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Abstract

The rapid spread of fake news on digital platforms has become a major societal challenge, influencing public opinion,
political stability, and social trust. Despite extensive research, existing detection models often suffer from limited
generalization, weak robustness to noisy or short texts, and reliance on manually engineered features. Moreover, the
evolving linguistic and contextual nature of fake news reduces the long-term effectiveness of conventional approaches.
To address these limitations, this study proposes a novel hybrid fake news detection framework that, for the first time,
integrates Kernel Fuzzy Rough Set (KFRS)-based feature selection with a two-stage ensemble of deep learning and
traditional machine learning classifiers. Unlike prior studies that rely solely on either neural or statistical models, the
proposed approach combines LSTM and Bi-LSTM networks with Logistic Regression, Support Vector Machine, and
XGBoost, leveraging their complementary strengths through soft voting and stacking. The KFRS component plays a
critical role in refining feature representations by handling uncertainty and reducing noise, which is particularly beneficial
for short and noisy textual data. Skip-Gram word embeddings are employed to capture semantic relationships between
words and enhance contextual understanding. The proposed framework is evaluated on three benchmark datasets—LIAR,
FakeNewsNet, and FakeEdited—demonstrating consistently strong performance across diverse domains. Ablation
experiments further confirm that incorporating KFRS leads to substantial improvements in Recall and F1-score. Overall,
the proposed method offers a robust, scalable, and practically deployable solution for real-world fake news detection.
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1. Introduction

The rapid growth of social media, driven by widespread
internet and smartphone usage, has transformed how
information is disseminated [1]. These platforms now
serve as primary, fast, and cost-effective channels for
news exchange [2], shaping public discourse and
influencing societal views. Consequently, traditional
media increasingly rely on digital platforms for
distribution. However, this shift has facilitated the spread
of fake news, as malicious actors—motivated by political,
economic, social, or health-related goals—intentionally
disseminate misleading content. Fake news distorts public
opinion, leading to misinformed decisions with far-
reaching consequences, including political instability,
economic downturns, and social unrest [3]. Unlike
reliable news, which promotes informed decision-
making, fake news undermines societal trust and
exacerbates social problems [4].

Fake news can be defined as intentionally fabricated or
manipulated information designed to influence public
perception. This misinformation is spread through various
formats, including text, images, and videos. Due to its
persuasive nature and rapid spread across social media
platforms, fake news often gains considerable traction in
a short amount of time [5,6]. However, distinguishing
fake news from legitimate content is increasingly

challenging, especially when misinformation is carefully
crafted to appear credible. Given the profound impact of
news on society, the need for automated detection systems
that can efficiently identify fake news is critical [7].
Manual verification, while useful, is not scalable or
efficient enough to cope with the enormous volume of
content circulating on social media [8]. This highlights the
necessity for real-time, automated detection techniques.
Over the years, several approaches have been proposed to
tackle the challenge of fake news detection. Traditional
methods mainly relied on machine learning (ML)
algorithms, such as Logistic Regression (LR) and Support
Vector Machines (SVM), which used predefined features
for classification [9,10]. Mehta et al. [11] explored the use
of Natural Language Processing (NLP) techniques to
extract features from textual data and employed
supervised learning models to classify news articles as
either fake or real. Despite their utility, traditional
methods face significant limitations, particularly in
dealing with the vast and dynamic nature of social media
content. As a result, the use of deep learning (DL)
techniques has gained considerable attention in recent
years due to their ability to process large volumes of high-
dimensional data more effectively [12,13, 14].

Deep learning, a branch of machine learning, employs
multi-layered neural networks to learn complex patterns
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from data. Among its architectures, Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks
(RNNs) are widely used for fake news detection. While
CNNs effectively process textual information, they
struggle to capture long-term dependencies between
words. RNNs, particularly Long Short-Term Memory
(LSTM) and Bidirectional LSTM (Bi-LSTM) models,
excel in retaining such dependencies, making them well-
suited for sequential data like news articles [15]. Despite
the success of these models, significant challenges remain
in developing systems that can accurately detect fake
news at scale. The vast volume of misleading information
online and the need for generalizability across topics and
languages are key obstacles. In this context, stacking
techniques have emerged as a promising approach,
aggregating predictions from multiple models to improve
classification accuracy.

This study presents a novel fake news detection
framework by integrating Kernel Fuzzy Rough Set
(KFRS)-based feature selection with a hybrid ensemble
of deep and traditional classifiers. The innovation lies in
using KFRS to refine feature representations and handle
uncertainty in short, noisy texts, while the hybrid
ensemble combines LSTM, Bi-LSTM, Logistic
Regression, SVM, Passive-Aggressive, and XGBoost
classifiers in a two-stage soft voting and stacking scheme.
This is an approach not previously applied to fake news
detection. Unlike prior studies that relied exclusively on
either conventional algorithms or deep neural networks,
our approach leverages the complementary strengths of
both paradigms. By jointly leveraging TF-IDF and Skip-
Gram embeddings, the proposed model captures both
statistical and semantic characteristics of news text,
overcoming  limitations of  single-representation
approaches. This combination enables the model to refine
features under uncertainty. KFRS explicitly models
vagueness and overlapping class boundaries. It reduces
noise and retains the most discriminative attributes. The
framework captures sequential and statistical patterns. By
combining LSTM and Bi-LSTM networks with
traditional classifiers in a two-stage ensemble (soft voting
followed by stacking), it leverages both semantic
sequence information and statistical relationships. This
improves generalization across datasets. Skip-Gram
embeddings are integrated with KFRS to preserve
semantic context efficiently. Fine-grained semantic
relationships are retained while reducing dimensionality.
Both deep learning and traditional classifiers receive
high-quality input. Skip-Gram embeddings capture
semantic and contextual nuances, ensuring effective
integration with KFRS. For example, Xu et al.
demonstrated the potential of fuzzy logic for fake news
detection [16]. KFRS has also shown strong performance
in high-dimensional and multi-class problems, removing
irrelevant features while preserving discriminative ones
[17,18].

Recent studies have shown that combining traditional
machine learning models, such as Logistic Regression
(LR), Support Vector Machines (SVM), and XGBoost,
with deep learning architectures like LSTM and Bi-LSTM
can enhance fake news detection [19,20]. We evaluate our
approach on the LIAR, FakeNewsNet, and FakeEdited
datasets. Experimental results demonstrate significant
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improvements in Recall and Fl-score, highlighting the
model’s effectiveness as a reliable solution for automated
fake news detection.

The remainder of this paper is organized as follows.
Section 1 introduces the research problem, its
significance, implications, and motivation. Section 2
reviews related literature, connecting previous works to
the present study. Section 3 details data preprocessing and
feature extraction, followed by an in-depth discussion of
the proposed approach. Section 4 presents the
experimental design, dataset specifications, and key
results. Section 5 provides an analysis of the
computational complexity of the proposed approach.
Finally, Section 6 concludes the paper and suggests
directions for future research.

2. Related Works

In this section, we first provide an overview of machine
learning (ML) and deep learning (DL) techniques for fake
news detection. We then highlight recent hybrid and
ensemble approaches that combine these methods to
improve accuracy.

ML has been widely applied for fake news detection due
to its ability to classify text based on learned patterns.
Classical algorithms, such as Logistic Regression (LR),
Support Vector Machines (SVM), and XGBoost, have
shown promising results in early studies [21,22]. For
example, Mahlous et al. [23] used the TF-IDF technique
on Arabic texts to train ML classifiers for detecting
COVID-19-related fake news. Similarly, Azad et al. [24]
created a Kurdish fake news dataset, which allowed them
to train multiple models and achieve an accuracy of 0.88.
In another study, Dev et al. [25] analyzed COVID-19-
related fake news on Twitter. They combined SVM and
Random Forest (RF) classifiers to examine the content.
While effective, these methods often require manual
feature engineering, which is time-consuming and less
scalable for large datasets.

To overcome the limitations of traditional ML, deep
learning (DL) methods have been introduced. These
models, particularly deep neural networks, can
automatically extract features and learn complex patterns
from raw data. Alarfaj and Khan [20] evaluated several
DL architectures for fake news classification. Similarly,
Dutta et al. [26] proposed a DL-based model to classify
online articles.

More complex architectures have also been explored. Vo
and Phan [13] developed a hybrid model combining
Convolutional Neural Networks (CNN) and Recurrent
Neural Networks (RNN) for Vietnamese fake news
detection. A CNN-+BiLSTM model trained on the
CrisisLexT9 dataset achieved an average accuracy of 0.86
[27]. Furthermore, Almarashy et al. [28] used a Fast
Learning Network (FLN) combined with BERT and CNN
to enhance detection performance.

Recent studies focus on integrating multiple models to
improve prediction accuracy. Singh et al. [19]
implemented LSTM, Bi-LSTM, and CNN-BiLSTM
models using TensorFlow on datasets including ISOT, TI-
CNN, and GRFN. Their preprocessing included stopword
removal, stemming, and word vectorization.

In a more advanced approach, Almarashy et al. [29]
combined text and image features using BERT, ResNet-
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CBAM, and GRU. They then applied feature fusion and
dimensionality reduction with Auto-Encoders before final
classification via an FLN model.

Ensemble learning has gained attention for its ability to
combine multiple classifiers. Ahmad et al. [30] compared
various ML and ensemble methods, showing that
ensembles consistently outperformed individual models.
Lugman et al. [31] integrated NLP techniques with
ensemble learning, achieving 0.88 accuracy. Wynne and
Swe [32] proposed a framework combining five
classifiers to predict news authenticity.

Overall, the literature reveals diverse approaches for fake
news detection. Researchers have explored traditional
ML, advanced DL, and hybrid strategies. These efforts
aim to develop more accurate and scalable models to
combat misinformation on online platforms.

3. Proposed method

The aim of this study is to develop a novel approach for
accurately and efficiently distinguishing between fake and
real news. To achieve this, we developed a hybrid
framework that combines machine learning, deep
learning, natural language processing, and Kernel Fuzzy
Rough Set (KFRS) methods for effective fake news
classification and credibility assessment. Figure 1
presents an overview of the system’s operational
workflow, while this section details the proposed model.

3.1. Data Preprocessing

Raw textual data often contain superfluous expressions
and meaningless symbols, which must be addressed
before analysis [15]. In this study, several preprocessing
techniques are applied, including lowercasing,
punctuation removal, stop word elimination, tokenization,
stemming, and lemmatization [33,34,35]. These steps
reduce noise, enhance consistency, and simplify textual
data, ensuring that subsequent analyses and models are
accurate and efficient [36,37].

3.2. Feature extraction

The feature extraction process is crucial for converting
raw textual data into a format suitable for modeling. It
encodes text into numerical representations, such as
integers or floating-point values. This process enables the
creation of feature vectors that machine learning
algorithms can process effectively. In this study, six
primary textual features are extracted: the news content,
the topic, the speaker’s identity, the speaker’s job title, the
state or source of publication, and the political party
affiliation of the speaker. These features provide valuable
context for distinguishing between fake and real news.
To further enhance detection accuracy, two advanced
techniques—TF-IDF (Term Frequency-Inverse
Document Frequency) and Word2Vec—are applied. TF-
IDF measures the importance of words within a document
relative to their frequency across the corpus, helping to
identify distinguishing terms. Word2Vec, a neural
network-based model, captures semantic relationships by
mapping words into dense vector spaces. Together, these
techniques reveal underlying patterns and subtle cues,
improving the model’s ability to differentiate fake news
from credible sources [38].
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3.2.1. Word2Vec Embedding
Word2Vec is a powerful natural language processing
technique that transforms words into numerical vectors in
a continuous vector space. This embedding method
converts textual data into vector representations, which
can be used for tasks such as semantic similarity and
information  retrieval. Word2Vec includes two
algorithms: Continuous Bag of Words (CBOW) and Skip-
Gram [39,40].
3.2.2. TF-IDF
Inverse Document Frequency (IDF) is a statistical
technique in natural language processing (NLP) that
converts text into numerical values. It also measures the
relative importance of each word across a set of
documents. This method is especially useful for fake news
detection. It assesses a word's significance in a document
relative to its frequency in other documents of the corpus.
IDF is used together with Term Frequency (TF) to provide
a more accurate representation of a word’s relevance.
The TF-IDF score is calculated using the formula in
Equation (1) [38,41], which combines TF and IDF to
assign a numerical value representing a word's importance
in both the document and the overall corpus.
TF — IDF =TF * IDF €))
3.3. Proposed Method
The main contribution of this study is the integration of
the Kernel Fuzzy Rough Set (KFRS) framework with a
hybrid ensemble combining deep learning and traditional
machine learning classifiers. It is structured in three main
stages. The proposed hybrid framework processes data
through a structured pipeline. First, the raw textual data
undergoes preprocessing, including cleaning,
tokenization, stop-word removal, and normalization,
producing a list of meaningful tokens [15,30,34].
Techniques applied include lowercasing, punctuation
removal, stop word elimination, tokenization, stemming,
and lemmatization. The dataset is then split into training
and test and validation sets immediately after
preprocessing, before Word2Vec embedding and KFRS
feature selection, ensuring that the model learns
exclusively from training data and preventing information
leakage.
Next, each token is converted into a numerical
representation using Word2Vec embeddings with the
Skip-Gram approach and TF-IDF, generating a
[sequence length x 150] matrix for each document. Both
TF-IDF and pre-trained Word2Vec embeddings are
employed to construct numerical representations. TF-IDF
highlights term importance within a document relative to
the corpus. Word2Vec, on the other hand, captures
semantic relationships and word similarities. Initial
experiments comparing TF-IDF and Word2Vec indicated
that Word2Vec consistently produces more effective
embeddings, particularly in short, noisy, and sparse news
texts. The experimental results are presented in Table X.
All CNN-based architectures in the proposed framework
are trained exclusively on dense Word2Vec embeddings.
TF-IDF representations are used solely for baseline
evaluation and are not integrated into the deep learning

components.
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Figure 1. Overview of the proposed method
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We adopt the Skip-Gram model for constructing
embeddings. Skip-Gram embeddings were employed due
to their superior ability to capture local semantic
relationships in short and noisy texts typical of fake news.
GloVe, in contrast, relies on global co-occurrence
statistics, and FastText emphasizes subword-level
representations. Skip-Gram integrates efficiently with
KFRS-based feature selection. This helps retain
discriminative semantic features, reduce noise, and
maintain computational efficiency.

The short, sparse, and noisy nature of our dataset poses
challenges for conventional feature extraction methods
such as TF-IDF or Word2Vec, which can produce high-
dimensional vectors with irrelevant or noisy dimensions.
To reduce noise and preserve the most informative
features, Kernel Fuzzy Set (KFRS) feature selection is
used, which produces a refined and compact feature
matrix. Kernel Fuzzy Set (KFRS) is explicitly integrated
as a supervised feature selection and refinement step in
the proposed pipeline. After text preprocessing and
embedding generation (Word2Vec), the high-dimensional
feature vectors are provided as input to the KFRS module.
KFRS computes fuzzy similarity relationships between
samples using kernel functions and uses class label
information to estimate lower and upper approximations
of decision classes. Based on these approximations,
features are ranked based on their contribution to reducing
uncertainty and the boundary regions between fake and
real news classes. Only the most informative and
distinctive features are retained, while redundant and
noisy dimensions are removed. The refined feature matrix
produced by KFRS is then used as input for deep learning
models (CNN-LSTM and CNN-BiLSTM) and traditional
classifiers (SVM, PA, XGBoost). In this way, KFRS acts
as a critical middle layer that improves the quality of
features before classification, rather than as a standalone
preprocessing or post-processing analysis step.

To further assess the contribution of KFRS, we re-
executed the proposed hybrid framework without the
KFRS stage, using only Word2Vec embeddings for
feature representation. This ablation led to a clear
decrease in Recall and F1 scores, confirming that KFRS
plays a crucial role in enhancing robustness and
strengthening the discriminative power of the model. The
detailed results are presented in Table IX. All experiments
reported in Table IX were performed using 5-fold cross-
validation for evaluation. Collectively, these analyses
highlight the unique contribution of KFRS within the
pipeline and provide empirical justification for adopting
Skip-Gram embeddings as the primary representation
technique in the proposed model.

In both architectures, CNN-LSTM and CNN-BiLSTM,
the convolutional layers are applied before the recurrent
layers. These convolutional layers extract local contextual
and semantic features from the document embeddings.
The resulting feature maps are then fed into the LSTM or
Bidirectional LSTM layers, which capture long-term and
sequential dependencies. For both architectures, the
model input consists of document embeddings with a
dimension of [260 x 150], generated using the Skip-Gram
Word2Vec model. The convolutional block includes two
consecutive 1D convolutional layers, each with 128 filters
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and a kernel size of 3. The first convolutional layer uses
ReLU activation, and the second uses Sigmoid activation.
A dropout layer (rate = 0.4) is applied after the
convolutional block to prevent overfitting and enhance
generalization.

In the CNN-LSTM configuration, the feature maps
produced by the convolutional block are sequentially
processed by two LSTM layers with 128 and 64 hidden
units, respectively. The first LSTM layer uses a ReLU
activation, and the second uses a Sigmoid activation. The
output of the last recurrent layer is then passed through a
Global Max Pooling layer, followed by two Dense layers
(with 50 and 1 neurons, respectively) for final
classification. The model is trained using the Adam
optimizer, with 10 epochs and a batch size of 128.

In the CNN-BIiLSTM configuration, the same
convolutional block is followed by two Bidirectional
LSTM layers. The first BILSTM layer outputs [None,
260, 256], and the second produces [None, 128],
indicating the merged forward and backward activations.
Both layers use ReLU and Sigmoid activations for the
first and second layers, respectively. Similar to the LSTM
model, the outputs are passed through a Global Max
Pooling layer and Dense output layers for binary
classification. The BiLSTM model is trained using the
Adam optimizer, with 10 epochs and a batch size of 64.
In contrast, traditional machine learning classifiers such
as SVM, Passive-Aggressive (PA), and XGBoost operate
directly on the refined features obtained from KFRS.
These models do not require convolutional or recurrent
layers, and they learn patterns solely from the compressed
feature matrix, allowing efficient and effective
classification without sequential modeling.

A two-stage ensemble strategy is then applied. In the first
stage, Soft Voting aggregates predictions from all
classifiers. In the second stage, Stacking combines these
aggregated predictions. Stacking learns optimal weights
to correct residual errors, improving overall accuracy and
generalization.

The two-stage ensemble—Soft Voting followed by
Stacking—leverages complementary  strengths  of
sequence-based (LSTM/Bi-LSTM) and traditional
classifiers (SVM, XGBoost, PA). Soft Voting mitigates
individual classifier biases, while Stacking learns from
residual errors. This results in improved robustness across
datasets with varying distributions.

The combination of preprocessing, embedding, KFRS-
based feature refinement, and two-stage ensemble
learning produces a robust, scalable, and generalizable
framework. The model effectively handles noisy, sparse,
and short news texts. Cross-dataset evaluation
demonstrates consistent performance across LIAR,
FakeNewsNet, and FakeEdited. Low variance in
Accuracy, Recall, and F1 across these datasets confirms
the framework’s stability and its ability to capture the
underlying patterns of fake news beyond dataset-specific
characteristics. Overall, this integrated approach ensures
accurate classification of news as fake or non-fake, while
maximizing robustness and discriminative power. The
experimental results are presented in Table V.
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3.3.1. KFRS Integration for Feature Improvement

To enhance the robustness and generalization of the
proposed hybrid model for fake news detection, a feature
evaluation mechanism based on the Kernel Fuzzy Rough
Set (KFRS) is integrated into the pipeline. Kernel Fuzzy
Rough Set (KFRS) is employed for feature selection due
to its ability to handle uncertainty, vagueness, and
overlapping class boundaries in high-dimensional spaces.
Unlike conventional methods such as Chi-square, mutual
information, RFE, and PCA, KFRS leverages class labels
and fuzzy similarity relations to select discriminative,
noise-robust features. This is especially useful for fake
news detection, where features are sparse and noisy,
helping retain the most informative and relevant ones for
the hybrid framework. Let x; and x; be two vectorized
samples from Word2Vec or TF-IDF. Suppose U is a finite
set of samples. x; € U represented by a vector x;; +
Xip + ++ + Xjn € R™. Therefore, U can be considered as a
subset of R™. According to equation (2), the fuzzy
similarity between two samples is computed with

. . 2, . .
Gaussian kernel function, where ||xi —X; || the input is the
Euclidean distance between the samples:

k(x,,x,) = exp(—||x,. —x, "2 /2 52) (2)

This kernel matrix defines a fuzzy T-equivalence relation
that satisfies reflexivity, symmetry, and Tcos-transitivity.
As shown in Equations (3) and (4), the fuzzy lower
approximation of a set X is first computed, capturing the
elements that definitely belong to the concept under
consideration. ~ Subsequently, the fuzzy  upper
approximation is derived to include elements that possibly
belong to the concept.

R X (x) = inf max(l - R(x, ) X (1)) A3)

R, X (x) =supmin(R(x, y) X ()

et “4)
Here, max and min are used as the fuzzy upper and lower
approximation operators, respectively. The boundary
region, computed as the difference between upper and
lower approximations, represents the degree of
uncertainty surrounding each feature. Features that
contribute to a smaller boundary region are considered
more significant and are selected for subsequent
classification.

3.3.2. Combining predictions with the Stacking
algorithm

The predictions generated by the five base classifiers were
combined using the Stacking algorithm and Soft voting .
This process creates a new dataset, which serves as input
for the final classifier. The final classifier is selected based
on the evaluation of the outputs from the machine learning
(ML) and deep learning (DL) models used in the previous
step. This approach ensures optimal accuracy and system
performance by leveraging the predictive strengths of all
the classifiers. Prior to generating the final prediction, the
parameters and variables of the classifiers are
meticulously tuned. The pseudocode for this process is
provided in Algorithm L.
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3.3.3. structure of the proposed model
The overall architecture operates in two stages. In the first
stage, the CNN-LSTM and CNN-BiLSTM
configurations extract high-level contextual features, and
the corresponding mathematical formulations are
presented in the following section. In the second stage,
KFRS-refined features are directly classified using
traditional machine learning algorithms, eliminating the
need for convolutional processing. To facilitate
understanding, an illustrative example is provided.
Consider a news document written in English containing
D words. This document serves as the initial input to the
proposed architecture. According to Equation (5), the
input text is first represented as a series of word vectors
using embedding techniques.
Xip =X, X+ +xp %)
Algorithm 1. Pseudocode for stacking classifier
Stack predictions with dataset
Input: prediction of all base classifiers
Output: stacked train and test data

1 stacked X train = np.hstack((X_train,
svm_train_valid_predictions.reshape((-1, 1)),
xgb train_valid predictions.reshape((-1, 1)),
Istm_train_valid predictions.reshape((-1, 1)),
bilstm_train_predictions.reshape((-1, 1)),
pa_train_valid predictions.reshape((-1, 1))))

2 stacked X test = np.hstack((X test,
svm_predictions.reshape((-1, 1)),
xgb_predictions.reshape((-1, 1)),
Istm_predictions.reshape((-1, 1)),
bilstm_predictions.reshape((-1, 1)),
pa_predictions.reshape((-1, 1))))

In equation (5), i represents the position of the word, as
well as the dimensions and length of the word vector. In
equation (6), x € RY*4 is an input which x; € R® refers
to a word in the news document x. In the CNN-LSTM
and CNN-BiLSTM configurations, sequences of
consecutive word embeddings are combined and passed
into the convolutional layer. In the convolutional layer,
n € R*¥*? is the vector, and the kernel f represents the
operation performed by the convolutional layer. In this
layer, the kernel f, which is a sigmoid function, moves
across the words, analyzing them from (] +k— 1) and
extracts local features of the text.

(6)

w; = [xi + Xi+]'+... +x]'+k_1]

¢ = fW.Xi4pn-1 + b) (7

In equation (6), k represents the length of the kernel,
whereas in equation (7), the terms b € R and ¢ € R""+1
denote the element-wise product of mathematical
operations. All features extracted from w; are mapped to
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the features of ¢, and the value of c is calculated based on
formula (8):
c= [Cl' C2) ey Cn—h+1] (8)
Equation (8) aggregates all the feature maps generated in
the previous step into a unified representation vector and
preserving important local dependencies identified by the
convolution filters. After the convolution operation, Max
Pooling is applied to retain the most informative features
while reducing dimensionality. This results in a compact
feature vector that captures the most salient local patterns
in the text. Moreover, Max Pooling mitigates noise and
overfitting by preserving only the strongest activation ,
which are mathematically defined in equation (9).
¢ =max{c;,cz,...,Cn_,, .} )

After obtaining the final feature vector from the CNN and
Max Pooling layers, sequential modeling is performed
using LSTM and Bi-LSTM to capture temporal
dependencies and contextual relationships that CNN
alone cannot model. Let c"\prime denote the feature
vector extracted from CNN (Max Pooling output), which
serves as input to the LSTM layer. The LSTM employs
gating mechanisms to control the flow of information over
time. It combines the current input with the previous
hidden state through three fully connected layers. Each
layer uses a sigmoid activation function to form one of the
gates: input, forget, or output. The outputs of these gates
are constrained within the range [0,1], regulating how
much information is stored, forgotten, or passed to the
next step. Additionally, a tanh-activated node generates
the candidate cell state, allowing the network to
selectively retain and propagate relevant information over
time. Numerically, for a hidden unit "h", a time step "n",
and an input "g", the gates at time t are computed
according to Equations (10), (11) and (12).

Input Gate =1, = 0 (x; * Wy; + he_q * Wy; + by) (10)
Output Gate=0, = 0 (x; * Wy + he_q * Wy, + b,)  (11)
Forget Gate = F; = 0 (x; * Wy + heoq * Wyp + b)) (12)

Where b;, b,, by € R™" are biases and W,;, Wy, W,y €
R and Wy;, Wi, Wys € R™" are weights.

The LSTM layer captures the sequential patterns of
feature vectors extracted by the CNN, effectively
modeling contextual dependencies across the document.
To further enhance this representation, a Bidirectional
LSTM (Bi-LSTM) layer is employed, enabling the model
to process the sequence in both forward and backward
directions. This bidirectional structure produces hidden
states that integrate information from both preceding and
succeeding tokens, leading to a more comprehensive
contextual understanding. The final output y is derived by
combining the representations from both directions. The
governing equations for the Bi-LSTM are defined as
follows:

Hy =f Uy *x; + Wy = hy_q) (13)
Hyp =f Uy *x; + Wy * hi_y) (14)
yi =0 (V *[hy * hiz)]) (15)
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In this context [h;; * h;,] represents the hidden state at
time step within the forward LSTM layer, and f denotes
the activation function, such as ReL U or tanh, applied to
the weighted sums. U; and U, are the weight matrices
connecting the input to the hidden units in the forward
LSTM, while W; and W, correspond to the hidden-to-
hidden connection weights. V is the weight matrix used to
map the concatenated hidden states from both the forward
and backward LSTM layers. Finally, the output from the
Bi-LSTM layer is fed into a dense layer followed by a
Sigmoid activation to produce the final probability
distribution over the classes (fake or real news):

. exp(vij (16)
P(ilt; ) = n#

Zk=1 exp (y"])
The resulting P(i|t;®) represents the predicted

probability used for the final classification This
combination allows the model to capture both local
features and contextual dependencies within the text. As
a result, the system effectively learns semantic patterns
and temporal relationships that are essential for accurate
fake news detection. This step classifies the news
document as either fake or real based on the combined
local and sequential features extracted by the model.
Table I illustrates the layered architecture of the proposed
model, including the values for both the input and output
layers.

3.4. Real-World Applications and Deployment Scenarios
The proposed hybrid fake news detection framework is
designed for practical deployment. It can assist human
reviewers in fact-checking platforms by prioritizing
potentially misleading content, reducing manual
workload while keeping critical decisions under human
supervision. It can also be integrated into social media
moderation systems, flagging suspicious news early. Its
modular pipeline—preprocessing, embedding generation,
KFRS-based feature refinement, and classification—
allows easy integration with existing infrastructures.
KFRS-based feature selection improves computational
efficiency by reducing redundancy and noise, making the
system suitable for large-scale streaming data on cloud or
on-premise platforms.

4. Experimental results

This section discusses the key aspects involved in the
construction and evaluation of the ensemble classifier,
which results from combining machine learning (ML) and
deep learning (DL) classifiers, with the goal of classifying
news as either fake or real.

4.1. Data sets

In this study, three benchmark datasets were employed to
evaluate the performance of the proposed hybrid model.
Each dataset was divided into three subsets: 60% for
training, 20% for validation, and 20% for testing. The
specific data split configuration is summarized in Table
II.

The LIAR dataset, introduced by Wang [42], consists of
12,836 short statements accompanied by six associated
metadata features, specifically curated for the task of fake
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news detection. It has been publicly available since
January 20, 2022. The dataset includes news statements
collected from various sources such as TV
advertisements, Facebook posts, Twitter feeds,
interviews, and political debates. These diverse origins
provide a broad representation of online and media-based
misinformation. Each statement in the dataset is manually
annotated as either fake or real. The FakeNewsNet
dataset, developed by Shu et al. contains 15,500 posts
from 32 pages (14 related to conspiracy theories and 18
scientific pages), accumulating over 23,000 likes. It
includes news content, social context, and temporal-
spatial information, designed for fake news studies on
social media. For this study, the textual content and labels
were used for binary classification.

The FakeEdited dataset, introduced by Nakamura et al. is
a multimodal dataset containing over 1 million fake news
samples across various categories. It includes text,
images, metadata, and comments, specifically designed
for high-accuracy fake news detection.
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Table II. the number of samples in the LIAR dataset

Dataset Name Number of
Instances
Train 10,240
Validation 1,284
LIAR Test 1,267
Total 12,791
Train 918,13
FakeNewsNet Validation 639,4
Test 639,4
Total 23,196
Train 637,864
FakeEdited Validation 212,621
Test 212,621
Total 1,063,106

Table I. Layered LSTM & BILSTM architecture

Table I11. Parameter setting

Hyper Parameter Tuning ML & DL

Models 2 class 6 class

Algorithm Layer (type) Output Shape
LSTM Embeddings (None, 260, 150)
(Embedding)
Istm_layerl (None, 260, 128)
(LSTM)
Istm_layer2 (None, 260, 64)
(LSTM)
(GlobalMax-Pooling1D) (None, 64)
dense 2 (Dense) (None, 50)
dense 3 (Dense) (None, 1)
BILSTM Embeddings (None, 260, 150)
(Embedding)
Bidirectional (None, 260, 256)
(Bidirectional)

Bidirectional 1
(Bidirectional)

(None, 128)

4.2. Parameter Setting

Parameter tuning is crucial for controlling model behavior
and preventing overfitting. In this study, the Grid Search
technique was employed to determine the optimal
parameter values and improve system performance. Grid
Search performs an exhaustive search over the predefined
parameter space to identify the best combination for each
variable. The algorithm evaluates all possible
combinations of the selected values on the preprocessed
data, selecting the configuration that yields the highest
model performance. The parameters tuned in this study
are summarized in Table III.
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SVM CcC=10
Gamma = scale

Kernel = sigmoid

XGBOOST Max depth =20

Min child weight = 1

Eta=0.0
Subsample = 0.2

colsample bytree =

0.2

PA Iteration =100
C=0.1

LST™

Kernel = poly
decision-
Function = ovr

Multi_softmax

Activation Function_layer] = Relu

Activation Function_layer2 =

Sigmoid
Optimizer = Adam
Epoch =10

Batch size = 128
Dropout = 0.4

BILSTM

Activation Function_layer]l = Relu

Activation Function_layer2 =

Sigmoid
Optimizer = Adam
Epoch =10

Batch size = 64
Dropout = 0.4
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4.3. Reducing Classes

The dataset originally contains six news categories: False
(completely false), Barely-true (barely true), Half-true
(half true), Mostly-true (mostly true), True (completely
true), and Pants-on-fire (completely false). Experiments
were conducted in two phases: first, using all six classes,
and second, consolidating the dataset into two classes to
simplify the problem and enhance performance.

To reduce complexity, the Half-true class was removed,
as its ambiguous nature could increase error rates.
Subsequently, the True and Mostly-true classes were
grouped as real news, while the False, Barely-true, and
Pants-on-fire classes were grouped as fake news.

4.4. Evaluation of metrics

The proposed method was implemented in a Windows
operating system environment using the Python
programming language and Jupyter Notebook software.
To evaluate the performance and accuracy of the proposed
method, four standard metrics Accuracy, Recall,
Precision, and F1-Score were utilized. These metrics are
commonly used to assess the effectiveness of
classification systems: TP (True Positive) — fake news
correctly classified as fake; TN (True Negative) — real
news correctly classified as real; FP (False Positive) —
fake news incorrectly classified as real; and FN (False
Negative) — real news incorrectly classified as fake. The
formulas for calculating the aforementioned metrics are as
follows (Equations 17 to 20):

TP (17)
procision — TP
recision TP n FP
TP (18)
Recall = ——
et = TP L FN
.\ _ TP + TN (19)
CoUracY = TP Y TN + FP + FN
prec X recall (20)

Fl—score =2 X ——
prec + recall

The results of each classification algorithm, including
performance on both training and validation sets with k-
Fold = 5, are summarized in Table IV. To provide a
detailed assessment of the final classifiers, the Confusion
Matrix is presented for each dataset. Figure 2 illustrates
the number of correctly and incorrectly classified
instances across all datasets, offering a precise and
comprehensive evaluation of model accuracy and
robustness.

In table VI for LIAR dataset and the SVM classifier, the
parameter C, which controls the model’s regularization
and allowable error margin, was tested with values of 1,
5, and 10. Grid Search identified C = 10 as optimal. The
gamma parameter was evaluated using the options scale
and auto, with scale selected to prevent excessive
sensitivity to the features. A sigmoid kernel was
employed. Using 5-Fold Cross-Validation, the SVM
achieved an overall accuracy of 0.77.
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For the Passive-Aggressive (PA) algorithm, after tuning,
C was set to 0.1 and the number of epochs to 100. The
model obtained a maximum 5-Fold Precision of 0.82 (see
Table IV).

The XGBoost classifier, a gradient-boosted decision tree
algorithm, was optimized by adjusting key parameters.
The subsample and colsample bytree were set to 0.2,
max_depth to 20, and the learning rate (eta) to 0.01 based
on performance evaluation. The classifier achieved a
maximum Recall of 0.87 and a minimum Precision of
0.73, as summarized in Table I'V.

Table IV. Results in 2-class — LIAR 5-fold

Algorithms | F1 Recall | Precision | Accuracy
SVM 0.73 ] 0.73 0.73 0.77
PA 0.75 ] 0.72 0.82 0.78
XGBOOST | 0.85 | 0.87 0.73 0.82
LSTM 0.83 | 0.86 0.75 0.76
BI-LSTM | 0.80 | 0.84 0.69 0.75
Results in 2-class — FakeNewsNet 5-fold
Algorithms | F1 Recall | Precision | Accuracy
SVM 0.80 | 0.80 0.81 0.83
PA 0.82 | 0.81 0.88 0.85
XGBOOST | 092 | 0.93 0.89 0.91
LSTM 0.89 | 091 0.89 0.91
BI-LSTM | 0.87 | 0.90 0.78 0.82
Results in 2-class — FakeEdited 5-fold
Algorithms | F1 Recall | Precision | Accuracy
SVM 0.79 | 0.77 0.80 0.80
PA 0.78 | 0.78 0.85 0.83
LSTM 0.90 | 0.89 0.88 0.89
BI-LSTM | 0.88 | 0.88 0.77 0.80

The proposed LSTM model consists of six layers (Table
I). The Embedding layer converts words into numerical
vectors using Word2Vec, with an input length of 260 and
a vector dimension of 150. Two LSTM layers, with 128
and 64 neurons respectively, capture sequential
dependencies in the data. A GlobalMaxPoollD layer
reduces feature dimensionality, followed by fully
connected Dense layers with ReLU and Sigmoid
activations for binary classification. The model was
trained using the Adam optimizer with binary cross-
entropy loss, 10 epochs, a batch size of 128, and a Dropout
of 0.4 to prevent overfitting. This LSTM network
achieved an average Recall of 0.86.

The Bi-LSTM classifier was implemented as a five-layer
network, as detailed in Algorithm 1. The Embedding layer
converts words into numerical vectors, with an input
length of 260, a vector dimension of 150, and a
vocabulary size of 8,636. Two subsequent LSTM layers,
containing 128 and 64 neurons respectively, capture
semantic relationships and key features from the data. The
final Dense layers employ ReLU and Sigmoid activation
functions. The model was trained for 10 epochs with a
batch size of 64.

As reported in Table IV, the Bi-LSTM achieved an
average Recall of 0.84. Among the base classifiers,
XGBoost demonstrated the best performance. The final
XGBoost model was constructed using Stacking, which
takes the outputs of five base classifiers along with the
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original training data as input, thereby integrating
previous predictions into the training process.

After hyperparameter tuning, the learning rate was set to
0.01, while the maximum tree depth, row subsample, and

column subsample were set to 2, 0.2, and 0.8, respectively.

The Confusion Matrix of the final classifier is shown in
Figure 2, indicating that 183 fraudulent and 399 non-
fraudulent samples were correctly classified, whereas 370
fraudulent and 50 non-fraudulent samples were
misclassified.

Figure 3 presents the evaluation results of each classifier
based on the selected performance metrics. Among the
models, the Passive-Aggressive (PA) classifier achieved
the highest Precision, whereas the Bi-LSTM exhibited the
lowest Accuracy. In terms of Recall and F-Score, the
XGBoost algorithm outperformed all other classifiers.
Within the deep learning models, LSTM demonstrated
superior performance compared to Bi-LSTM. As
summarized in Table IV, XGBoost achieved the best
overall results among all tested classifiers and was
therefore selected as the final model.

The proposed model was further evaluated under two
scenarios: binary classification (two classes) and multi-
class classification (six classes), to assess its robustness
and generalizability across different classification
settings.

For a fair comparison, the methods in [19], [31], and [27]
were re-implemented and evaluated on the LIAR,
FakeNewsNet, and FakeEdited datasets under identical
conditions. Due to limited access to the original datasets,
their models could not be assessed on the original data.
Hence, all methods, including the proposed hybrid model,
were tested using the same training, validation, and testing
splits. The comparative results are summarized in Table
V. As shown, the proposed model outperforms the others
across all metrics. These gains are attributed to advanced
preprocessing, optimized feature extraction, and the
ensemble-based design. Evaluating all methods under the
same conditions ensures a fair comparison and accurately
reflects the effectiveness of the proposed approach.

For the LIAR dataset, the system achieved an Accuracy
of 0.88, an F1-score of 0.90, a Precision of 0.88, and a
Recall 0f 0.89. As shown in Table VI, the highest average
value is attributed to the XGBoost classification
algorithm. For the FakeNewsNet dataset, the proposed
method achieved an Accuracy of 0.91, a Precision of 0.90,
a Recall of 0.92, and an F1-score of 0.92, demonstrating
strong performance across this dataset. For the
FakeEdited dataset, the proposed method achieved better
performance, with a Recall of 0.95, an F1-score 0f 0.94, a
Precision of 0.93, and an Accuracy of 0.93. These results
indicate that the system effectively handles this dataset,
outperforming the other classifiers. Moreover, the
evaluation metrics for each classifier on the six-class data
are presented in Table VI.

The decrease in performance in the six-class setting can
be explained by several data-related factors. First, some
LIAR classes (e.g., True, Mostly True, Half True) have
overlapping meanings, which makes distinguishing them
challenging even for humans. Second, there is a class
imbalance problem, as categories like Pants-on-Fire
contain far fewer samples than others. Moreover, the short
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and noisy nature of LIAR statements limits the available
contextual information, making fine-grained
classification inherently difficult. In contrast, the
proposed model maintains strong and stable performance
on the binary classification tasks of FakeNewsNet and
FakeEdited, suggesting that the observed decline in six-
class performance is mainly due to dataset characteristics
rather than model weakness.

Table V. Final results with test data with 2 classes 5-fold

[31] F1 | Recall | Precision | Accuracy
LIAR 0.85 | 0.85 0.87 0.86
FakeNewsNet | 0.87 | 0.87 0.86 0.986
FakeEdited 0.88 | 0.88 0.89 0.87
Std 0.005 | 0.005 0.005 0.005
[27] F1 Recall | Precision | Accuracy
LIAR 0.83 | 0.84 0.82 0.83
FakeNewsNet | 0.89 | 0.90 0.89 0.90
FakeEdited 0.91 0.92 0.90 0.90
Std 0.003 | 0.003 0.003 0.003
[19] F1 Recall | Precision | Accuracy
LIAR 0.86 | 0.87 0.85 0.85
FakeNewsNet | 0.88 0.88 0.86 0.87
FakeEdited 0.90 | 0.90 0.89 0.89
Std 0.003 | 0.003 0.003 0.003
P;(th)l?(s)fid F1 Recall | Precision | Accuracy
LIAR 090 | 0.89 0.88 0.88
FakeNewsNet | 0.92 | 0.92 0.90 0.91
FakeEdited 094 | 0.95 0.93 0.93
Std 0.004 | 0.004 0.004 0.004

Table VI. Final results with test data with 6 classes

Algorithms | F1 | Recall | Precision | Accuracy
SVM 0.86 | 0.86 0.84 0.85
PA 0.86 | 0.85 0.87 0.88
XGBOOST | 0.88 | 0.86 0.86 0.88
LSTM 0.87 | 0.87 0.85 0.86
BI-LSTM | 0.87 | 0.87 0.85 0.86
To  thoroughly evaluate the robustness and

generalizability of our proposed hybrid model, we
evaluated its performance on the hold-out test set of each
dataset, ensuring assessment on completely unseen data.
Table VII presents the mean of Accuracy, Precision,
Recall, and F1-score across the CV folds, along with the
results on the hold-out test sets. For example, on the hold-
out test set of FakeNewsNet, the F1-score was 0.90, and
the Recall was 0.91. The low standard deviation across
CV folds indicates stable performance, while the hold-out
results confirm strong generalization across datasets.
These findings demonstrate that, although the initial
training performance suggested potential overfitting, the
final reported results are reliable. The combination of
cross-validation, hold-out evaluation, and testing on
multiple datasets confirms that the model’s performance
is robust and stable. In other words, the extremely high F1
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and Recall scores reported for LIAR are not artifacts of
overfitting. They reflect the model’s true ability to
effectively detect fake news in real-world scenarios.

Table VII. Results Hold-out with 2 classes 5-fold

Dataset Metric mean Hold-out
Accuracy | 0.88 0.86
Precision | 0.88 0.87
LIAR Recall | 0.89 0.88
F1-score 0.90 0.88
Accuracy | 0.91 0.90
Precision | 0.90 0.89
FakeNewsNet /ool | 0.92 0.91
F1-score 0.92 0.90
Accuracy | 0.93 0.92
. Precision | 0.93 0.91
FakeBdited  Fpecal 1095 0.92
F1-score 0.94 0.92

Table VIII. Results BERT and RoBER with 2 classes 5-fold

F1 Recall | Precision | Accuracy
Proposed method
LIAR 0.90 | 0.89 0.88 0.88
FakeNewsNet | 0.92 | 0.92 0.90 0.91
FakeEdited 0.94 | 0.95 0.93 0.93
BERT
LIAR 0.86 | 0.85 0.84 0.84
FakeNewsNet | 0.88 | 0.88 0.90 0.89
FakeEdited 0.91 | 0.92 0.90 0.90
RoBER
LIAR 0.88 | 0.88 0.86 0.87
FakeNewsNet | 0.89 | 0.90 0.89 0.90
FakeEdited 0.92 | 0.91 0.90 0.90

Table IX. Results With KFRS and Without KFRS

Proposed Accuracy | Precision | Recall | F1
method
With KFRS

LIAR 0.88 0.88 0.89 1 0.90

FakeNewsNet 0.91 0.90 0.92 | 0.92

FakeEdited 0.93 0.93 0.95 | 0.94

Without KFRS

LIAR 0.84 0.84 0.86 | 0.86

FakeNewsNet 0.88 0.87 0.90 | 0.88

FakeEdited 0.89 0.89 090 | 091

To evaluate the balance between model complexity and
predictive performance, we conducted a set of
experiments comparing the proposed ensemble model
with simpler baseline approaches. we compared the
proposed ensemble model with simpler architectures such
as BERT and RoBERTa (see Table VIII). All models
were trained and tested on the same dataset using identical
preprocessing steps to ensure fairness. The evaluation
metrics included Accuracy and F1-Score, while training
and inference times were also recorded to assess
computational cost. The results demonstrate that, despite
requiring more computation, the ensemble consistently
outperforms other models in terms of accuracy and
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robustness across all datasets, thereby justifying its added
complexity.

ESVM mPA XGBOOST BI-LSTM m LSTM

0.8

0 || | || | || | || |

Accuracy Precision

0

[e)]

0

S

0

N

Recall F-Score

Figure 3. Comparison of evaluation criteria of basic
classifiers

confusion Matrix XGboost

183 370

True

50

399

Figure 2. Final XGBoost classifier confusion matrix

Table X. Results Word2Vec -LIAR

Accuracy 0.75

Precision 0.77

SVM Recall 0.82
F-Score 0.86

Accuracy 0.76

Precision 0.75

XGBoost Recall 0.90
F-Score 0.91

Accuracy 0.74

Precision 0.78

PA Recall 0.76
F-Score 0.72

Accuracy 0.79

Precision 0.78

LSTM Recall 0.96
F-Score 0.82

Accuracy 0.76

BILSTM Precision 0.71
Recall 0.89

F-Score 0.82
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Table X. Results TTF-IDF-LIAR

Accuracy 0.73

Precision 0.72

SVM Recall 0.82
F-Score 0.73

Accuracy 0.61

Precision 0.69

XGBoost Recall 0.70
F-Score 0.73

Accuracy 0.70

Precision 0.70

PA Recall 0.86
F-Score 0.72

Accuracy 0.76

Precision 0.65

LSTM Recall 0.85
F-Score 0.79

Accuracy 0.64

BiLSTM Precision 0.61
Recall 0.75

F-Score 0.60

5. Computational complexity

The computational complexity of the proposed hybrid
model primarily arises from the integration of multiple
feature extraction methods, namely TF-IDF and
Word2Vec, along with several classifiers. Computing TF-
IDF for a corpus of Ndocuments with a vocabulary size
of Vhas a complexity of O(N X V). For Word2Vec using
the Skip-Gram model, the per-epoch complexity is
O(EXTxdxlog(V)), where E is the number of
training epochs, Tis the total number of words, dis the
embedding dimension, and V represents the vocabulary
size. Sequence modeling with LSTM or Bi-LSTM layers
incurs a computational cost per sample of O(T X d X h +
h?), with T being the sequence length, d the input feature
dimension, and hthe number of hidden units. The stacking
classifier adds further complexity depending on the
number and type of base classifiers; however, this cost can
be mitigated through parallel computation. Overall, while
the  hybrid architecture  introduces  moderate
computational overhead, the use of KFRS-based feature
selection and parallelized training ensures that the model
maintains high accuracy and robustness without imposing
prohibitive time or hardware requirements. Despite its
computational complexity, the method exhibits strong
performance and consistent stability across the three
datasets.

6. Conclusion

In this study, the implementation and evaluation of the
proposed model for fake news detection were thoroughly
investigated using the LIAR, FakeEdited, and
FakeNewsNet datasets. The process began with data
preprocessing, which included data cleaning and labeling,
stopword removal, and performing layering and
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vectorization. To simplify the classification task, the
number of classes in the dataset was reduced from six to
two. However, experiments were also conducted using the
original six-class configuration to evaluate the model’s
performance in more complex conditions.

In addition to the raw news text, several text-based
features were included in the data to identify more
accurate patterns. To build the model, a combination of
machine learning models—Support Vector Machine
(SVM), Passive Aggressive (PA), and XG-Boost—and
deep learning models such as Long Short-Term Memory
(LSTM) and Bi-LSTM (Bi-LSTM) were employed. The
final prediction was generated using a soft voting group
approach. In the two-class classification scenario, the
model achieved an F1 score of 0.90 and an accuracy of
0.88, indicating its strong ability to distinguish fake news
from real news.

After that, a clustering approach was applied to combine
the outputs of the base classifiers with the original input
features. The resulting dataset was then used to train the
final classifier implemented using the XG-Boost model.
To ensure the robustness of the findings, several other
learning models were trained and evaluated on the
preprocessed LIAR dataset. Their performance was
compared using standard evaluation metrics, including
precision, accuracy, recall, and F1 score. A comparison
between the results of this study and those reported in
previous works [19], [27], and [31] shows that the
proposed model achieves superior performance. This
improvement can be attributed to several factors,
including the use of additional features, the reduction in
the number of output classes, and the integration of
diverse classification models. In the two-class
classification setting, the model showed excellent recall
and effectively identified fake news samples, although
there is still room for improvement in accuracy. The
observed performance degradation in the six-class
classification can be explained by the increased data
complexity and feature overlap between classes.
Moreover, this study integrated the Kernel Fuzzy Rough
Set (KFRS) method to enhance feature selection and
improve classification accuracy. The inclusion of KFRS
enabled more effective handling of uncertainty and
vagueness in the data, resulting in greater model
robustness and performance compared to conventional
feature selection techniques. This approach was
particularly beneficial for reducing dimensionality while
preserving essential discriminative information, thereby
supporting more accurate fake news detection.
The evaluation conducted on real-world datasets further
demonstrated the model’s strong performance and its
ability to deliver consistent and reliable results.
For future work, we plan to incorporate user behavior
patterns into automated fake news detection systems and
develop an online framework capable of providing
flexible and real-time predictions. Additionally, we aim to
combine N-Gram-based data representation with both
Word2Vec and TF-IDF techniques to further enhance
feature extraction.

The proposed hybrid framework for fake news detection
offers several potential real-world applications. It can be
integrated into online news platforms and media outlets to
automatically flag or filter misleading content, thereby
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reducing the spread of misinformation. Social media
platforms such as Twitter and Facebook can deploy the
model in real time to assess the credibility of posts and
alerts. The framework can also be used offline for
analytical purposes, including trend monitoring and
historical news analysis [43] The model demonstrates
high precision, recall, and Fl-scores, particularly in
detecting short and noisy news items, which makes it
suitable for real-time evaluation. However, for long and
complex articles, additional tuning or hierarchical feature
extraction may be required to maintain optimal
performance. From both social and commercial
perspectives, this framework can enhance public trust in
media, assist companies in monitoring user-generated
content, and support government and non-government
organizations in mitigating misinformation campaigns. Its
adaptability to multiple datasets—LIAR, FakeNewsNet,
and FakeEdited —further confirms its strong
generalizability, making it suitable for deployment across
diverse domains and languages [44].
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