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ABSTRACT: With the increasing growth of online news, fake electronic news detection has become one of the most
important paradigms of modern research. Traditional electronic news detection techniques are generally based on
contextual understanding, sequential dependencies, and/or data imbalance. This makes distinction between genuine
and fabricated news a challenging task. To address this problem, we propose a novel hybrid architecture, T5-SA-LSTM,
which synergistically integrates the T5 Transformer for semantically rich contextual embedding with the Self-Attention-
enhanced (SA) Long Short-Term Memory (LSTM). The LSTM is trained using the Adam optimizer, which provides
faster and more stable convergence compared to the Stochastic Gradient Descend (SGD) and Root Mean Square
Propagation (RMSProp). The WELFake and FakeNewsPrediction datasets are used, which consist of labeled news
articles having fake and real news samples. Tokenization and Synthetic Minority Over-sampling Technique (SMOTE)
methods are used for data preprocessing to ensure linguistic normalization and class imbalance. The incorporation
of the Self-Attention (SA) mechanism enables the model to highlight critical words and phrases, thereby enhancing
predictive accuracy. The proposed model is evaluated using accuracy, precision, recall (sensitivity), and Fl-score
as performance metrics. The model achieved 99% accuracy on the WELFake dataset and 96.5% accuracy on the
FakeNewsPrediction dataset. It outperformed the competitive schemes such as T5-SA-LSTM (RMSProp), T5-SA-LSTM
(SGD) and some other models.

KEYWORDS: Fake news detection; tokenization; SMOTE; text-to-text transfer transformer (T5); long short-term
memory (LSTM); self-attention mechanism (SA); T5-SA-LSTM; WELFake dataset; FakeNewsPrediction dataset

1 Introduction

The increasing growth of digital media platforms has changed the information-sharing paradigm,
allowing news to immediately reach to global audience. It has also facilitated the widespread dissemination
of fake news that are presented as real news [1,2]. False news has the ability to shift public opinion, influence
election outcomes, incite violence and create mistrust in legitimate news sources [3,4]. These challenges stem
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from the growing use of malicious tools, highlighting the urgent need for reliable and trustworthy methods
to globally detect fake news [5-7].

Fake news detection is a cumbersome problem and can be approached from the perspective of text
analysis, as one of the strategies. The use of multimodal data, such as images, videos and user metadata has
shown promising results in enhancing detection performance of fake news [8]. Additionally, social contexts,
such as propagation patterns and user engagement, help differentiate fake news from real content. Therefore,
an effective fake news detection system should include comprehensive frameworks that integrate diverse data
and contextual information [9,10].

An enhanced Bi-directional Encoder Representations from Transformers (BERT)-based model, incor-
porating linear, dropout, and activation layers was trained on the self-developed PolitiTweet and benchmark
Buzzfeed datasets in [11]. It achieved respective accuracies of 89% and 85% under varied conditions and
outperformed the traditional BERT model. However, this approach is prone to overfitting. The framework
in [12] used deep Recurrent Neural Networks (RNNs), Convolutional Neural Networks (CNNs), LSTM and
pre-trained BERT for zero-shot fake news detection without domain-specific labeled data, achieving 88.39%
accuracy. Yet, its limitation in handling sarcasm, context-specific nuances and subtle manipulative language
indicates the need for further improvement. The inter- and intra-modal relationships for fake news detection
with positive and unlabeled data are analyzed in [13] at the cost of high computational. The study in [14]
detected multimodal fake news by filtering noisy text, images, and comments using a masked Transformer
and a selective comment-context encoder. Although it showed good performance, it relied on pre-defined
comment selection rules, limiting adaptability across diverse datasets.

To cope with the aforementioned challenges, this work proposes the T5-SA-LSTM. It is a transformer-
based deep learning architecture that combines the T5 Transformer’s generative text-to-text capabilities,
the global semantic focus of Self-Attention and LSTM for capturing long-range patterns within a unified
framework. It applies tokenization and the Synthetic Minority Over-sampling Technique (SMOTE) as data
preprocessing techniques to balance class distribution and improve learning. It is designed to address the
shortcomings found in the existing BERT-based [11], CNN-RNN hybrid [12] and multimodal Transformer
models [13,14]. It ensures robustness, domain adaptability and practical computational efficiency. The model’s
effectiveness is assessed using the WELFake and FakeNewsPrediction datasets, focusing on improving fake
news detection while maintaining generalization across datasets. The key contributions of this research are
as follows:

o We propose the T5-SA-LSTM framework that combines the Text-to-Text Transfer Transformer (T5
Transformer) with the Self-Attention mechanism and the LSTM network to enhance the accuracy and
robustness of false and real news classification and detection.

«  First, we apply tokenization to segment the raw text into meaningful tokens (subwords). Next, the
SMOTE technique is applied to balance the dataset and address class imbalance. The tokenized and
balanced data is then fed to the T5 model, which serves as a pre-trained text-to-text framework that
provides deep contextual understanding and advanced Natural Language Processing (NLP) capabilities
for fake news classification.

«  Finally, by integrating the Self-Attention mechanism with LSTM’s sequential learning capability, the
framework effectively captures long-term dependencies and subtle contextual cues. This synergy enables
the model to distinguish manipulated content from legitimate news with significant precision and
improved interpretability.

o A set of performance metrics is used to evaluate the performance of the proposed approach using
different datasets. It demonstrates superior performance over the competitive models.
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The rest of this paper is organized as follows: Section 2 presents the literature review. Section 3 describes
the classification algorithms used in this study and the proposed model. Section 4 provides details about the
datasets used and discusses the experimental results. Section 5 concludes the paper and outlines directions
for future research.

2 Literature Review

This section reviews some novel machine and deep learning approaches used in fake news detection.
The authors in [15] present a machine learning framework for fake news detection. They compare traditional
classifiers (Naive Bayes, Support Vector Machine, Random Forest) with deep learning models (CNN, LSTM,
BERT) using various embedding techniques. Although BERT achieves good accuracy, its high computational
cost and sensitivity to biased training data pose challenges to scalable and real-time deployment. In contrast,
the proposed model integrates the T5’s powerful text-to-text transfer capabilities with a lightweight Self-
Attention layer and LSTM, providing better contextual representation with reduced computational cost and
better adaptability to new and unseen contexts.

The study in [16] presents an automated fake news detection method using machine learning, deep
learning and three-word vectorization techniques. A weighted voting ensemble achieves the respective
88.76% and 87.67% accuracies on the PolitiFact and BuzzFeed datasets. However, its dependence on
simple voting ensembles and traditional word vectorization limits its ability to capture deep semantic
dependencies and contextual nuances. The proposed technique overcomes this by leveraging T5’s deep
sequence-to-sequence encoding for rich semantic understanding while the Self-Attention mechanism
captures long-term dependencies more effectively than standard LSTM or Gated Recurrent Unit (GRU)
layers alone. A comparative study in [17] evaluates various deep learning models for fake news detection
and concludes that these models improve accuracy but suffer from high computational cost and reduced
zero-shot performance in real-time applications. The proposed T5-SA-LSTM balances the performance-
cost trade-off by reusing the T5’s encoder capabilities for efficient data representation. In [18], the authors
propose the Efficient Transformer-Based Multilevel Attention (ETMA) framework for multimodal fake news
detection, combining visual, textual and joint attention to capture modality-specific features. While effective
for multimodal misinformation, its performance degrades when visual content is weakly correlated. Since
our study focuses on pure textual misinformation, it avoids unnecessary visual overhead and enhances
textual representation depth with Self-Attention, making it robust even to subtle or contextually ambiguous
fake news.

The SA-Bi-LSTM model combines Self-Attention and bidirectional LSTM to effectively capture long-
range dependencies and textual features, achieving 89.98% accuracy on the Information Security and
Object Technology (ISOT) fake news dataset. Cross-validation and ablation studies highlight the attention
mechanism’s role in enhancing fake news detection [19]. However, these models typically depend on static
embeddings or shallow tokenization. The proposed model extends this by integrating T5’s sophisticated text-
to-text encoder to generate rich embeddings, which are further refined by the Self-Attention layer before
being sequentially processed by the LSTM, ensuring superior capture of nuanced semantics. The CNN-
based multichannel deep CNN in [20] utilize multiple kernel sizes to extract varying n-grams for feature
diversity. While effective for local patterns, it struggles with sequential dependencies and context beyond
fixed window sizes and the multichannel structures used increase computational complexity. The T5-SA-
LSTM eliminates the need for heavy convolution by directly learning deep semantic and sequential relations
through the T5 and LSTM, with self-attention enhancing token interactions across long texts. The studies
in [21,22] enhance multimodal fake news detection by integrating diverse feature modalities, including
visual, textual, frequency-domain and emotion-driven features, achieving notable accuracy gains over prior
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methods. However, their evaluation on limited datasets, absence of cross-domain and real-time validation,
lack of ablation analysis and high computational costs restrict their applications to resource-constrained or
time-sensitive settings.

Finally, the algorithms proposed in [23,24] advance multimodal fake news detection by integrating
textual and visual features through early, joint and late fusion. They use a multiscale semantic enhancement-
progressive multimodal fusion network (SEPM) for improved semantic representation. While achieving
notable performance gains—up to 90% accuracy on Gossipcop and Fakeddit, and 3.5% and 2% improve-
ments on Twitter and Weibo—both are limited by small evaluation datasets, lack of comparison with
advanced multimodal models and incomplete resolution of the semantic gap. Despite notable progress in
machine learning and transformer-based methods for fake news detection [11-24], existing approaches still
have challenges in fake electronic news detection. Challenges such as limited contextual understanding of
information, bias in learned representations and poor robustness on unseen data persist, showcasing the
need for more efficient and reliable frameworks. To bridge these gaps, this study proposes an enhanced
transformer-based architecture using the LSTM and Self-Attention to improve fake news detection.

3 Operational Framework
3.1 Tokenization

The tokenization is the process of breaking down a sequence of text into smaller units called tokens [25].
These tokens can be sentences, words, subwords, or even characters, depending on the application [26], as
shown in Fig. 1.

- = ===
é » 2] » ===
Segment into... vy = Segment into... =, = &

Dataset Senetences Tokens

(words, punctuation, numbers)

Figure 1: A structured approach to analyze fake news through dataset segmentation and tokenization

Mathematically, tokenization can be seen as a function that maps a sequence of characters to a sequence
of tokens [27] as T: S — {#;, ta, - - -, t, }, where S is the input text sequence and T(S) is the tokenized output.
Each t; represents an individual i-th token in the sequence [28].

3.2 Synthetic Minority Over-Sampling Technique (SMOTE)

The SMOTE is a data augmentation and oversampling method used to handle classification imbal-
ances [29].

The SMOTE is a data augmentation and oversampling method used to handle class imbalances. It works
by generating synthetic samples of the minority class rather than merely duplicating existing ones [30].
Addressing this class imbalance improves the performance of classifiers in tasks like fake news detection,
where real news articles typically outnumber fake news samples [31,32]. To evaluate the effectiveness of these
synthetic samples, we analyzed the class distribution before and after applying the SMOTE and observed
a substantial increase in the representation of the minority class across all training subsets. The balanced
datasets led to noticeable improvements in the detection of the minority class, demonstrating that the
generated samples helped the model to reliably detect fake news. In imbalanced datasets, where the minority
class has significantly fewer instances than majority class, standard classification algorithms often become
biased toward the majority class. To address this challenge, SMOTE generates synthetic fake news samples to
balance the dataset and reduce majority class bias as shown in Fig. 2. Visualizing the data with and without
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SMOTE confirms that this augmentation enriches the features space, reduces misclassification and enhances
the model’s generalization and detection accuracy. The SMOTE starts by selecting a random minority class
sample and one of its k-nearest neighbors [33] such that x;,x; e R%,i # j, where x; denotes a randomly
chosen feature vector from the fake news class after tokenization and vectorization, while x j represents one
of its k-nearest neighbors within the same class. A new synthetic sample is created as follows [34]:

Xpew = Xi + A - (xj - x,») 1

where 1 is a random number drawn from a uniform distribution between 0 and 1 (A ~ U (0,1)). The term
xj — x; represents the vector difference between the selected minority sample i and its k-nearest neighbor j of
the selected minority sample. The x,.,, is a newly generated synthetic fake news sample on the line segment
between x; and x;. This process is repeated until the desired number of synthetic samples is generated,
ensuring a more balanced dataset.
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Figure 2: Addressing class imbalance with the SMOTE by generating realistic synthetic data samples

3.3 Text-To-Text Transfer Transformer (T5)

The T5 model adopts the original Transformer’s encoder-decoder architecture [35], recasting text
classification as a text-to-text task that maps an input, such as a news article or claim, to an output label
like “real” or “fake”” Its encoder extracts context-rich representations, which the decoder uses to generate the
final output [36] as shown in Fig. 3. Given an input sequence x = (x1, X3, . . ., X, ), the T5 encoder maps it to
a hidden representation h as h = Encoder (x). The encoder and decoder are composite modules consisting
of multiple sub-layers, typically implemented as a stack of N identical transformer layers (e.g., N =12 for T5-
Base). They include multi-head self-attention, layer normalization and position-wise feed-forward networks.
Within the feed-forward layers, the encoder uses the Gaussian Error Linear Unit (GeLU) activation function
to introduce non-linearity. To ensure computational efficiency, we adopt the commonly used sigmoid-
based approximation of the GeLU: GeLU (x) ~ x.0 (1.702x), where the factor 1.702 optimizes the sigmoid
approximation to closely match the original GeLU’s behavior. Importantly, this GeLU formulation is a
smooth and non-periodic activation function. Here, o (x) denotes the standard sigmoid function:

o (x) = (2)

The T5 decoder then predicts the output token sequence y = (y1, ¥2, . .., ¥m ) autoregressively, meaning
each token y, (which signifies the single individual token that the T5 decoder is currently trying to predict
at a specific timestep t within the output sequence) is generated conditionally on the encoder representation
and the previously generated tokens y < t (here y representing the entire sequence of tokens that have already
been generated by the decoder before the current timestep ¢, acting as the history of the output sequence) [37]:

Nﬂ@=uPUMKtM (3)
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Figure 3: The working mechanism of the transformer-based T5 model

This factorization assumes that each token y; is conditionally independent given the prior tokens and
the encoder output, which is a standard assumption for autoregressive sequence generation. To obtain
the vocabulary probability distribution, the decoder’s hidden state z; is projected through a learnable
linear layer to generate logits, which are then transformed by the softmax function into a valid probability
distribution [38] as:

P(yily<t,h)=softmax (W -z;) (4)

where W is the weight matrix of the dense layer and z; is the decoder’s hidden state at time step t. The T5
is trained by minimizing the cross-entropy loss between the predicted probability distribution and the true
target labels y = (1, y2, ..., ym) (here y denotes the true label sequence) [39]:

——ZytlogP(yt|y<t,h) (5)
t=1

where y, donates the true label for the ¢-th token in the target sequence. Here, y; represents both the predicted
token during generation and the ground truth token during training. For fake news detection, we fine-tune
the T5 model on a labeled dataset containing real and fake news articles. The input format is “classify: [News
Text]” and the output is fake or real.
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3.4 Self-Attention (SA)

Self-Attention allows a model to weigh the importance of different parts of an input sequence when
making predictions, essentially enabling it to pay attention to relevant information across the sequence [40].
The key idea is that each word in a sequence attends to all the other words, dynamically assigning importance
scores [41]. Given an input sequence X of word embeddings: X = [x1,X,,...,%,] € R™%, where n is the
sequence length (number of words in a news article) and d is the embedding dimension. The self-attention
mechanism transforms X into three learned representations: Query matrix (Q), Key matrix (K), and Value
matrix (V). These matrices are computed as Q = XWy, K = XWg, and V = XWy [42], where W, Wk,
and Wy e R%*% are learned weight of the corresponding respective matrices. Then the attention scores are
computed using the Scaled Dot-Product Attention [43] as:

QK" )

A =softmax ( (6)
Vi

where A € R"*" contains attention weights. Here, Q (Queries) and K (Keys) are projected representations

of the input and K7 is the transpose of the keys matrix, allowing each query vector to be compared against

all key vectors by dot product. The scaling factor d; (dimension of keys) is used for scaling to prevent large

values. Each attention score represents the extent of the focus each word should have on the others.

After computing the attention scores, we generate the output Z = AV, where Z ¢ R"*% is the new
representation of the sequence. The final output of the self-attention mechanism is Z W,, where W, ¢ R4
is another trainable matrix [44]. This improves the model’s ability to detect fake news by capturing different
contextual clues such as misleading phrases, sentiment shifts and deceptive structures.

3.5 Long-Short Term Memory (LSTM)

The LSTM overcomes long-term dependency and vanishing gradient in RNN using memory cells and
forget, input, and output gates [45,46] as illustrated in Fig. 4. In fake news detection, it models the sequential
and contextual relations in text [47].

Forget Input Output
Gate Gate Gate

Input Previous hidden state Previous cell state
New hidden state New cell state Candidate gate

Forget gate @ Input gate Output gate

[o]Sigmoid activation function Tanh activation function
Figure 4: The LSTM’s core mechanism for handling long and short-term dependencies in sequences

In the forget gate, f, is the output of the sigmoid function that controls the flow of information from the
previous cell state. This mechanism is essential to prevent the LSTM from retaining outdated or irrelevant
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information. A value of 0 forgets the information and a value of 1 retains the information as:
ft:()'(tht,]‘f‘Uth‘i‘bf) (7)

The input gate i, determines the information to be stored in the cell state. It works together with the
candidate gate C; to update the memory as:

ir=0 (Wihi_1 + Ui X, +b;) (8)

The candidate gate C; generates a set of potential values to add to the cell state C. These are “suggested
memories” based on the current input X; and the previous hidden state h;_;, passed through the tanh
activation. They are then combined with the decisions of the input gate and the output of the forget gate, as
follows:

C:— = tanh (Wcht—l + UcXt + bc) (9)
Ct = ft * Ct—l + i[ * C: (10)

Within the output gate, the parameter O, determines which parts of the cell state are transferred to the
hidden state h;, forming the output at the current time step ¢, as formulated in (19). It regulates the exposure
of the internal memory to the next layer or future time steps, which is essential for controlled information
flow.

Ot =0 (Waht_l + UDXt + bo) (11)
ht = Ot * tanh (Ct) (12)

where f;, i;, Oy, and C; represent the forget gate, input gate, output gate and candidate gate at time step ¢,
respectively, while X; denotes the current input word embedding at timestep t. C;,_; and h,_; refer to the
previous cell state and hidden state of the LSTM network at timestep ¢-1, respectively. C; and h, indicate
the updated cell state and hidden state at timestep ¢. Wy, Wi, W, Wo, Uy, Us, Ug, U, are the weight matrices
for all gates while b I bi, b., b, represent the bias terms, with the indicated subscripts as mentioned and
used before. The ¢ and tanh denotes the sigmoid and hyperbolic tangent activation functions, respectively.
Additionally, the symbol * indicates element-wise multiplication in computing the new cell state.
e —e™ "

tanh (X) = m (13)

The final hidden state is passed through a dense (fully connected) layer followed by a softmax activation
function to obtain class probabilities [48] as:

p(y|X) =Softmax (W.hy +b,) (14)

where hr is a final hidden state representation for the entire news article and W, and b, are the respective
weight matrix and bias of the classification layer. The softmax function is defined as:

Zj
Softmax (z;) = % (15)
j

where z; represents the logit or raw score for the ith class generated by the final dense layer from the LSTM’s
output hidden state and I denotes a specific target class label (for example, ‘real news’ or ‘fake news’). The
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term e® is the exponential of the logit for class i, which ensures that all output scores become positive
and comparable. X;e* represents the sum of the exponentials of the logits for all possible classes j in the
classification task.

3.6 T5-SA-LSTM (Proposed Model)

The T5, Self-Attention, and LSTM models are integrated to develop the T5-SA-LSTM framework for
fake news detection, as shown in Fig. 5. During data preprocessing, tokenization is first applied to break
down the input text into meaningful units (subwords tokens), which are then converted into numerical
representations through word embeddings. Once the text has been tokenized and embedded, the SMOTE
technique is employed to address class imbalance by generating synthetic samples for the minority class (fake
news). By applying SMOTE, the model works with a balanced representation of real and fake news articles,
which prevents prediction bias, improves classification performance and enhances the model’s robustness
and generalization capability.

Start

— “WELFake” and
g f:fg lte “FakeNewsPrediction”
= aanes datasets

é Input textual
data

Data
preprocessing

QQ

I8

SMOTE T5 Self-Attention

(Encoder-Decoder)
Adam
LSTM
l RMSProp SGD

Training optimizers

[ Tokenization

“Softmax activation function

Output news detection
“fake (0)” or “real (1)”

Accuracy Precision

Performance metrics <

Recall Fl-score

End

Figure 5: Flowchart of the proposed fake news detection model

The T5 model serves as the primary feature extractor. Its encoder-decoder architecture transforms
input text into a meaningful latent representation, capturing contextual dependencies across words. The
Self-Attention mechanism refines these representations by dynamically weighing the importance of a word,
ensuring that the model focuses on critical textual patterns and deceptive linguistic cues. Subsequently,
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the LSTM processes the self-attended feature sequences, capturing long-term dependencies to enhance
classification accuracy. To effectively train the LSTM component, we select the Adam optimizer after
empirical comparisons with SGD and RMSProp, as Adam provides adaptive learning rates for each parameter
and incorporates momentum, which helps the model converge faster and with more accuracy. This makes
Adam particularly well-suited for training our deep sequence model on complex textual news data, where
gradients can be sparse or noisy. In our experiments, Adam consistently outperforms SGD and RMSProp
by achieving higher accuracy and lower validation loss, demonstrating its positive impact on the model’s
performance and generalization capability. The LSTM’s final hidden state passes through a dense layer with
a softmax activation function to predict whether the news is real or fake.

The pseudocode of the proposed T5-SA-LSTM framework is shown in Algorithm 1. First, the news
dataset is loaded, tokenized, converted to word embeddings and balanced with SMOTE. The data is labeled
(fake = 0, real = 1), split into training and testing sets and passed through the T5 transformer to extract latent
features. The Self-Attention mechanism refines these features, which are then fed into the LSTM trained using
multiple optimizers (Adam, SGD, RMSProp) to select the best configuration. The final model is retrained
with the optimal optimizer and the softmax output layer produces the fake or real prediction. Performance
is evaluated using accuracy, precision, recall, and Fl-score, yielding a robust trained model for reliable fake
news detection.

Algorithm 1: Pseudocode for the T5-SA-LSTM framework

Input: Textual News Dataset (Fake and Real)

Output: FinalModel — Trained Model for Fake News Detection (Binary Classification “Fake = 0 or Real =
1”)

Xbest — Optimal Model Configuration

Begin

Step 1: Load Dataset

file > CSV i/p Load

Step 2: Preprocess Data

o  Tokenization:

TextTokens — Tokenize(inputText)

«  Word Embedding:

EmbeddedText — ConvertToNumerical(TextTokens)
« Handle Class Imbalance using SMOTE:

If ImbalanceDetected — Apply_SMOTE(EmbeddedText)
Else — Continue
Step 3: Classification Labels

e  Fake News — Label = 0
e Real News — Label =1

Step 4: Spit Dataset
Dtrain, Dtest — Split(EmbeddedText, Labels, ratio = 80:20)
Step 5: Extract Features using T5 Transformer

o Initialize T5 Model:
T5output - Encode_Decode(Dtrain)

«  Generate latent Representations:

(Continued)
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1

Algorithm 1 (continued)

LatentFeatures — Extract(T5output)
Step 6: Apply Self-Attention Mechanism
o  Compute Attention Weights:
AttentionWeights — ComputeWeights(LatentFeatures)
o Weighted Feature Representation:
SelfAttendedFeatures — ApplyAttention(LatentFeatures, AttentionWeights)
Step 7: Train LSTM Network with Multiple Optimizers
o Initialize LSTM:
LSTMoutput — Pass_via_LSTM(SelfAttendedFeatures)
o Define Optimizers:
Optimizers = { Adam, SGD, RMSProp)
o Select Best Optimizer based on Validation Performance:
For optimizer in Optimizers:
Train model using optimizer
ValLoss — Evaluate
If ValLoss < BestLoss:
BestOptimizer — optimizer
BestLoss — ValLoss
Step 8: Retrain Model with Best Optimizer
o  Fine-tune LSTM with BestOptimizer:
LSTMoutput — Train_LSTM(SelfAttendedFeatures, BestOptimizer)
Step 9: Classification of Dense Layer
o  Final Prediction (Fake = 0, Real = 1):
OutputClass — Softmax(LSTMoutput)
If OutputClass > 0.5 — PredictedLabel =1 (Real News)
Else — PredictedLabel =0 (Fake News)
Step 10: Model Evaluation
o  Compute Performance Metrics:
Accuracy, Precision, Recall, F1-score — Evaluate(PredictedLabel, Dtest)
Step 11: Output Results
Return FinalModel, BestOptimizer, Accuracy, Precision, Recall, Fl-score
End

3.7 Performance Metrics

For performance comparison, first a binary classification is made where a True Positive (TP) indicates
correctly identifying fake news, a True Negative (TN) means accurate identification of true news as true, a
False Positive (FP) occurs when true news is mistakenly labeled as fake and a False Negative (FN) happens

when fake news is incorrectly categorized as true. The following performance metrics are used:

o Accuracy (Acc): measures overall correctness. It is the ratio of correctly classified instances to the total

instances.

TP+ TN
TP+ TN+ FP+FN

Acc =

(16)
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o  Precision (Pr): represents how many of the detected fake news instances are genuinely fake.

TP
Pr= ——— (17)
TP+ FP
o Recall (Sensitivity): shows how effectively the model detects actual fake news.
TP
Recall = ——— (18)
TP+ FN

«  Fl-score: balances precision and recall. It is the harmonic mean:

Precision x Recall
F1- Score =2 x — (19)
Precision + Recall

4 Simulation and Experimental Analysis
4.1 Dataset Description and Preprocessing

We used two fake news detection datasets, WELFake and FakeNewsPrediction, to implement the
proposed model. These datasets were obtained from Kaggle.com, a reputable and well-known platform that
hosts a diverse collection of datasets across various categories [49,50] and are freely available online. Both
datasets contained a wide range of news articles, with an emphasis on political topics (e.g., election fraud,
fake statements by leaders) and international topics (e.g., diplomatic conflicts, cross-border disputes). The
WELFake and FakeNewsPrediction datasets, from the years 2021 and 2024, respectively, offer diverse, high-
quality text for fake news detection and are publicly accessible. WELFake contains 62,470 articles (34,486
real, 27,984 fake) curated from Kaggle, McIntire, Reuters and BuzzFeed Political. Its original 78,098 entries
were filtered to exclude entries with missing Label values, resulting in four columns: Serial Number, Title,
Text and Label. The Fake labels in the WELFake dataset were determined automatically by using web scraping
and weak supervision. The collection of fake news articles from sources known for publishing fabricated or
satirical contents and real news from reputable mainstream outlets was made with labeling based on source
credibility rather than manual fact-checking of each article. Similarly, FakeNewsPrediction includes 20,091
articles (11,812 real, 8279 fake) drawn from various sources to prevent overfitting. From an initial 25,116
entries, rows lacking valid labels were removed. The Fake labels are assigned according to the original sources
and fact-checking procedures described by the dataset authors. This dataset features five columns: Serial
Number, Title, Author, Text, and Label, ensuring both datasets are well-structured and suitable for binary
classification tasks.

Table 1 outlines the system resources used during simulations: an AMD Ryzen 5 5600X CPU, AMD
Radeon RX 5600XT GPU, 16 GB RAM, Windows 11 (x64) and Jupyter Notebook (Python 3.11.0) are. This
setup supports efficient development and computation. We used data preprocessing techniques such as
tokenization and SMOTE.

Table 1: PC setup for executing the proposed research work

Category Resource Details
CPU Multi-core processor (AMD
Hardware Ryzen 5 5600x)
GPU AMD radeon (RX 5600xt)
RAM 16 GB (3200 MHz)

(Continued)
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Table 1 (continued)

Category Resource Details
Operating system Windows 11 (x64 bit)
Software .
Development environment Jupyter notebook (Python
3.11.0)

The precise subword token counts in fake news articles (Fig. 6a,b) reveal distinct linguistic patterns and
differences in writing style.

Tokenization of WELFake Tokenization of FakeNewsPrediction
,, 600 "
=S =
5 500 é, 800
£ 400 £ 600
< =
= 300 =
) 5 400
g 200 g
2 2
% 100 (2 200

0
Fake News Real News Fake News Real News
News Type News Type
(a) (b)

Figure 6: (a) Tokenization of the ‘WELFake’ and (b) ‘FakeNewsPrediction’ textual news datasets

In this study, tokenization was performed at the subword level, which enables a more granular
representation of textual information by capturing morphological variations and rare word fragments that
traditional word-level tokenization usually overlook. Using subword tokens, the exact token count for fake
news articles in the WELFake dataset is 630, compared to 545 for real news articles. Similarly, in the
FakeNewsPrediction dataset, fake news articles contain exactly 950 tokens, while real news articles have
680 tokens, as shown in the respective Fig. 6a,b. This observation indicates that fake news articles tend to
exhibit higher token counts. It is because fake news often relies on exaggerated claims, emotionally charged
narratives, redundant phrasing, speculative statements and clickbait elements designed to persuade and
engage readers, all of which may contribute to increase token length [51,52]. In contrast, real news articles
adhere to journalistic standards that prioritize clarity and conciseness, which, when tokenized at the subword
level, results in a lower token count. After applying the tokenization technique to the original false news
datasets, the textual news data is then forwarded to SMOTE for data balancing.

Fig. 7a,b shows the respective actual and SMOTE balanced WELFake dataset while Fig. 8a,b shows the
respective operation on the FakeNewsPrediction dataset. Initially, as shown in the original class distribution
plots, both datasets exhibit a noticeable imbalance, where real news articles (Class 1) significantly outnumber
fake news articles (Class 0).
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Original Class Distribution Balanced using SMOTE
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Figure 7: (a,b) The original classification and the SMOTE-generated synthetic samples balancing WELFake

Original Class Distribution Balanced using SMOTE
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Figure 8: (a,b) The actual and the SMOTE-generated synthetic samples balancing FakeNewsPrediction

4.2 Simulation Results

Table 2 presents the configurations of various models used for fake news detection on the WELFake and
FakeNewsPrediction datasets.

Table 2: Hyperparameter tuning details for the proposed and counterpart models for detecting false news

Platform Models on “WELFake” and “FakeNewsPrediction” Datasets
Parameter T5-SA- FakeBERT BERT + SA-Bi- LR-SVM-
LSTM LightGBM LSTM GRU
Neurons 128 128 128 128 128
Lr. 0.001 0.001 0.001 0.001 0.001
Epochs 100 100 100 100 100
Jupyter Dense layers 32 32 32 32 32
Notebook  Mini-batch size 32 32 32 32 32
(Python Iterations 1950 and 750 1950 and 750 1950 and 750 1950 and 750 1950 and 750
3.11.0)
Optimizer Adam/SGD - - Adam/SGD  Adam/SGD
/RMSProp /RMSProp  /RMSProp
Activation GeLU/o GeLU/tanh  GeLU/tanh o/tanh o/tanh

function /Softmax /Softmax /Softmax /Softmax /Softmax
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Figs. 9 and 10 present a comprehensive analysis of the T5-SA-LSTM model’s performance on the
WELFake and FakeNewsPrediction datasets, respectively, over 100 training epochs using three optimizers:
SGD, RMSProp, and Adam. For both datasets, the accuracy graphs show rapid improvement within the initial
20-30 epochs, after which the curves flatten, indicating convergence and stable learning.
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Figure 9: The proposed model accuracy and error loss during training/testing on WELFake
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Figure 10: The proposed model accuracy and error loss during training/testing on FakeNewsPrediction

On WELFake (Fig. 9), the T5-SA-LSTM with Adam achieves the highest accuracy, reaching about 98%
(training) and 99% (testing), with RMSProp stabilizing at around 96% and 97%, and SGD at 93% and 95%,
respectively. The corresponding error loss graph shows Adam maintaining the minimal loss of approximately
0.03 (training) and 0.01 (testing), while RMSProp and SGD have losses in between 0.07-0.04.

A similar trend appears on FakeNewsPrediction (Fig. 10), where Adam achieves around 96% (training)
and 96.5% (testing) accuracy, RMSProp reaches 94% and 95%, and SGD about 92% and 93%, with respective
error losses of about 0.04-0.03 for Adam and 0.06-0.04 for RMSProp and SGD. The close alignment
between training and testing curves for both accuracy and loss indicates excellent generalization and effective
overfitting prevention, demonstrating the robustness of the T5-SA-LSTM architecture and its effective
convergence achieved with the Adam optimizer.
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Fig. 11 provides a comparative analysis of the T5-SA-LSTM model against several benchmark models
on the WELFake dataset. The accuracy graph clearly indicates that T5-SA-LSTM with Adam is the most
accurate model, achieving approximately 99% accuracy on testing data. The other T5-SA-LSTM variants,
RMSProp and SGD, reached around 97% and 95% accuracies, respectively.
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Figure 11: Accuracy benchmarking and error loss convergence of the proposed and counterpart models for fake news
detection on the WELFake dataset

The counterpart models, FakeBERT, SA-Bi-LSTM (Adam, RMSProp and SGD) achieved 91%, 90%, 89%,
and 88% accuracies, respectively. The LR-SVM-GRU has an accuracy of 88% (Adam), 87% (RMSProp) and
86% (SGD) as shown in Table 3. The error loss graph shows that T5-SA-LSTM with Adam exhibited the
lowest error loss, with a value of approximately 0.08, followed by RMSProp with a loss value of about 0.11 and
SGD with aloss value of 0.13. BERT + LightGBM recorded an error loss of about 0.15 while FakeBERT showed
around 0.16 error loss. The SA-Bi-LSTM variants recorded error losses of 0.17 (Adam), 0.19 (RMSProp), and
0.21 (SGD), while the LR-SVM-GRU variants recorded losses of 0.18 (Adam), 0.20 (RMSProp), and 0.22
(SGD). Fig. 12 provides a comparative analysis of the T5-SA-LSTM model vs. several benchmark models on
the FakeNewsPrediction dataset. The accuracy graph clearly indicates that the T5-SA-LSTM with Adam is
the most accurate, having an accuracy of 96.5% on testing data. The other T5-SA-LSTM variants, RMSProp
and SGD, has accuracies of 95% and 93%, respectively. Among the counterpart models, FakeBERT has 90%
accuracy, followed by an accuracy of 89% (Adam), 88% (RMSProp) and 87% (SGD). The LR-SVM-GRU
models achieved accuracies of 87% (Adam), 86% (RMSProp), and 85% (SGD) as shown in Table 3. The error
loss graph shows that the T5-SA-LSTM with Adam exhibited the lowest error loss of approximately 0.41,
followed by RMSProp with a lossof about 0.44 and SGD with a loss of 0.50. BERT + LightGBM recorded
an error loss of about 0.55, while FakeBERT showed a loss of about 0.54. The SA-Bi-LSTM variants had loss
values of 0.55 (Adam), 0.56 (RMSProp), and 0.58 (SGD). The LR-SVM-GRU variants showed loss values of
0.56 (Adam), 0.57 (RMSProp), and 0.58 (SGD).
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Table 3: Comparative analysis of fake news detection models: accuracy, loss, precision, recall, and Fl-score across
WELFake and FakeNewsPrediction datasets

Acc % (Error loss) Pr % Recall % F1-Score %
Model WEL  FakeNews WEL  FakeNews WEL  FakeNews  WEL  FakeNews
Fake Prediction Fake Prediction Fake Prediction Fake Prediction
LR-SVM-GRU 86% 85% (0.58) 92.2% 88.5% 90.2% 86.6% 91.2% 87.5%
(SGD) (0.22)
LR-SVM-GRU 87% 86% (0.57) 94.4% 93.3% 95.0% 93.8% 94.7% 93.5%
(RMSProp) (0.20)
LR-SVM-GRU 88% 87% (0.56) 96.6% 93.5% 97.1% 94.6% 96.9% 94.0%
(Adam) (0.18)
SA-Bi-LSTM 88% 87% (0.58) 88.3% 89.3% 80.9% 82.3% 84.4% 85.6%
(SGD) (0.21)
SA-Bi-LSTM 89% 88% (0.56) 91.4% 92.4% 91.6% 93.5% 91.5% 92.9%
(RMSProp) (0.19)
SA-Bi-LSTM 90% 89% (0.55) 93.2% 91.7% 91.0% 90.0% 92.0% 90.8%
(Adam) (0.17)
BERT + LightGBM 90% 89% (0.55) 93.0% 90.2% 88.5% 94.0% 90.5% 92.1%
(0.15)
FakeBERT 91% 90% (0.54) 95.6% 92.6% 97.4% 95.6% 96.4% 94.0%
(0.16)
T5-SA-LSTM 95% 93% (0.50) 91.3% 86.1% 88.7% 84.0% 90.0% 85.0%
(SGD) (0.13)
T5-SA-LSTM 97% 95% (0.44) 96.5% 91.0% 95.2% 90.2% 95.9% 90.6%
(RMSProp) (0.11)
T5-SA-LSTM 99% 96.5% 99.6% 97.8% 99.8% 98.0% 99.6% 97.8%
(Adam) (0.08) (0.41)

Note: The bold entries in Table 3 represent the best-performing models across the respective evaluation metrics.
Notably, the T5-SA-LSTM (Adam) achieved the highest accuracy of 99% with the lowest error loss (0.08), along with
superior precision (99.6%), recall (99.8%), and Fl-score (99.6%) on the WELFake dataset. Similarly, this configuration
is also produced promising results on the FakeNews-Prediction dataset, with an accuracy of 96.5%, precision of 97.8%,
recall of 98.0%, and an Fl-score of 97.8%. These results confirm that the proposed approach, optimized using Adam,
provides a more robust feature representation and more effective learning compared to the other models.
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Figure 12: Accuracy benchmarking and error loss convergence of the proposed and baseline models on the Fake-
NewsPrediction dataset for fake news detection
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Traditional hybrid models, such as LR-SVM-GRU and SA-Bi-LSTM, provide only moderate predictive
performance because their architectures rely heavily on manually engineered features and limited sequence
modeling capabilities. LR-SVM-GRU combines simple linear and kernel-based classifiers with a GRU, which
is effective for capturing short-term sequential patterns but struggles to retain long-range dependencies
due to GRU’s relatively shallow gating mechanism. Similarly, SA-Bi-LSTM improves upon basic LSTM by
adding bidirectionality and self-attention, yet its contextual representations remain constrained by its shallow
embedding layers and lack of the deep pre-training that modern transformer encoders provide. Transformer-
based models like BERT + LightGBM and FakeBERT address some of these limitations by leveraging
pre-trained language representations that capture bidirectional context and nuanced semantic relationships
within the text. However, these architectures typically rely solely on the transformer’ final embeddings for
classification, often neglecting local sequential dependencies that may still be important for distinguishing
subtle linguistic patterns typical of deceptive content. Furthermore, when used with additional learners like
LightGBM, they require significant computational resources for gradient boosting, which adds complexity
to training and inference without always guaranteeing complementary sequence-level refinements.

In contrast, the proposed T5-SA-LSTM framework uses the T5 transformer to perform advanced
sequence-to-sequence encoding and decoding, which captures complex contextual relationships by treating
the text as a generative problem rather than an embedding extraction task. The output from T5 undergoes
an explicit self-attention mechanism that recalibrates the relative importance of different tokens within
the encoded latent representation. This ensures that deceptive cues such as misleading qualifiers, con-
tradictory statements or sudden sentiment shifts are dynamically weighted before entering the recurrent
layer. Unlike standalone transformers that stop at contextual embeddings, the T5-SA-LSTM feeds these
refined, self-attended features into a dedicated LSTM network. This LSTM excels at modeling sequential
time dependencies, enabling the system to preserve the order of important context cues and handle longer
input sequences more robustly. By stacking self-attention before the LSTM, the framework compensates for
the LSTM’s known limitations in direct long-range attention by providing it with a weighted, focused input
sequence, enhancing its memory retention.

Additionally, the proposed model is optimized using the Adam optimizer, which adaptively adjusts
individual learning rates for each parameter based on first and second moment estimates of the gradients.
This optimization strategy not only accelerates convergence but also mitigates the risks of vanishing or
exploding gradients that can degrade the performance of deep sequential architectures like LSTM. This
synergy of advanced sequence-to-sequence contextualization, adaptive attention, and gated recurrence—
all tuned with a robust optimizer—enables the proposed T5-SA-LSTM to outperform traditional and
transformer-only baselines. It consistently achieves higher accuracy, precision, recall, and Fl-scores on
both the datasets by effectively detecting subtle manipulative patterns, misleading narratives and context
inconsistencies in fake news that simpler hybrid models and vanilla transformers often overlook.

Figs. 13-15 present a comprehensive comparative analysis of the precision, recall, and Fl-score results
for the proposed T5-SA-LSTM model variants against several baseline models on the WELFake and
FakeNewsPrediction datasets, respectively. Fig. 13 shows that on the WELFake dataset, the T5-SA-LSTM
with Adam optimizer achieves the highest precision of 99.6%, outperforming its RMSProp (96.5%) and
SGD (91.3%) variants. On the other hand, the competitive models: FakeBERT, BERT + LightGBM, SA-
Bi-LSTM and LR-SVM-GRU achieved precision values of 95.6%, 93.0%, 88.3%-93.2% and 92.2%-96.6%,
respectively. Similarly, on the FakeNewsPrediction dataset, T5-SA-LSTM (Adam) achieved a precision of
97.8%, outperforming RMSProp (91.0%) and SGD (86.1%), FakeBERT (92.6%), BERT + LightGBM (90.2%),
SA-Bi-LSTM (89.3%-92.4%) and LR-SVM-GRU (88.5%-93.5%) as shown in Table 3. Fig. 14 further shows
that for recall on WELFake dataset, T5-SA-LSTM (Adam) achieves the higher score of 99.8% than RMSProp
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(95.2%), SGD (88.7%) and FakeBERT, BERT + LightGBM, SA-Bi-LSTM, and LR-SVM-GRU tat achieved
scores in the 80.9%-97.4% range. On the other hand, for FakeNewsPrediction dataset, T5-SA-LSTM (Adam)
has a recalls core of 98.0%, greater than RMSProp (90.2%) and SGD (84.0%), and other models that achieved
scores in the 82.3%-95.6% range, as detailed in Table 3.
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Figure 13: Comparative precision results of the T5-SA-LSTM and other models on WELFake and FakeNewsPrediction
datasets
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Figure 14: Comparative recall (sensitivity) results of the T5-SA-LSTM and other models on WELFake and Fake-
NewsPrediction datasets
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Figure 15: Comparative F1-Score results of the T5-SA-LSTM and other models on WELFake and FakeNewsPrediction
datasets

Table 3 presents a detailed comparative analysis of compared approaches, highlighting their perfor-
mance in terms of accuracy, error loss, precision, recall, and Fl-score for detecting fake news. These
evaluations have been conducted across two benchmark datasets, namely WELFake and FakeNewsPredic-
tion, to demonstrate the robustness and generalizability of each method.

Finally, Fig. 15 illustrates the Fl-scores for the WELFake dataset, where the T5-SA-LSTM (Adam)
achieves the highest score of 99.6%, followed by RMSProp (95.9%) and SGD (90.0%). FakeBERT, BERT +
LightGBM and SA-Bi-LSTM variants (Adam, RMSProp, SGD) achieved respective scores of 96.4%, 90.5%,
92%, 91.5%, 84.4% and 84.4%. On the FakeNewsPrediction dataset, the T5-SA-LSTM (Adam) again secures
the highest F1-score of 97.8%, compared to RMSProp (90.6%) and SGD (85.0%), while FakeBERT and BERT
+ LightGBM attain 94.0% and 92.1% respective scores. The SA-Bi-LSTM variants scores are 90.8% (Adam),
92.9% (RMSProp), and 85.6% (SGD). LR-SVM-GRU variants achieve 94.0% (Adam), 93.5% (RMSProp), and
87.5% (SGD), scores as shown in Table 3.

These comprehensive results consistently demonstrate that the T5-SA-LSTM model optimized with
Adam outperforms the counterpart models in terms of precision, recall, and Fl-score as the performance
metrics across the evaluated datasets.

4.3 Discussion

Based on the experimental analysis and results of this study, the proposed T5-SA-LSTM model demon-
strated substantial efficacy in detecting fake news by combining transformer-based semantic abstraction with
LSTM-driven temporal modeling.

The model demonstrated robust performance across both the WELFake and FakeNewsPrediction
datasets as shown in Fig. 162 and b, respectively. On WELFake, it achieved 99% testing accuracy, correctly
classifying 6200 fake and 6100 real articles, with minimal misclassifications (100 fake, 94 real). It attained a
precision of 99.6%, recall of 99.8% and an Fl-score of 99.6%. This suggests that the model effectively captures
nuanced linguistic and contextual cues due to the semantic strength of the T5 encoder and the temporal
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awareness of the LSTM. Similarly, on the FakeNewsPrediction dataset, the model achieved 96.5% accuracy,
with 3000 fake and 2900 real samples correctly identified. With a precision value of 97.8%, recall value of
98.0% and Fl-score of 97.8, it maintained promising generalization, indicating adaptability to varying data
quality and linguistic patterns.
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Figure 16: (a,b) Confusion matrices on the WELFake and FakeNewsPrediction datasets demonstrating strong
classification performance with minimal misclassifications

While the T5-SA-LSTM (Adam) framework achieves high accuracy; its recall is slightly higher than its
precision. This indicates that the model is highly effective at capturing the majority of fake news articles
but may occasionally misclassify some true news as fake. This trade-off reduces the risk of fake news going
undetected but could generate false alarms that require additional human review. To address this issue,
adaptive threshold tuning, post-processing filters or human-in-the-loop systems may help refine predictions
and minimize the impact of false positives. This ensures that the model remains reliable and practical for
real-time applications such as live news feed moderation, automated fact-checking plugins for social media
platforms, misinformation filtering in messaging apps or real-time content screening for online publishing.
By combining high recall with appropriate safeguards, the model can support timely and trustworthy news
verification further.

5 Conclusion and Future Work

Using T5 Transformer and Self-Attention-enhanced LSTM, the proposed T5-SA-LSTM framework
demonstrates robustness in tackling fake electronic news detection problem. To ensure data quality and
class balance, data preprocessing techniques such as the Tokenization and SMOTE were applied. These
steps enhanced the representational capability of the model by addressing class imbalance and preparing
the textual data for effective sequence modeling. The proposed framework was evaluated on two widely
recognized benchmark datasets: WELFake and FakeNewsPrediction. On the WELFake dataset, the model
achieved an accuracy of 99%, while on the FakeNewsPrediction dataset, it attained an accuracy of 96.5%.
These results indicate the superior performance and reliability of the proposed model in detecting fake
news across diverse sources over some benchmark and competitive models. Moreover, the model promising
performance across two distinct datasets highlights its generalization ability, making it suitable for real-world
deployment in news verification systems, social media platforms and digital journalism tools.

To further enhance the capability of the proposed model, future work may prioritize its expansion to
a comprehensive multimodal system. This necessitates the integration of specialized modules for extracting
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salient features from diverse contents, specifically visual and auditory data. Convolutional Neural Networks
(CNNs) or Vision Transformers (ViTs) may be used for images features extraction, while a combination
of 3D CNNs and video Transformers will process temporal and spatial information from videos. These
extracted multimodal features may then be synergistically used with textual representations, leveraging
advanced techniques such as cross-modal attention. This will enable the model to identify discrepancies
and inconsistencies across a diverse set of modalities. This will result in a framework capable of detecting
misinformation embedded within complex multimedia narratives, thereby significantly advancing the
state-of-the-art in automated fake news detection.
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