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ABSTRACT

This study evaluates the performance of transformer-based models such as BERT, RoOBERTa, and XL Net
for fake news detection. Using supervised and unsupervised deep learning techniques, we optimized
classification accuracy while reducing computational costs through text summarization. The results show
that RoBERTa, fine-tuned with summarized content, achieves 98.39% accuracy, outperforming the other
models. Additionally, we assessed Al-generated misinformation using GPT-2, confirming that transformer
models effectively distinguish real from synthetic news. We utilized the GPT-2 model instead of more
recent models like GPT-4, as our objective was to generate fake news locally and compare it with

pretrained models from the same time period.
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I.  INTRODUCTION

The proliferation of fake news has become a pressing
concern in today's digital information age. With the rapid
expansion of online platforms and social media,
misinformation spreads quickly [1], influencing public opinion,
shaping political landscapes, and affecting economic decisions.
Traditional methods of fact-checking struggle to keep pace
with the volume and speed of misinformation dissemination [2]
[3], necessitating automated and scalable solutions. Deep
Learning (DL) and Natural Language Processing (NLP) have
emerged as powerful tools in the fight against fake news. These
technologies enable the development of automated detection
systems capable of distinguishing between real and fabricated
news articles. Among the most effective models for NLP, tasks
are transformer-based architectures, such as BERT, RoBERTa,

GPT-2, and T5, which have demonstrated significant
improvements in text classification and information retrieval.

The objective of this research is to evaluate the
effectiveness of transformer-based DL models in detecting fake
news. By leveraging large-scale datasets, we train and fine-tune
models to classify news content accurately. Additionally, we
explore text summarization techniques to enhance efficiency,
enabling models to process large amounts of textual data while
reducing computational requirements. Furthermore, we
investigate the role of Al-generated content in spreading
misinformation by analyzing fake news generated using GPT-
2.

II. RELATED WORKS

The increasing spread of fake news has motivated extensive
research on automated detection techniques. Early approaches
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to fake news classification primarily relied on rule-based
systems and linguistic feature analysis. These methods,
however, struggled with scalability and adaptability to evolving
misinformation patterns [4]. The rise of Machine Learning
(ML) and DL techniques has significantly improved fake news
detection by enabling models to learn complex linguistic and
contextual patterns [5].

Several studies have explored traditional ML techniques
such as Support Vector Machines (SVM), Naive Bayes (NB),
and Decision Trees (DT) for fake news classification [6]. While
these models achieved moderate success, they often require
extensive feature engineering and lack the ability to generalize
well across different datasets. DL models, particularly
transformers, has provided more robust solutions for handling
large-scale textual data with minimal manual feature extraction.
One of the most influential transformer models in NLP is
BERT (Bidirectional Encoder Representations from
Transformers), which introduced bidirectional contextual
learning [7], allowing models to understand words based on
both preceding and succeeding context. Its fine-tuned versions,
such as RoBERTa, have demonstrated superior performance in
text classification tasks, including fake news detection.
RoBERTa removes the Next Sentence Prediction (NSP) task
from BERT’s training process and incorporates dynamic
masking, leading to more efficient and accurate
representations.

Another important approach to fake news detection
involves Generative Pre-trained Transformers (GPT-2 and
GPT-3). These models, while primarily designed for text
generation, have also been investigated for their ability to
generate and detect misinformation [8]. Research has shown
that Al-generated fake news exhibits linguistic patterns that
distinguish it from human-written content, enabling models to
classify news authenticity effectively. Additionally, some
studies have proposed hybrid models, combining BERT-based
feature extraction with Recurrent Neural Networks (RNNs) or
Long Short-Term Memory (LSTM) networks for improved
classification [9, 10]. By leveraging contextual embeddings
from BERT and sequential dependencies captured by LSTM:s,
these models achieve higher accuracy in fake news
classification tasks.

Recent advancements have explored multi-modal fake news
detection [11], integrating textual analysis with image and
video processing. Given the rise of misinformation in
multimedia formats, future research directions may involve
incorporating visual and contextual cues alongside textual
analysis for more comprehensive fake news detection systems.

Figure 1 in [12] illustrates the Transformer architecture,
which consists of an encoder-decoder structure leveraging self-
attention mechanisms and feed-forward neural networks. This
architecture forms the basis for advanced NLP models such as
BERT, RoBERTa, GPT-2, and TS5, which have been
extensively used in fake news detection.

1. METHODOLOGY

The methodology of this study is designed to systematically
evaluate the performance of transformer-based DL models in
fake news detection. This section describes the dataset

selection, preprocessing techniques, model architectures, and
training procedures employed in the research.

A. Dataset Selection
Two primary datasets were used for training and evaluation:

e Gonzalo/Fake News Dataset: This dataset consists of real
and fake news articles, providing a balanced corpus for
model training. It includes both headlines and full article
texts, allowing models to learn contextual differences
between genuine and fabricated news. They contain 40587
articles [13].

e (CC_News Dataset: Is a collection of real news articles used
to generate synthetic fake news samples using GPT-2. This
dataset helps in assessing how well models can differentiate
between Al-generated fake news and human-written
articles. It contains 708241 English language news articles
published between Jan 2017 and December 2019 [14].

B. Data Preprocessing

Preprocessing was a crucial step in optimizing the models
for classification accuracy. The following preprocessing
techniques were applied:

e Text Cleaning: Removal of special characters, HTML tags,
stopwords, and non-alphabetic tokens.

e Tokenization: Splitting text into individual words or
subwords using the BERT tokenizer, ensuring compatibility
with transformer-based models.

e Summarization: Application of the T5 model to generate
concise summaries of news articles, reducing computational
overhead while preserving key information.

e Padding and Truncation: Standardization of input sequence
lengths to match the transformer model's requirements.

e Label Encoding: Assigning numerical values to categorical
labels (1 for real news, O for fake news).

C. Model Selection and Architecture

The following state-of-the-art transformer models were
evaluated for fake news detection [15]:

e BERT: A bidirectional model pre-trained on vast textual
corpora, fine-tuned for classification tasks.

e RoBERTa: An optimized variant of BERT with dynamic

masking, enhancing contextual understanding and
classification accuracy.
e XLNet: is a transformer-based language model that

improves BERT by using a permutation-based training
approach. Unlike BERT, which masks words and predicts
them independently, XLNet considers all possible word
orderings during training, allowing it to better capture
context and dependencies. It also retains the benefits of
autoregressive models while handling bidirectional context,
leading to improved performance on various NLP tasks.

Figure 1 illustrates the complete workflow of the proposed
fake news detection system, starting from data acquisition and
preprocessing to model training and evaluation. The pipeline
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incorporates text summarization using a fine-tuned TS model,
followed by classification with RoBERTa (and BERT and
XLNet), and a final comparison between two trained models to
determine the best-performing approach.

RoBERTa demonstrated the highest accuracy and
efficiency in classifying fake news, making it the primary
model for final deployment.
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Fake news detection workflow using transformer models.

Fig. 1.

D. Model Training and Hyperparameter Tuning

The selected models were fine-tuned using supervised
learning on the prepared datasets. Key training configurations
included:

e Optimizer: AdamW with a learning rate of 1.25e-6.

e Batch Size: 16, chosen to balance memory efficiency and
convergence speed.

e Loss Function: Cross-entropy.

e Early Stopping: Implemented to prevent overfitting, halting
training if validation loss does not improve for three
consecutive epochs.

e Evaluation Metrics: Accuracy, Fl-score, precision, and
recall were used to measure model performance.

This methodology ensures a structured and efficient
approach to fake news detection, leveraging cutting-edge NLP
models and automated text processing. The next section
presents the experimental results and performance evaluation
of the proposed models.

Figure 2 depicts the various layers of our architecture,
starting with the input layer, which represents the contextual
word embeddings generated by the RoOBERTa model. This is
followed by an LSTM layer (768x256) and a classifier
consisting of three hidden layers and a binary output layer.
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Fig. 2. Architecture of the proposed methodology.

IV. EXPERIMENTS AND RESULTS

This section presents the experimental setup, evaluation
metrics, and performance analysis of the transformer-based
models employed for fake news detection. The objective is to
assess the classification accuracy, computational efficiency,
and robustness of various NLP models in identifying
misinformation.

A. Experimental Setup

The models were implemented using PyTorch [16] and the
Hugging Face Transformers library [17]. Training and
evaluation were conducted on a high-performance computing
environment, utilizing an NVIDIA RTX 5000 GPU with 32GB
RAM. The Paperspace Gradient cloud service was used for
model fine-tuning.

The dataset was split into training (60%), validation (20%),
and testing (20%) subsets to ensure a fair evaluation of model
performance. The training process was conducted over three
epochs, with early stopping enabled to prevent overfitting.

B. Evaluation Metrics
The following metrics were used to evaluate the model's
performance:

e Accuracy: Measures the overall percentage of correct
classifications.

e Precision: Evaluates the proportion of correctly classified
fake news instances.

e Recall: Measures the ability to correctly identify fake news
cases.

e Fl-score: The harmonic mean of precision and recall,
providing a balanced assessment of classification
performance.
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These metrics ensure a comprehensive evaluation of the
models' capabilities in detecting fake news.

C. Model Performance Comparison

About the training data, we used two datasets extracted
from the GonzaloA/Fake News dataset, DatasetO1 that
contained the concatenated title and body, and Dataset02 which
contained the summarized body (preprocessing).

ModelO1 is the RoBERTa -base model fine-tuned with
Dataset01 and Model02 is the RoBERTa -base model fine-
tuned with Dataset02.

TABLE I. RESULTS OBTAINED FROM THE TWO
RETURNED MODELS TESTING WITH HEADLINES
Pretrained Accuracy |Fl-score| Training
Model | Dataset model (%) (%) | time (min)
ModelO1 | DataSetO1 | RoBERTa-base 91.58 92 55
Model02 | DataSet02 | RoBERTa-base 97.87 98.2 14
TABLE II. RESULTS OBTAINED FROM THE TWO
RETURNED MODELS TESTING WITH NEWS BODIES
Pretrained Accuracy |F1-score| Training
Model | Dataset model (%) (%) _| time (min)
Model01 | DataSetO1 | RoOBERTa-base 98.39 98 55
Model02 | DataSet02 | RoBERTa-base 98.18 98 14

Table I presents the results of testing the models using
headlines. Model02 demonstrates a high F1-score of 98%, with
an overall accuracy of 97.87%. In contrast, ModelO1 yields the
lowest performance, with an Fl-score of 92% and an overall
accuracy of 91.58%. Table II displays the results obtained from
testing the models using news bodies. Both models achieve an
identical Fl-score of 98%. However, in terms of overall
accuracy, ModelO1 slightly outperforms Model02, attaining
98.39% compared to Model02's 98.18%.
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Fig. 3. Training and validation loss/accuracy of the proposed model.
Figure 3 illustrates the training and validation loss, as well
as the accuracy evolution of our best-performing model during
the training process. The steady decrease in both training and
validation loss indicates efficient learning with minimal
overfitting. Simultaneously, the accuracy curves show a
significant improvement over epochs, with validation accuracy

closely following the training accuracy. This confirms the
model’s strong generalization capability, ensuring high
reliability in distinguishing real and fake news.

D. Impact of Summarization on Model Efficiency

To optimize computational resources, T5-based text
summarization was applied before classification. The
summarized dataset allowed models to process shorter input
sequences, reducing training time while maintaining
classification accuracy.

e Without summarization, ROBERTa's training time was 55
minutes.

e With summarization, the training time decreased to 14
minutes, demonstrating a 75% reduction in computational
cost.

This finding highlights the benefit of summarization in
improving processing efficiency without compromising
accuracy.

E. Analysis of AI-Generated Fake News Detection

To evaluate the ability of transformer models to detect Al-
generated fake news, a separate experiment was conducted
using BERT and XLNet for unseen data. The results showed
that RoBERTa maintained an accuracy of 97.03%, while
BERT and XLNet showed respectively an accuracy of 84.21%
and 81.66%. The RoBERTa pre-trained model required a
longer training time compared to BERT but it achieved better
generalization. XLNet, on the other hand, had the highest
training time and memory consumption due to its
autoregressive-like architecture.

Figure 4 illustrates the precision, recall, and F1-score of the
proposed system. The high scores across all metrics indicate
strong classification performance, confirming the ability of our
model to accurately detect both real and fake news. The high
number of correctly classified instances in both classes
demonstrates the model's effectiveness. The minimal false
positive and false negative values indicate a well-balanced
classification capability.
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Fig. 4. Classification report of the proposed model.
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To evaluate the ability of the proposed transformer model
to detect fake news, another experiment was conducted using
SVM, NB, and DT for fake news classification for unseen data.
The results can be seen Tables III-V.

TABLE IIL NB PERFORMANCE

Precision Recall F1-score
0 0.78 0.93 0.85
1 0.91 0.75 0.82
Accuracy 0.84
Macro avg 0.85 0.84 0.84
Weighted avg 0.85 0.84 0.84

TABLE IV. SVM PERFORMANCE

Precision Recall F1-score
0 0.93 0.89 0.90
1 0.89 0.93 0.91
Accuracy 0.91
Macro avg 0.91 0.91 0.91
Weighted avg 0.91 0.91 0.91

TABLE V. DT PERFORMANCE

Precision Recall F1-score
0 0.87 0.61 0.72
1 0.70 0.91 0.79
Accuracy 0.76
Macro avg 0.79 0.76 0.76
Weighted avg 0.79 0.76 0.76

The results indicate that transformer-based models
outperform the SVM, NB, and DT methods, which achieved
accuracy values significantly lower than the accuracy achieved
by the proposed RoBERTa model.

F. Discussion

The results confirm that transformer-based models
significantly enhance fake news detection accuracy. The
findings indicate that:

e RoOBERTa is the most effective model due to its optimized
training and dynamic masking strategy.

e Text summarization reduces training time while
maintaining high classification performance.
e Al-generated fake news remains detectable, though

continuous improvements are necessary to adapt to
evolving misinformation tactics.

These insights highlight the potential of DL models to
address the growing challenge of misinformation detection in
digital media. The next section discusses the implications of
these findings and potential improvements for future work.

V. DISCUSSION

The results obtained in the previous section demonstrate the
effectiveness of transformer-based models in fake news
detection. This section discusses the key findings, their
implications, limitations of the current approach, and potential
directions for future research.

A. Key Findings

The experimental results confirm that RoBERTa
outperforms other models in fake news classification, achieving
the highest accuracy (97.87%) and Fl-score (98.2%). The
superior performance of RoBERTa can be attributed to its
optimized pre-training process, which removes the NSP task
and implements dynamic masking, allowing it to generalize
better for classification tasks. Additionally, the use of text
summarization significantly reduced computational costs
without affecting classification accuracy. This indicates that
reducing input sequence length through summarization
techniques such as T5-based text compression can enhance
model efficiency while preserving the ability to distinguish
between real and fake news.

The study also demonstrated that Al-generated fake news,
particularly content generated by GPT-2, remains detectable
using transformer models. RoBERTa maintained 97.03%
accuracy when distinguishing between real and Al-generated
misinformation. This highlights the potential of deep learning
models in counteracting Al-driven disinformation.

We compared our approach with key ML techniques
commonly used in fake news detection, such as SVM, NB, and
DT. The results demonstrated that our approach outperformed
the other methods.

B. Implications for Fake News Detection

The findings of this research have several practical
implications for fake news detection systems and digital media
regulation:

e Automated Fake News Detection: The deployment of DL-
based detection systems in social media platforms and news
agencies can enhance the identification of misinformation,
reducing its impact on public perception.

e Efficient Computational Approaches: The integration of
text summarization can optimize processing time, making
real-time detection feasible, especially for large-scale news
aggregation platforms.

e Countering Al-Generated Fake News: As Al-generated
misinformation becomes increasingly sophisticated, the
ability of transformer models to detect these threats
provides a first line of defense against Al-driven
propaganda.

From a practical perspective, these findings can benefit
industries such as e-commerce, customer service, and market
research by improving sentiment analysis, automated review
classification, and personalized recommendation systems.
Additionally, the methodology can be applied to other domains,
including healthcare and finance, where opinion mining and
text classification are critical for decision-making.

C. Limitations

Despite the promising results, several limitations must be
acknowledged:
e Dataset Bias: The models were trained on specific datasets,
which may not fully capture the diversity of fake news
formats across different languages and regions.
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e Generalization Issues: While RoBERTa performed
exceptionally well on the selected dataset, its effectiveness
on real-world, unseen misinformation needs further
validation.

e Lack of Multimodal Analysis: This study focused solely on
text-based detection. Fake news often includes multimedia
elements (images, videos, deepfake content), which were
not considered in this work.

D. Future Research Directions

Our study demonstrates that combining advanced word
embeddings (RoBERTa, BERT, and XLNet) with LSTM
classifiers significantly improves fake news classification
accuracy and robustness compared to traditional ML methods
such as SVM, NB, and DT. This finding reinforces the value of
DL-based hybrid models for handling uncertain
recommendations and complex textual data. To further enhance
fake news detection systems, future research should focus on
the following aspects:

e Multimodal Fake News Detection: Integrating image,
video, and text analysis using multimodal DL techniques to
improve detection accuracy.

e Cross-Language Adaptability: Expanding datasets to
multilingual news sources to create robust models capable
of detecting misinformation in multiple languages.

e Real-Time Deployment: Implementing lightweight DL
models for deployment on mobile and web-based
applications to facilitate instant fake news verification.

e Our architecture can be used in other fields of natural
language processing like sentiment analysis, where the
encouraging results in [18] showed the impact of utilizing
RoBERTa.

VI. CONCLUSION

The increasing prevalence of fake news poses a significant
challenge in the digital era, influencing public opinion, political
landscapes, and societal trust. This study explored the
effectiveness of transformer-based deep learning models in
detecting misinformation, especially RoBERTa which
outperformed the other considered transformer models. The
integration of text summarization techniques further optimized
computational efficiency without compromising detection
accuracy.

The results confirm that deep learning models, particularly
transformers, provide a powerful approach to fake news
detection. The ability of RoBERTa to classify both human-
written and Al-generated fake news highlights its potential as a
robust misinformation filtering tool. Additionally, the use of
GPT-2 for fake news generation and subsequent detection
demonstrated that Al-driven misinformation is distinguishable
using advanced NLP techniques.

While the findings are promising, several challenges
remain, including dataset biases, generalization issues, and the
need for multimodal analysis incorporating images, videos, and
social media behaviors. Future research should focus on

developing cross-lingual fake news detection systems, real-
time deployment solutions, and multimodal deep learning
approaches to enhance the robustness and applicability of
misinformation detection technologies.

In conclusion, this study contributes to the growing field of
Al-driven fake news detection by demonstrating the efficiency
of RoBERTa and text summarization in classification tasks.
The results provide a strong foundation for future
advancements in NLP-based misinformation detection, paving
the way for more reliable and scalable solutions in combating
digital disinformation.
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