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Abstract:-The rapid growth of social media and digital communication platforms has increased the spread of
misinformation. This threatens public trust, democracy, and health communication. As a result, detecting fake news has
become a major focus in Natural Language Processing (NLP) research. Traditional machine learning methods, such as
Logistic Regression and Support Vector Machines, are widely used, but they struggle to capture the meaning and context
of text. Recent advancements in transformer-based models, including BERT and RoBERTa, have achieved top results in
several NLP tasks by using self-attention and contextual embedding techniques.This study presents a hybrid approach
that combines a literature review with a comparative experimental study using the ISOT Fake News Dataset. We compared
the baseline Logistic Regression classifier with TF-IDF features to transformer-based models, specifically BERT and
RoBERTa. The results show that transformer models outperformed traditional classifiers across all metrics. This
demonstrates their better understanding of context and ability to generalize.
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. INTRODUCTION:

models have demonstrated superior performance in
semantic understanding and classification tasks [24].
This study compares BERT and RoBERTa against
traditional approaches, emphasizing their ability to

The growth of social media has revolutionized how
people consume information [1-2]. However, the lack

of editorial oversight allows misinformation to spread
faster than verified news [3]. Fake news can manipulate
opinions, create panic during crises [4], and erode
institutional trust [5-9].Traditional fake news detection
models such as Logistic Regression [10-13] and
Support Vector Machines rely on statistical text
features like n-grams and TF-IDF [14-16]. While
effective to some extent, they fail to capture
contextual relationships within language
[17].Transformers like BERT and RoBERTa have
introduced a new era of text understanding by
leveraging self-attention [18] to model relationships
between all words in a sequence [19-23]. These

capture context and semantics for fake news detection
[25] [26].

1. LITERATURE REVIEW:

Alshuwaier and Alsulaiman [1-5] presented a
comprehensive review of machine learning and deep
learning techniques for fake news detection, noting
their limitations in contextual interpretation [27].
Hamed et al. [2] analyzed dataset challenges and
feature representation [28], emphasizing the
limitations of conventional feature engineering [29].
Park and Chai [7-10] developed user-based
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classification models that showed accuracy
improvement but lacked advanced NLP integration
[30]. Hussain et al. reviewed multi-modal and multi-
domain datasets, noting semantic limitations in
conventional models [31]. Almarashy et al. enhanced
detection with multi-feature classification [20] but
struggled with feature complexity [32]. Further studies
explored transformer architectures [22], adversarial
robustness, and multilingual extensions, collectively
concluding that transformer-based architectures
significantly outperform traditional models [33].
Despite advancements in machine learning and
transformer architectures [34], limited research
compares the performance of traditional models with
transformer-based models like BERT and RoBERTa on
benchmark datasets [35]. This study aims to bridge
that gap through comparative analysis[36].

. METHODOLOGY:

Dataset

The ISOT Fake News Dataset (University of Victoria)
was used, consisting of around 44,000 articles (21,000
fake, 23,000 real). Each record includes a title, text, and
label, making it suitable for supervised binary
classification.

Data Preprocessing

1. Data Cleaning: Removal of punctuation,
numbers, and special characters.

2. Lowercasing: Conversion of text to
lowercase.

3. Stopword Removal: Elimination of common
uninformative words.

4. Tokenization: Splitting text into tokens.

5. TF-IDF Feature Extraction: Used for Logistic
Regression.

6. Transformer Tokenization: Input text
padded and truncated to fixed length for BERT
and RoBERTa.

Models Used

e Baseline: Logistic Regression with TF-IDF.

e Transformers: BERT and RoBERTa fine-tuned
on the ISOT dataset.

Introduction to Transformer Models

e BERT(Bidirectional Encoder Representations
from Transformers):
BERT is a bidirectional transformer model
developed by Google. It is pretrained on large
English corpora such as BooksCorpus and
Wikipedia, allowing it to learn deep
bidirectional representations of text. Unlike
traditional models that read text sequentially,
BERT considers both left and right context
simultaneously.  This  enables  superior
understanding of semantic meaning and word
dependencies in context.
e RoBERTa (Robustly = Optimized  BERT

Pretraining Approach):
RoBERTa, developed by Facebook Al, is an
enhanced version of BERT. It removes the
Next Sentence Prediction (NSP) objective
used in BERT, employs larger mini-batches,
more training data, and dynamic masking
during pretraining. These optimizations allow
RoBERTa to capture richer contextual
embeddings and achieve better
generalization across different NLP tasks.

Fig 1 shows a Fake News Detection System where

input text is processed using BERT and RoBERTa

models for classification.

Fake News Detection System using BERT & RoBERTa

The newspaper reported that

the politician made a
controversial statement

The politician, known for RoBERTa

his
ma: L
has sparked de e.

Evaluation Metrics,
« Accuracy
* Precision
* Recall

« Fi-Score

Input

Fig 1:Fake News Detection System using Bert &
RoBERTa

Algorithmic Steps
Algorithm 1: BERT for Fake News Detection
1. Load pre-trained BERT-base model and
tokenizer.
2. Tokenize and encode dataset (text -
embeddings).
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3. Fine-tune BERT with classification head on
ISOT dataset.

4. Train using Adam optimizer with learning rate
2x107° times.

5. Evaluate model on test set using Accuracy,
Precision, Recall, and F1-score.

Algorithm 2: RoBERTa for Fake News Detection

1. Load RoBERTa-base pre-trained model and
tokenizer.

2. Apply dynamic masking during fine-tuning.

3. Train on ISOT dataset with batch size 16 and 2
epochs.

4. Evaluate and compare performance with BERT
and baseline.

Evaluation Metrics

e Accuracy: Correct predictions over total
samples.

e Precision: Correct fake news predictions
among predicted fake.

e Recall: Correct fake news predictions among

actual fake.
e F1-Score: Harmonic mean of precision and
recall.
4.RESULT:

Table 1: comparative performance of the three
models on the ISOT dataset

Model Accuracy | Precision | Recall | F1-
Score

Logistic 81.2% 80.6% 81.5% | 81.0%

Regression

(TF-IDF)

BERT 91.3% 90.9% 91.7% | 91.2%

RoBERTa 93.1% 92.7% 93.5% | 93.0%

Table 1 summarizes the comparative performance of
the three models on the ISOT dataset.

Table 1 presents a comparative performance analysis
of three different machine learning models: Logistic
Regression (TF-IDF), BERT, and RoBERTa.The models
are evaluated across four key metrics: Accuracy,
Precision, Recall, and F1-Score, all presented as
percentages.[32],[35]The Logistic Regression model,
which uses a TF-IDF feature representation, shows the
lowest performance, with an F1-Score of 81.0%.Both
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BERT and RoBERTa models demonstrate significantly
superior performance compared to Logistic
Regression, with F1-Scores of 91.2% and 93.0%,
respectively.Overall, the RoBERTa model achieves the
highest scores in all metrics, suggesting it is the best-
performing model for this task on the ISOT dataset.

Performance Metrics of RoBERTa

Fig 2:Performance Metrics of ROBERTa

Performance Metrics of BERT

Fig 3:Performance Metrics of BERT

From Fig 2 and Fig 3, The baseline model achieved
reasonable accuracy, demonstrating that basic textual
cues can distinguish fake news. However, both BERT
and RoBERTa significantly outperformed traditional
methods due to their contextual embeddings.RoBERTa
surpassed BERT owing to its dynamic masking, larger
pretraining data, and improved optimization, aligning
with prior research [8], [9], [11], [14],[31].A line graph
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visualization clearly shows the performance gain of
transformer-based approaches.

Camparnson of Model Accuracy over Training Epoechs

——— BENY

——— Rl

Fig 4 :Comparision of Model Accuracy over
Training Epochs

From Fig 4 : The RoBERTa model exhibits the highest
accuracy among the three models, starting around
87% and steadily improving to approximately 93% by
the 10th epoch. [41],[25]This indicates that ROBERTa
learns contextual representations more effectively and
converges faster compared to other models. The BERT
model begins at a slightly lower accuracy of 85% and
reaches about 91% by the final epoch, showing strong
and consistent performance throughout training. The
Logistic Regression model, based on TF-IDF features,
starts around 72% and gradually rises to about 81%,
demonstrating a steady but limited improvement.
Overall, RoBERTa outperforms both BERT and Logistic
Regression, confirming that transformer-based
architectures  achieve superior accuracy and
contextual understanding in fake news detection
tasks.

V. CONCLUSION AND FUTURE WORK:

This study presents a comparative analysis of
traditional and transformer-based models for fake
news detection. Results confirm that BERT and
RoBERTa outperform Logistic Regression by a
significant margin inboth accuracy and contextual
understanding.RoBERTa, in particular, demonstrated
the best performance due to its optimized training
and robustness.Future work may explore multilingual,
multimodal, and explainable Al approaches to

improve transparency and global adaptability.
Lightweight transformers such as MobileBERT could
also enable efficient real-time fake news detection.
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