ D
11 S{ = S; — duplicates

12 simlarity computation of each pair [f, f],where f € F and f; € F;
13 compute average of above as Scorely,

14 if Scorely, > Scoreme*

15 Scorell% « Scorely,

16 bestLLM « i

17 end

18 return new dataset D' = {F + Fpeg 10 + R}, where np + ngp, = ng

19 end
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size, bidirectionality, and pretraining methods, which influence their
performance and suitability for FRD.

In Phase I, synthetic fake reviews were generated using each of
the five LLMs, finding whether the synthetic reviews are of contextually
good quality or not and then appending the best generated synthetic fake
reviews to the original dataset. In addition, data preprocessing, typically
performed to ensure the consistency and quality of the dataset, such
as removal of punctuation, diacritics, and whitespaces, was applied to
create the final augmented D’, which was then passed on to Phase II for
further processing.

3.2. Phase II: embedding and optimization of the Bi-
LSTM classifier using novel SPSO

Phase II involves the following:

1) embedding the augmented dataset D’ as the first step, ensuring that
the data are transformed into a suitable format for
training
2) optimization of the Bi-LSTM model via the proposed SPSO as the
second step, focusing on optimizing the Bi-LSTM parameters using
novel SPSO.

3.2.1. Embedding

The first step involves passing the augmented dataset D’ through
an embedding layer. Global Vectors for Word Representation (GloVe)
was chosen to represent each review as a sequence of numerical vectors.
Because word embeddings strongly influence FRD performance, two
popular techniques—GloVe and BERT—were compared. GloVe uses
global word—word co-occurrence statistics, whereas BERT captures
contextual information. Experiments showed that GloVe outperformed
BERT for FRD. Being widely used in NLP classification tasks, a GloVe
embedding layer was added before passing the augmented dataset to the
Bi-LSTM classifier.

3.2.2. Optimizing Bi-LSTM using novel SPSO

In this second step, Bi-LSTM, introduced by Schuster and
Paliwal [51] in 1997, is optimized using a novel SPSO algorithm. Bi-
LSTM processes input sequences bidirectionally, improving accuracy
in tasks such as FRD, and is used here as the classifier. As a recurrent
neural network (RNN) and nongenerative language model, it differs
from GPT-2 in both architecture and tokenizer. Unlike GPT-2, Bi-
LSTM is inherently bidirectional. This distinction becomes significant
because synthetic review creation in Phase I used GPT-2. To ensure
independence from GPT-2’s generative style and enhance classification
accuracy, GIOBIL leverages Bi-LSTM’s strengths while minimizing
GPT-2’s influence.

PSO: PSO, which was introduced by Kennedy and Eberhart in
1995, is a metaheuristic inspired by birds’ foraging behavior, where
particles exchange positional information to locate an optimal solution.
Each particle’s position x_i represents a potential solution, and the
best solution found corresponds to the optimal source. Each particle
maintains a memory to store its best-found position and the global best
position among all particles in the swarm. On the basis of this stored
information and the particle’s velocity v_i, it updates its position X _i
(t+1) in the search space. PSO balances exploration and exploitation
and is simple and efficient for continuous domains but struggles with
optimizing discrete or categorical parameters.

Binary PSO: it is a variant of the PSO algorithm designed to
optimize problems with binary decision variables. In this, particle
positions represent binary solutions, with updates determined
probabilistically through a sigmoid-transformed velocity, influencing
whether a bit flips or remains unchanged. However, it performs less

efficiently in continuous or real-valued domains, leading to slower
convergence in them.

Proposed SPSO: SPSO offers distinct advantages over using
binary or standard PSO alone. It allows parallel optimization of
binary parameters (e.g., whether to apply dropout (yes/no)) and
continuous hyperparameters (e.g., learning rate, dropout rate, and
LSTM unit size) without converting one type into another, avoiding
unnecessary complexity. Dedicated mechanisms for handling each
type of hyperparameter lead to more efficient and accurate search due
to faster convergence across the hyperparameter space. This results in
improved optimization efficiency. However, a key limitation of this
approach is its tendency to be trapped in local optima. In other words,
the continuous variables may not undergo sufficient exploration or
refinement within the search space because their convergence typically
requires more iterations than binary variables [52]. To overcome this
problem, binary variables are initialized to fixed values (0 or 1) and
held static during early iterations to minimize frequent state transitions.
Updates are deferred until the kth iteration, determined experimentally.
This staggered update process, shown in Figure 3, enables continuous
and binary parameters to evolve independently within their respective
search spaces, allowing for more effective convergence. Hence, SPSO
adapts to complex search spaces with both discontinuities (binary
parameters) and smooth gradients (continuous parameters).

The SPSO algorithm starts by optimizing the continuous
parameters in every iteration. It waits until after the kth iteration to
begin optimizing the binary parameter. The penalty is used to include
binary optimization gradually, making it less important early on and
more important later. Once both optimizations are complete, the best
parameters are used to train the final model and test it. GIOBIL uses the
proposed novel SPSO to optimize Bi-LSTM. The binary and continuous
parameters are updated separately with the following update rules and
the fitness function, which is used to guide the optimization. SPSO can
be represented mathematically using the following equations:

Each particle i consists of two parts:

1) abinary vector xP'® €{0,1}?, where p is the no. of binary parameters
2) acontinuous vector x{™ € RY, where q is the number of continuous
hyperparameters.

Thus, a PSO particle x; can be written as given in Equation (1).

_ bin _ cont
xi = (%, x), M
where xPt = { xbin ybin xP™ L js the binary component and
T RSTEER ST RPERRED. ST ry p
xfont = {xicfm,xg’“t, e ,ngm} is the continuous component. Each

particle X;; also has binary velocity vgi“ and continuous velocity vgj‘mt.
The update equations for the binary and continuous velocities are given
in Equations (2) and (3), respectively.

vgin(t +1) =w 'V}}in(t) ey - (p}}inbest _ X}}in(t))

. . (2)
+co 1y - (g}nnbest _ Xgm(t)),

Vicjont (t + ]_) = w .ViCjOnt (t) +er - (picjontbest _ Xicjont (t))

3)

‘|—C2‘4’“2 . <g3:ontbest _ X;fiont(t))’
where w is the inertia weight controlling the effect of previous
velocities; ¢1, c2 are acceleration coefficients; 77, 75 are random
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Figure 3
Pseudocode for the proposed SPSO algorithm

ALGORITHM 2: Proposed Staggered Particle Swarm Optimization (SPSO) used in GIOBiL

Input: Augmented, balanced dataset D', iteration threshold k, bounds for binary and continuous parameters

Output: Optimized BILSTM model parameters

1 Function StaggeredPSO (D', k, bounds):

fitness_binary_with_penalty(param, iteration, k), lby;,, uby;n, swarm, maxiter)

fitness_continuous(param, trainset, valset), lby;,, ubyi,, swarm, maxiter)

2 #Initializations
3 lbbin < O'ubbin «1, lbctsl ubcts
. k-iteration. . .
4 penaltyWeight < max (0,——) #decreases over iterations
5 #Define fitness functions
6 Function fitness_binary_with_penalty (params, iterations, k):
7 apply_dropout « param|[0]
8 penalty « penalty_wt * abs(apply_dropout — 0.5) # penalize early deviations
9 return penalty
10 end
11 Function fitness_continuous (params, training set, validation set):
12 embeddingDim « param[0]
13 IstmUnits « param[1]
14 dropoutRate « param|[2]
15 train and evaluate BiLSTM on validation set
16 return negative accuracy
17 end
18 #PSO optimization
19 apply_dropout « 0 #default value
20 for iteration in range(max_iterations):
21 if iteration >= k
22 optBinParam « pso(
23 apply_dropout « optBinParam[0]
24 optCtsParam « pso(
25 embedDim, [stmUnit, DropoutRate « optCtsParam
26 end
27 return optimized Parameters to train BiLSTM
28 end

numbers uniformly distributed in [0,1]; p and picjOntbeSt are the

personal best binary and continuous positions of particle 1, respectively;
and g}’inbe“ and geontbest gre the global best binary and continuous
positions of particie i, respectively. The update equation for binary
parameter positions is given in Equation (4).

binbest
i

. 1, if <S(Pint+1)
1= {1 <8 (D)
0, otherwise

“4)

where x}?in(t + 1) is the new position, r is a random number between 0
and 1, and S is the sigmoid transformation given by Equation (5).

bin| _ 1
S(vij ) - 1+e7v}3in(t+1) :

The update equation for continuous parameter positions is given
in Equation (6).

®)

X (b4 1) = xP(E) + vi (b + 1).

(6)

This update ensures that each continuous parameter changes in
response to a change in velocity. After the above position update, the
continuous values are restricted to remain within predefined bounds
[Xj,min, Xj,max], as represented in Equation (7).

x{™(t + 1) = min (max (xijo’“ (t+1), xj,min) , Xj,max). (7)

After the update, fitness function f(x;) for each particle i is
evaluated, which is the validation accuracy of the model trained with

the corresponding hyperparameters. After each fitness evaluation, the
personal best p}’eSt and global best gbeSt of particle i are updated, as

shown in Equations (8) and (9).

st = x; if f(x;) < £(pbet), ®)
gbest =x; if f(Xi) < f(gbeSt)' ©)

The next subsection explains the last phase of the proposed
GIOBIL framework.

3.3. Phase III: classification and testing

Phase 111 classifies the reviews as fraudulent or genuine. It trains
and tests the proposed framework. The augmented, preprocessed, and
embedded dataset D’ is fed into the optimized Bi-LSTM for training.
It is a deep learning classifier selected for its capability to capture the
semantics and dependencies in both forward and backward directions.
The rationale behind the selection of Bi-LSTM as the classifier was
discussed in the previous subsection. The “Adam” optimizer was used
during the framework’s compilation due to its simplicity, memory
efficiency, and effectiveness with large datasets; it was used to minimize
the “binary cross-entropy” function, which generates high values for
inaccurate predictions and low values for accurate ones. Specifically
designed for binary classification tasks, binary cross-entropy measures
the difference between true labels and predicted probabilities. It is
represented by Equation (10).

Hy(q) = —+ SN, vi - log(p(y1)) + (1 — y1) - log(1 = p(31)). (10
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Here, H,(q) represents the cross-entropy loss H between two
probability distributions p (true labels) and q (predicted probabilities).
“yi” represents the true label, with 1 indicating a genuine review and 0
indicating a fake one, and “p(yi)” signifies the predicted probability of
the review as determined by the classification model. The next section
details the experiments conducted using publicly available benchmark

Yelp datasets.

4. Experimental Setup

The proposed framework, GIOBIL, has been designed to handle
the challenge of data imbalance in FRD. The framework has been
designed and developed using an Apple M2 processor on macOS Ventura
version 13.3. Python version 3.10.12 with Tensorflow and Keras APIs
were used for experimentation. This section provides a comprehensive
explanation of the datasets used and the technical aspects of all three
phases involved in the proposed framework’s experiments.

4.1. Data collection and preparation

GIOBIL has been tested on four benchmark datasets collected by
Rayana and Akoglu [8], namely, YelpZIP, YelpNYC, YelpCHI hotel,
and YelpCHI restaurant. These datasets depict a significant level of
imbalance between the real and fake reviews, the statistics of which
are given in Table 1. Yelp is known for its extensive and trustworthy
reviews for businesses, particularly restaurants, cafes, hotels, and other
local services [53, 54]. Labeling of reviews as fake or authentic has
been performed using Yelp FRD algorithms and is considered free
from human error. Although Yelp’s filtering mechanism is not flawless,
research has shown that it delivers accurate results. The filtering process
is considered both effective and reliable in identifying questionable
reviews [55]. Table 1 demonstrates a remarkably low percentage of
fake reviews, indicating a significant imbalance in the datasets. In
these situations, traditional machine learning algorithms often generate
biased results that favor the majority class. As a result, these datasets
were chosen for this experiment to explore their pronounced imbalance
and to explore potential solutions for the imbalanced data issue.

4.2. Experiments in Phase I: augmentation of imbal-
anced dataset and data preprocessing

The first phase leverages five LLMs to generate synthetic reviews
and selects the one that generates reviews semantically and contextually
closest to the human-generated fake reviews in the Yelp datasets. The
pseudocode for this is given in Figure 2. Each of the five LLMs generated
f' € F’ for each f € F. A sample of the same is given in Table 2. As
illustrated, scanning the generated reviews manually reveals that all five
models produce similar outputs, making it difficult to identify the best
generator. Therefore, a metric was developed to determine which model
generated fraudulent reviews most closely resembling human-written
ones.

To achieve this, a “similarity score,” i.e., word similarity measured
on a scale from 0 to 1 reflecting the degree of semantic closeness
between the two reviews, was calculated by comparing word vectors
within a vector space. SpaCy, a high-performance NLP library, was
used due to its efficient tokenization, word embeddings, and linguistic
features, making it well suited for computing review similarity. For the
analysis, all possible pairs of human-generated and machine-generated
fake reviews were formed as [f, '], where f represents a review from
the human-generated fake subset F and f' represents a review from the
machine-generated fake subset F'.

A similarity score was computed for each pair using SpaCy.
Figure 4 shows a sample result, where a score of 0.944117 indicates
94.41% semantic and contextual similarity between the synthetic and
human-generated review pair. After computing the similarity for all
pairs, the average similarity score for each language generator was
determined, as presented in Table 3. It is observed that GPT-2 achieved
the highest mean similarity score among the five language generators.
GPT-2-generated fakes were of high quality and contextually similar
as the original dataset. Hence, it is considered the best among the five
and is used for creating the augmented dataset D’ for identifying fake
reviews.

Hence, GPT-2-generated fake reviews F’ were added to the
original dataset D = F + R, resulting in an augmented and balanced
dataset D' = F + F' + R. This process resulted in an equal number
of fake and real reviews, achieving a balanced dataset for further
analysis. Specifically, F + F' = R, ensuring parity between fake and
real reviews. In addition, augmented datasets were created using other
models, including BERT, RoBERTa, XLNet, Gemini Pro, and the
Synthetic Minority Oversampling Technique (SMOTE), to compare
results. However, because BERT has a maximum token length of 512
and RoBERTa and XLNet are based on BERT, only reviews with 512
tokens or fewer were selected. These selected reviews were then fed
into the respective language generator, and the generated fake reviews
were appended to the original dataset.

This augmented dataset is then cleaned and preprocessed for the
next phases. Data preprocessing is a crucial step in preparing the raw
input data for building a machine learning model. Preprocessing of
these four datasets is conducted by removing any missing or null values
in the dataset, eliminating punctuations because they are irrelevant to
text classification, and finally, converting all review text to lowercase
to simplify parsing. These refined, augmented corpora are now used for
the next phases of GIOBIL.

4.3. Experiments in Phase II: embedding of
augmented dataset and optimization of Bi-LSTM
using SPSO

Phase II involves experimentation in two steps—embedding

of the augmented datasets and optimization of Bi-LSTM using the
proposed SPSO algorithm.

Table 1
Descriptions of benchmark datasets used for experimentation

Fake reviews

Real reviews

Dataset name Number Percentage Number Percentage Total reviews
YelpZIP 80,466 13.22 528.132 86.78 608,598
YelpNYC 36,885 10.27 322,167 89.73 359,052
YelpCHI restaurant 8141 13.23 53,400 86.77 61,541
YelpCHI hotel 778 13.29 5076 86.71 5854
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Table 2

Sample of synthetic reviews generated by the five language generators

Human-generated fake review LLM Synthetic (similar) fake review

The food at Snack is a selec- BERT At Snack, you’ll encounter a delightful array of popular Greek dishes to tantalize your

tion of popular Greek dishes. taste buds. The appetizer platter stands out, and the Greek salad is a true treat. How-

The appetizer tray is good as ever, we found ourselves somewhat underwhelmed with the main courses. Do keep

is the Greek salad. We were in mind that this charming establishment boasts only a handful of tables, making it

underwhelmed with the main occasionally tricky to secure a seat.

courses. There are 4-5 tables At Snack, you’ll find an enticing variety of well-loved Greek cuisine. The appetizer

here so it’s sometimes hard to platter is truly delightful, and the Greek salad is a real standout. However, our enthusi-

get seated [8]. asm waned when it came to the main courses. It’s worth noting that this cozy establish-
ment only accommodates a handful of tables, which can occasionally pose a challenge
when trying to secure a seat.

XLNet Snack offers a range of popular Greek dishes that are sure to satisfy your cravings. The
appetizer platter is quite enjoyable, and the Greek salad is a real treat. However, when
it comes to the main courses, our expectations weren’t entirely met. It’s worth noting
that this cozy spot has only a handful of tables, which can occasionally make finding a
seat a bit challenging.

GPT-2 At Snack, you’ll find a delightful variety of well-known Greek dishes to tantalize your

Gemini Pro 1.0

This little place in Soho is BERT
wonderful. I had a lamb
sandwich and a glass of wine.
The price shocked me for how
small the serving was, but
then again, this is Soho. The
staff can be a little snotty and
rude, but the food is great,
just don’t expect world-class
service [8]

RoBERTa

XLNet

GPT-2

Gemini Pro 1.0

taste buds. The appetizer platter is a standout, and the Greek salad is absolutely deli-
cious. However, we must admit that the main courses left us a bit underwhelmed. It’s
worth noting that this charming establishment only has a handful of tables, which can
make it a bit tricky to secure a seat at times.

The food at Snack is a delicious assortment of traditional Greek cuisine. The appetizer
platter was a feast for the senses, and the Greek salad was fresh and flavorful. Howev-
er, we were slightly disappointed with the main courses, which didn’t quite live up to
our expectations. With only a few tables available, it can be challenging to find a seat
during peak times.

This cozy spot in the heart of Soho is truly delightful. I indulged in a delectable lamb
sandwich paired with a glass of wine. While I was a bit surprised by the price given the
modest portion size, it’s worth remembering that we are in the heart of Soho. The staff
here can be a tad aloof and occasionally impolite, but the food is superb. Just keep in
mind that you’re here for the culinary experience, not necessarily world-class service.

This charming little gem nestled in Soho is an absolute delight. I savored a mouth-wa-
tering lamb sandwich along with a glass of fine wine. Although I was taken aback by
the cost considering the somewhat modest serving size, it’s important to keep in mind
that Soho is known for its upscale offerings. The service staff may come across as a bit
reserved or brusque at times, but the culinary experience here is truly exceptional. Just
bear in mind that your visit is primarily about savoring remarkable cuisine, rather than
anticipating top-tier service

This quaint little spot in the heart of Soho is absolutely wonderful. I indulged in a deli-
cious lamb sandwich accompanied by a fine glass of wine. While I was a bit surprised
by the pricing given the relatively modest portion size, it’s important to consider that
Soho is renowned for its upscale offerings. The service staff, it must be noted, can be
somewhat aloof and occasionally brusque, but the culinary experience here is truly ex-
ceptional. Just remember that your visit is primarily about savoring outstanding cuisine,
rather than expecting top-notch service

This charming little place in the heart of Soho is absolutely wonderful. I decided to in-
dulge in a mouth-watering lamb sandwich paired with a delightful glass of wine. While
the price did give me a bit of a shock, considering the somewhat modest portion size,
it’s worth noting that Soho is known for its upscale dining scene. The service staff can
come across as a bit reserved and occasionally brusque, but the food more than makes
up for it. Just keep in mind that your visit here is all about savoring exceptional cuisine,
rather than expecting world-class service.

This charming little spot in Soho is a hidden gem. I indulged in a succulent lamb sand-
wich and a glass of wine. While the portion size might seem a bit on the small side for
the price, it’s worth noting that this is Soho after all. The food is absolutely delicious,
but don’t expect top-notch service from the staff, who can sometimes come across as a
bit aloof.
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Figure 4 This aligns with prior studies in FRD [36, 38], which also report
Similarity score of a sample pair of reviews superior performance with GloVe embeddings in classification tasks.
augmanted origloal  score To visually support this explanation, four t-SNE graphs
0 The food at snack is a selection of popular Gr... The food at snack is a selection of popular Gr... 0.944117 i]]ustrating the difference in Clustering between GloVe and BERT
1 Thislittle place in Soho is wonderful. 1 had ... The food at snack is a selection of popular Gr... 0.745654 embeddings on a subset of fake vs. real reviews are plotted. As shown

2 ordered lunch for 15 from Snack last Friday. A... The food at snack is a selection of popular Gr... 0.667469

3 This is a beautiful quaint little restaurant o... The food at snack is a selection of popular Gr... 0.788550

Table 3
Mean similarity score of each LLM

Language generator Mean similarity score

BERT 0.5869451070090201
XLNet 0.5657289053531175
RoBERTa 0.5675505410715225
GPT-2 0.5932356237075136

Gemini Pro 1.0 0.5891045902311276

Step 1: embedding of the augmented dataset. The choice of word
embeddings can significantly affect the performance of any model.
GloVe and BERT are two popular word embedding techniques used by
researchers. GloVe uses global word—word co-occurrence statistics to
learn word embeddings, whereas BERT captures contextual information.
In this study, both embedding layers are experimented upon, and the
results presented in Table 4 show that GloVe embedding gave better
results than BERT embedding. Although BERT gives contextual
embeddings, in the case of FRD, GloVe gave better embeddings and
is widely used for classification problems in NLP. The experiment was
conducted for all four datasets using five-fold cross-validation. It is
important to note that Bi-LSTM was not optimized for selecting the
embedding layer.

It was observed that GloVe embedding gave better results in
terms of accuracy and F1 score. This observation may be explained
by the nature of fake reviews, which often contain repetitive phrasing,
exaggerated sentiment, or templated expressions [56]. GloVe, being
a frequency-based embedding method, captures global co-occurrence
patterns that are effective in detecting such regularities. In contrast,
BERT’s contextual representations may dilute these global patterns
or introduce unnecessary noise, especially when the input reviews
are relatively short or lack sufficient context. Furthermore, BERT
embeddings are highly dimensional and computationally heavier,
which could require more extensive fine-tuning to yield optimal results
for this task. Because the focus here was on the effectiveness of data
augmentation in FRD, GloVe was chosen as a more efficient choice.

in Figure 5, GloVe better separates fake and real reviews into distinct
clusters, whereas BERT embeddings display some class overlap, likely
due to contextual noise. Hence, the GloVe embedding layer was added
before passing the augmented dataset to the Bi-LSTM layer.

Step 2: optimization of Bi-LSTM. This step involves computing
the average accuracy and other performance metrics through
classification 1) without optimizing Bi-LSTM and 2) after optimizing
Bi-LSTM using the proposed SPSO. The results of these experiments,
presented in Table 5, highlight the performance improvement achieved
by applying SPSO optimization to Bi-LSTM across various datasets.
Optimized Bi-LSTM consistently outperforms its nonoptimized
counterpart due to faster and more reliable convergence achieved
by balancing exploration and exploitation of binary and continuous
parameters.

It is important to clarify that although hybrid binary-continuous
PSO approaches do exist [57], the proposed SPSO introduces a distinct
and theoretically grounded contribution through its staggered update
mechanism. Unlike conventional HPSO techniques that update both
binary and continuous parameters simultaneously, SPSO first optimizes
the continuous variables, activating binary parameters only after k
iterations. This delay mitigates the risk of premature convergence often
observed in HPSO due to early binary updates. SPSO’s use of time-
dependent penalty ensures a smooth transition into the binary search
phase. This not only improves the balance between exploration and
exploitation but also helps in avoiding premature convergence and poor
local optima. Theoretically, SPSO’s staggered design allows for finer
control over search complexity, making it especially suitable for the
proposed framework. Empirically, this mechanism shows improved
convergence behavior as shown in Figure 6. Because the fitness
function is the validation accuracy, higher values correspond to better-
performing solutions.

Figure 6 presents the convergence behavior of three algorithms,
namely, PSO, hybrid PSO (binary-continuous), and the proposed SPSO,
over 20 iterations. To ensure fairness and consistency in comparison, the
initial population across all algorithms was identically initialized using
the same initial configuration and seed. It can be seen across datasets
that PSO barely improves and quickly gets trapped in a local optimum.
Hybrid PSO converges quickly because of binary optimization but
plateaus prematurely. In contrast, SPSO converges more steadily and
ultimately reaches the best solution. These findings support SPSO as the
preferred choice for GIOBiL.

Table 4
Comparison of GloVe and BERT embeddings on the performance of the augmented dataset
Dataset Embedding Accuracy (%) Precision Recall F1 score AUC score
YelpZIP GloVe 94.35 0.98 0.90 0.94 0.9436
BERT 93.25 0.94 0.93 0.94 0.9320
YelpNYC GloVe 94.33 0.97 0.91 0.94 0.9433
BERT 93.66 0.95 0.91 0.93 0.9348
YelpCHI GloVe 95.79 0.99 0.91 0.95 0.9580
hotel 92.97 0.93 0.90 0.92 0.9317
YelpCHI restaurant GloVe 95.93 0.99 0.92 0.95 0.9597
BERT 94.52 0.95 0.93 0.94 0.9458
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Figure 5
t-SNE visualizations of GloVe and BERT embeddings across the four Yelp datasets
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Table 5
Performance comparison of various optimized and nonoptimized Bi-LSTM classifications
Dataset Classification using Accuracy (%) Precision Recall F1 score AUC
YelpZIP (a) Bi-LSTM w/out 94.35 0.98 0.90 0.94 0.9436
optimization
(d) Bi-LSTM w/ SPSO 95.37 0.99 0.91 0.95 0.9538
(proposed GIOBIL)
YelpNYC (a) Bi-LSTM w/out 94.33 0.97 0.91 0.94 0.9433
optimization
(d) Bi-LSTM w/ SPSO 96.49 0.99 0.93 0.96 0.9648
(proposed GIOBIL)
YelpCHI hotel (a) Bi-LSTM w/out 95.79 0.99 0.91 0.95 0.9580
optimization
(d) Bi-LSTM w/ SPSO 97.67 0.99 0.95 0.97 0.9767
(proposed GIOBIL)
YelpCHI restaurant (a) Bi-LSTM w/out 95.93 0.99 0.92 0.95 0.9597
optimization
(d) Bi-LSTM w/ SPSO 97.13 0.99 0.94 0.97 0.9714
(proposed GIOBIL)
4.4. Experiments in Phase III: classification and This dataset undergoes classification using the optimized Bi-LSTM
testing classifier, evaluated through five-fold cross-validation. Optimal

Bi-LSTM parameters, tailored for each dataset, are determined through
This phase labels the reviews as fake and real. The augmented  SPSO by minimizing the validation error. Because the optimal values

and cleaned dataset includes an equal number of fake and real reviews.
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Figure 6
Convergence graphs for PSO, HPSO, and SPSO across the four datasets
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for parameters such as embedding dimensions, LSTM units, and dropout
rates vary across datasets, this method ensures a customized model
configuration for each dataset, enhancing classification performance.
These optimal parameters for each dataset are given in Table 6 below.
The performance on the test set is evaluated using metrics, including
accuracy, precision, recall, F1 score, and ROC-AUC. The results of
cach fold are aggregated and summarized using the mean.

The proposed GIOBIiL was compared with its baseline
counterparts SMOTE-DNN, SMOTE-Bi-LSTM, BERT-Bi-LSTM,
RoBERTa-Bi-LSTM, XLNet-Bi-LSTM, GPT-2-DNN, and GEMINI-
Bi-LSTM. Further, GIOBIiL was compared with previous research
studies conducted on the four datasets. The next section presents the
results of the above experiments.

5. Results and Discussion

This section evaluates the performance of the proposed
framework, GIOBIL. Section 5.1 analyzes the performance and
compares GIOBIL with its baseline counterparts in terms of precision,
recall, F1 score, accuracy, and AUC across all four datasets. Section 5.2

compares the computational overhead by introducing SPSO in GIOBIL.
Section 5.3 benchmarks the proposed framework against nine previous
studies using the same metrics, demonstrating that it outperforms them
all. Section 5.4 presents the ablation studies, and Section 5.5 concludes
the results with parameter sensitivity analysis.

5.1. Comparison with baseline frameworks

GIOBIL’s performance was analyzed across all four datasets:
YelpZIP, YelpNYC, YelpCHI hotel, and YelpCHI restaurant. Table 7
shows the comparison of several baseline frameworks and the proposed
GIOBIL framework on the task of detecting fake reviews using accuracy
and AUC as performance metrics. The following observations can be
made from Table 7.

1) The proposed framework is the best performer across all datasets in
consideration, with the highest accuracy and AUC, thus providing
the most accurate and reliable FRD.

2) Traditional frameworks using SMOTE struggle with complex
language patterns, which can be seen in the lower accuracy and AUC.
They have limitations in scalability and context understanding.

Table 6
Optimal parameters for each dataset

Dataset/parameter Apply dropout Embedding dimensions LSTM units Dropout rate
YelpZIP 0 63.14394814 232.1063245 0.250096849
YelpNYC 1 190.4019572 128 0.407878603
YelpCHI hotel 1 180.3076747 64 0.284268919
YelpCHI restaurant 1 139.0432249 85.0894018 0.166088246
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Table 7
Accuracy and AUC scores of the proposed GIOBiL and various baseline frameworks across four datasets
YelpZIP YelpNYC YelpCHI hotel YelpCHI restaurant
Accuracy Accuracy Accuracy Accuracy
Dataset/framework (%) AUC (%) AUC (%) AUC (%) AUC
SMOTE-DNN 76.12 0.42132 79.00 0.48957 81.82 0.50372 85.32 0.61734
SMOTE-Bi-LSTM 79.43 0.75512 81.65 0.78167 81.99 0.79321 88.54 0.84003
BERT-Bi-LSTM 90.66 0.89272 91.70 0.92771 92.43 0.94720 92.33 0.95363
RoBERTa-Bi-LSTM 80.90 0.80218 83.39 0.81109 85.29 0.85384 87.90 0.88239
XLNet-Bi-LSTM 85.00 0.88329 89.15 0.90084 89.08 0.91849 89.09 0.92331
GPT-2-DNN 85.00 0.80328 86.00 0.81109 90.00 0.85903 90.00 0.90831
GEMINI-Bi-LSTM 92.70 0.93021 92.04 0.93152 94.11 0.95322 96.00 0.98384
Proposed GIOBiL 95.37 0.95380 96.49 0.96480 97.67 0.97670 97.13 0.97140

3) Transformer-based models such as BERT, RoBERTa, and XL Net, in
combination with standard Bi-LSTM, understand bidirectional text,
as is evident in the improved AUC scores.

The proposed framework is also evaluated based on precision,
recall, and F1 score. Figure 7 displays the precision, recall, and F1
scores of the baseline frameworks in comparison to GIOBIL. It is
observed that GIOBIL is the best framework across both fake and real
classes, achieving the highest precision consistently across all datasets.
GEMINI-Bi-LSTM is also a strong contender, with high precision in
both classes, although slightly behind GIOBiL. BERT-Bi-LSTM also
shows consistently high precision for both classes but is outperformed
by the GEMINI and GIOBIL frameworks. SMOTE-DNN is the weakest
model, with notably lower precision in both classes, especially in the
fake class. Further, it can be seen that frameworks based on transformer
architectures outperform traditional models such as SMOTE,

demonstrating the effectiveness of advanced language generators in
detecting fake reviews.

In addition, the bar charts compare the recall performance
and show that GIOBIL has robust performance on both real and fake
classes, particularly in YelpCHI datasets. SMOTE-DNN is another
strong contender, delivering high recall on both real and fake classes,
especially in YelpCHI restaurant. RoBERTa—Bi-LSTM and GPT-
2-DNN show promising results as well, and XLNet-Bi-LSTM and
GEMINI-Bi-LSTM demonstrate more variability and may not be as
reliable across all datasets. F1 score is another metric that provides a
balance between precision and recall. A higher F1 score indicates a
good trade-off between identifying positive cases and avoiding false
positives. The bar charts in Figure 7 representing the F1 scores show
that GIOBIL is robust across all datasets, with the highest F1 scores in
both classes. BERT-Bi-LSTM and RoBERTa-Bi-LSTM also perform

Figure 7
Precision, recall, and F1 scores (on fake and real classes) of GIOBIL and baseline frameworks across the four datasets
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consistently well but are outperformed by GIOBiL. DNN frameworks
tend to have lower F1 scores compared to Bi-LSTM-based frameworks,
especially on the fake class. Predicting the real class appears to be
easier for most frameworks, with more consistent and higher F1 scores
compared to the fake class. This analysis shows the dominance of the
proposed GIOBIL over its baseline counterparts.

The superior performance of the proposed GIOBiL can be
attributed to the integration of advanced language modeling, optimized
classification, and class balancing strategies. Prior research has
shown that transformer-based models such as GPT-2 possess strong
capabilities in generating fluent and contextually coherent text [58],
which makes them effective for synthetic data generation in class-
imbalanced scenarios [59]. In addition, the Bi-LSTM classifier, used in
GIOBIL, has been widely recognized for its ability to model sequential
dependencies in text classification tasks [60]. The use of the proposed
SPSO improves upon classical PSO and hybrid approaches by deferring
binary updates, which as supported in delayed optimization literature
[61], can reduce early-stage instability and improve convergence.
These design choices align with the empirical improvement given in
the following subsections.

5.2. Computational efficiency and performance
trade-off

The proposed GIOBIL framework was designed to improve
classification performance without increasing model complexity in
terms of parameter count. The Bi-LSTM classifier used in Phase III
retains the same number of trainable parameters as in any other baseline
framework. SPSO performs hyperparameter optimization in Phase II
across a mixed search space (binary and continuous) and does not
modity the Bi-LSTM architecture itself. To assess the practical impact
of this optimization, a comprehensive runtime analysis comparing
GIOBIL to Gemini-Bi-LSTM was conducted. The reason for choosing
Gemini-Bi-LSTM is that it achieved the highest classification accuracy
across datasets among all models evaluated. Hence, it can be taken as
the strongest comparator for runtime and performance evaluation. The
runtime comparison results are shown in Figure 8.

Results show that the inclusion of SPSO resulted in a 5%—-8%
increase in total training time across all datasets. For example, on the
YelpZIP dataset, the training time increased modestly from 3167 s
(Gemini-Bi-LSTM) to 3351 s (GIOBIiL) and similarly on YelpNYC
from 1581 to 1676 s. Despite this modest overhead, GIOBiL delivered
significant improvements in classification performance: accuracy gains
of +2.67% on YelpZIP, +4.45% on YelpNYC, +3.56% on YelpCHI
hotel, and +1.13% on YelpCHI restaurant (in Table 7) compared to

Figure 8
Component-wise runtime comparison of the proposed framework

with Gemini-Bi-LSTM
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Gemini-Bi-LSTM. In addition, GIOBIL achieved consistently higher
F1 scores as shown in Figure 7. The performance gains of GIOBiL were
even more pronounced than other baselines.

Overall, although SPSO introduces additional training time,
it does so without increasing the model complexity, and the modest
computational cost is justified by the substantial improvements in
classification accuracy and reliability across datasets.

5.3. Comparison with previous research works

This subsection presents a comparison of the proposed GIOBiL’s
performance against nine previous research methods on the metrics
accuracy, precision, recall, F1 score, and AUC. Table 8 shows the
results of this comparison on YelpZIP, YelpNYC, YelpCHI hotel, and
YelpCHI restaurant datasets.

It is observed that the proposed framework GIOBiL demonstrates
strong and consistent performance across all benchmark datasets
compared to prior methods. For instance, on the YelpZIP dataset, it
achieves the highest accuracy (95.37%) and AUC (0.95), significantly
surpassing other methods such as DeepSpot [25], which has an AUC of
0.88, and FRDGMPM [28], which has an accuracy of 86%. Similarly,
on the YelpNYC dataset, GIOBiL achieves an accuracy of 96.49% and
an AUC of 0.96, outperforming WSEM-S [16] and FRDGMPM [28]
in all metrics. In the YelpCHI hotel and restaurant datasets, GIOBiL
maintains its superior performance with accuracies of 97.67% and
97.13%, respectively, and near-perfect precision and F1 scores. This
consistent superiority across various datasets highlights GIOBiL’s
robustness and effectiveness in detecting fake reviews compared to
traditional methods and recent frameworks.

In summary, the proposed GIOBIL framework consistently
outperforms all other methods across multiple datasets, including
YelpZIP, YelpNYC, YelpCHI hotel, and YelpCHI restaurant, in terms
of accuracy, AUC, precision, recall, and F1 score. It demonstrates good
ability to detect both fake and real reviews with high accuracy and
minimal errors.

5.4. Ablation studies

This subsection analyzes the impact of four ablations in GIOBiL
by systematically removing individual components to assess their
contribution to the overall performance. The first ablation involves
not optimizing Bi-LSTM as the classifier. The second focuses solely
on optimizing the continuous parameters of Bi-LSTM, and the third
ablation targets only the binary parameters of Bi-LSTM. Finally,
the fourth ablation substitutes BERT embeddings in place of GloVe
embeddings. Figure 9 illustrates the comparison between these ablations
with the proposed framework across all four benchmark datasets.

Ablation 1 - standard Bi-LSTM (no optimization): this
setup uses a standard Bi-LSTM classifier without optimization. The
parameters are predefined with fixed values: dropout disabled (apply
dropout = 0), embedding dimensions set to 50, LSTM units set to
128, and dropout rate of 0.1. These specific values have been chosen
to reflect a commonly used baseline configuration in neural network
experiments. Embedding dimensions of 50 are lightweight for efficient
computation, and 128 LSTM units ensure sufficient model capacity.
A dropout rate of 0.1 balances regularization without overpenalizing
the network. This configuration serves as a benchmark to compare the
impact of optimization.

Ablation 2 — optimization with continuous PSO only: here,
dropout is disabled, and only the continuous parameters of Bi-LSTM
are optimized using continuous PSO.

Ablation 3 — optimization with binary PSO only: this setup
focuses exclusively on optimizing the binary parameters of Bi-LSTM
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Table 8
Comparison of the proposed GIOBiL with prior research works on benchmark datasets

Benchmark Accuracy

dataset Method (%) AUC Precision Recall F1 score

YelpZIP DeepSpot (Nayak et al. [25]) - - 0.86 0.88 0.86
SVM w/ oversampling (Budhi et al. [62]) 86 - 0.83 0.86 0.80
BP (SVM) + undersampling (Budhi et al. [62]) 79 - - - -
EMKL at Z =20 (Zhang et al. [17]) - 0.84 0.83 0.81 0.82
M-SMOTE with XGBoost (Kumar et al. [23]) - 0.83 0.77 0.74 0.78
ImDetector (Zhang et al. [10]) - 0.88 0.85 0.83 0.84
FRDGMPM (Luo et al. [28]) 86 - 0.99 0.86 0.92
Proposed GIOBIL 95.37 0.95 0.99 0.91 0.95

YelpNYC SVM w/ oversampling (Budhi et al. [62]) 89 - 0.84 0.89 0.84
BP (SVM) w/ undersampling (Budhi et al. [62]) 82 - - - -
WSEM-S (Singhal & Kashef [16]) 95 - 0.90 0.97 0.92
FRDGMPM (Luo et al. [28]) 89 - 1.00 0.89 0.94
SBiLM (Gupta et al. [24]) 81 0.49 0.50 0.54 0.52
Proposed GIOBiL 96.49 0.96 0.99 0.93 0.95

YelpCHI hotel LR w/ oversampling (Budhi et al. [62]) 86 - 0.81 0.86 0.80
AB w/ undersampling (Budhi et al. [62]) 77 - - - -
RUS-RF w/ opt param (Yao et al. [18]) - - - - 0.71
(RF + GBDT + lightGBM) (Yao et al. [18]) - - - - 0.72
FRDGMPM (Luo et al. [28]) 86 - 0.99 0.86 0.92
Proposed GIOBIL 97.67 0.98 0.99 0.95 0.97

YelpCHI restau- LR w/ oversampling (Budhi et al. [62]) 86 - 0.82 0.86 0.81

rant AB w/ undersampling (Budhi et al. [62]) 85 - - - -
RUS-RF w/ opt param (Yao et al. [18]) - - - - 0.78
RF + lightGBM + CatBoost (Yao et al. [18]) - - - - 0.79
Proposed GIOBiL 97.13 0.97 0.99 0.94 0.97

using binary PSO. Continuous parameters remain fixed at their default
values as given in ablation 1.

Ablation 4 — using a BERT embedding layer instead of GloVe:
in this ablation, the GloVe embedding layer is replaced with the
BERT embedding layer to evaluate the impact of different embedding
techniques. The rest of the GIOBIL framework remains the same and
continues to utilize the optimized Bi-LSTM.

The observations are as follows:

Ablation 1 (w/out optimizing Bi-LSTM) offers strong
performance with balanced precision and recall but is outperformed by
the proposed framework in almost all metrics. The reason for the good
precision and recall is the inherent nature of Bi-LSTM of capturing long-
range dependencies and patterns in text. However, it lacks optimization
that could further boost its performance.

Ablations 2 and 3 also display less efficient performance because
each approach neglects critical parameters. This partial optimization
restricts the model’s ability to explore and converge effectively in the
search space, leading to suboptimal results.

Ablation 4 (using BERT embedding) shows a significant drop
in performance even after optimizing Bi-LSTM, with lower precision,
recall, accuracy, and AUC, indicating that it is less suitable for the
task. The reason for this can be attributed to BERT’s deep contextual
embeddings, leading to overfitting or the introduction of noise. BERT
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embeddings may be less suited to distinguish between subtle differences
between fake and real.

GIOBIL (the proposed framework) outperforms the others,
achieving the highest scores in nearly every category, making it the best
model for this classification task based on these metrics. It combines
the strength of optimizing Bi-LSTM, which captures better semantic
meaning and GloVe embeddings.

Each component of the proposed framework is necessary and
contributes to the overall performance, robustness, and effectiveness of
the system by addressing specific aspects of the optimization process.

5.5. Sensitivity analysis

This subsection discusses the impacts of four hyperparameters
on GIOBiL’s performance. To analyze sensitivity, a specific parameter
is varied while keeping all other parameters fixed at their optimal values
as determined by the proposed framework. The graphs in Figure 10
provide an analysis of the impact of the hyperparameters on GIOBiL
across different datasets. The bar charts in the first row depict the
effect of enabling or disabling a dropout layer. Enabling it generally
improves performance, emphasizing its role in mitigating overfitting
and enhancing generalization across various datasets.

The line charts in subsequent rows examine the effects of
continuous hyperparameters such as embedding dimensions, LSTM
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Figure 9
Comparison of the four ablation frameworks with GIOBiL
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units, and dropout rates on performance metrics. Increasing embedding
dimensions and LSTM wunits generally enhances performance
metrics, but beyond a certain threshold, the improvement plateaus or
declines, indicating diminishing returns. Dropout rates also exhibit a
critical balance, where moderate dropout improves generalization but
excessive dropout reduces model performance. These observations
emphasize the importance of optimizing the Bi-LSTM parameters to
maximize the proposed framework’s performance for different datasets.
The experimental results demonstrate that the proposed framework
is effective in detecting fake reviews, showing improvements over
baseline methods and previous research. Its consistently high precision
and recall scores across multiple datasets indicate robustness and a
good ability to generalize.

6. Conclusion and Future Work

Identifying fraudulent reviews is a significant challenge for
stakeholders, including customers, online retail platforms, and
businesses operating online, specifically in case of imbalanced datasets.
This research introduces a novel framework called GIOBiL to handle
the class imbalance problem in FRD. It utilizes a GPT-2 language
generator with GloVe embedding and an optimized Bi-LSTM classifier.
GIOBIL also incorporates the proposed novel SPSO algorithm to
optimize the Bi-LSTM classifier, leading to faster convergence and
improved classification accuracy. GIOBiL operates in three key phases.
In the first phase, the original dataset is augmented with synthetically
generated, contextually rich reviews to balance the distribution of
real and fake reviews. The second phase uses GloVe embeddings to
embed the augmented dataset and novel SPSO algorithm to optimize
the Bi-LSTM classifier. The staggered approach of SPSO ensures better
exploration of the search space, reducing parameter interference and
improving convergence toward optimal solutions. In the final phase, the
embedded, augmented dataset is used to train the optimized Bi-LSTM,
which then classifies test reviews as fake or real.

The experiments were performed on several baseline methods.
The results show that GIOBIL outperforms baseline methods and
prior research across four benchmark imbalanced Yelp datasets.
The results demonstrate that GIOBiL strikes an effective balance
between precision and recall, resulting in a higher F1 score, which
is crucial for maintaining the credibility and trustworthiness of
online review platforms. The framework effectively maintains a low
false positive rate, accurately identifying genuine reviews without
misclassifying them as fake. It also demonstrates a low false negative
rate, efficiently detecting fake reviews without confusing them with
real ones. This highlights the framework’s precision in minimizing
misclassifications. In addition, GIOBIL achieves high accuracy and
AUC scores across all four datasets, demonstrating its robustness and
generalizability. Future research could extend this study by exploring
additional datasets to further enhance the understanding of the FRD
problem.

Although GIOBIL has demonstrated strong performance across
four well-established labeled Yelp datasets, the availability of labeled,
imbalanced datasets in other domains such as Amazon or TripAdvisor
is limited. The existing datasets in these domains are either balanced
or proprietary. Future research will focus on using semisupervised or
transfer learning to evaluate the framework’s generalizability across
other platforms.
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