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Abstract
The mass growth in popularity of misinformation and fake news has become more common through social media platforms and communication 

channels. When fake information is presented as authentic news, it can deceive people and undermine their trust, which is a problem known as 
counterfeit news. Detecting all fake news is difficult because of varied writing styles and constantly evolving methods of misinformation. This 
becomes even more challenging when news articles are short, informal, noisy and come from various domains, such as politics, celebrity news and 
general newspapers. This research study has implemented a natural language processing (NLP) framework and several machine learning models to 
detect fake news. Logistic regression, support vector machine (SVM), random forest, long short-term memory (LSTM), and DistilBERT models are 
applied across three different datasets, which are FakeNewsDataset, WELFake, and GossipCop. Data preprocessing techniques, such as tokenizing, 
lemmatizing, and removing stop words, are applied, with the SMOTE data balancing technique to adjust class imbalances. TF–IDF features are used 
for traditional machine learning models, token sequences are applied for the LSTM model, and contextual token embeddings are used for DistilBERT. 
All models are tuned to ensure an optimal model configuration for detecting misinformation and fake news. Logistic regression and SVM models 
showed high accuracy performance, while LSTM has better results with longer news. Also, the DistilBERT model demonstrated the highest overall 
generalisation by achieving 96% classification accuracy on FakeNewsDataset, 98% on WELFake, and 85% on GossipCop. These research findings 
support that transformer-based NLP models have proven to deliver high classification accuracy for fake news detection, especially for complex and 
unstructured written text.
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Introduction

The way of accessing and exchanging information has changed 
intensely in recent years due to the rise of digital platforms, par-
ticularly social media. Such easy-to-assess platforms have become 
central to how people consume news, due to speed and conve-
nience in the dissemination of information. This advancement 
has also introduced significant challenges, most notably the wide 

 

spread circulation of false or misleading content, which can lead 
to false information that causes people to make negative reactions 
and wrong decisions. As observed by Tian et.al. [1], the open nature 
of online platforms allows virtually anyone to post content, which 
results in the rapid spread of misinformation. Such content often 
goes without rigorous review, which influences public perception 

https://irispublishers.com/index.php
https://irispublishers.com/ijm


Iris Journal of Mathematics                                                                                                                                                   Volume 1-Issue 2

Citation: Hisham AbouGrad*, Fiza Riaz and Abdul Qadoos. DistilBERT-Based Binary Classification NLP-Framework to Enhance 
Misinformation and Fake News Detection Accuracy Performance. Iris J of Math. 1(2): 2026. IJM.MS.ID.000508. Page 2 of 8

and behaviour before factual corrections are revealed. The increas-
ing presence of fake news presents a serious threat to societal trust, 
informed decision-making, and even public health, emphasising the 
need for effective detection strategies.

In the digital age, fake news, intentionally deceptive or in-
correct information presented as legitimate news, spreads with 
alarming speed and reach. Its prevalence is exacerbated by algo-
rithm-driven recommendation models that prioritise sensational 
or emotionally charged stories. Further, Gupta et.al. [2] proved the 
overwhelming volume of misinformation being generated across 
platforms, such as LinkedIn, Facebook, and X (Twitter), making fake 
news more difficult to recognise. Social media’s capacity to ampli-
fy such content within seconds adds complexity to the challenge. 
The urgency to address fake news is reflected in ongoing efforts 
by governments, media organisations, and technology companies. 
Hence, this research study aims to address this issue by investigat-
ing how NLP and machine learning (ML) can be used to improve 
fake news detection. The research focuses on utilising the different 
models, such as logistic regression, SVM, random forest, LSTM and 
the DistilBERT transformer model, which is a lightweight alterna-
tive to BERT, known for its efficiency and contextual understanding 
[3]. It also addresses the problem of class imbalance by utilising 
the SMOTE technique. Thus, key questions explored in this research 
study include whether preprocessing techniques, such as tokenisa-
tion and stop-word removal, improve classification accuracy, how 
feature selection affects model performance, and how effective the 
chosen datasets are in supporting balanced learning. Overall, the 
study seeks to identify the most effective solution for detecting fake 
news with high accuracy and generalisability.

Related Work and State of the Art

Due to the quick dissemination of false information via social 
media and online news platforms, the detection of fake news has 
grown in importance. According to recent research studies, detect-
ing false news requires more than just text categorisation; it also 
requires knowledge of writing style, context, source reliability, user 
behaviour, and occasionally visual material. While current research 
has shifted toward deep learning, transformer-based models, and 
multimodal approaches, earlier studies primarily used convention-
al machine learning and natural language processing techniques.

Machine Learning and NLP-Based Approaches

Recent research indicates that false news can manifest itself 
in a variety of formats, such as text, photos, captions, headlines, 
and social media engagement patterns [4]. As a result, multimod-
al techniques that integrate textual and visual data can enhance 
detection effectiveness, particularly on social media platforms 
where deceptive content is frequently accompanied by emotionally 
charged words or photos [5]. Language-specific preprocessing and 
suitable model selection are crucial for enhancing classification ac-
curacy, as demonstrated by the application of NLP-based false news 
detection in non-English situations. Traditional machine learning 
models have limitations, even though they are helpful as baseline 
techniques [6]. They may find it difficult to convey deeper semantic 
meaning, sarcasm, emotional tone, informal writing, and contextual 

linkages between words since they frequently rely on surface-level 
qualities. Fake news content that is brief, loud, or gathered from 
social media makes this restriction more apparent.

Deep Learning and Transformer-Based Models

Deep learning methods have improved false news detection by 
learning sophisticated textual patterns directly from data. Hybrid 
models, such as CNN-BERT, have been implemented to capture both 
local and global semantic information, which boosts the ability of 
these models to understand bogus news content beyond a simple 
keyword pattern [7]. Word embeddings mixed with LSTM networks 
have also demonstrated significant results since LSTM models can 
process text sequentially and capture correlations between words 
in larger news items [8]. Multimodal and ensemble-based tech-
niques have significantly increased detection accuracy by com-
bining textual and visual features [9]. Conversely, Bi-LSTM models 
have been used to process text in both forward and backward di-
rections, which allows the model to understand the whole context 
of a sentence more effectively than ordinary LSTM models [10]. 
Also, CNN-BiLSTM models have been applied to Arabic false news 
detection, which proves the effectiveness of hybrid neural networks 
(NNs) for binary classification tasks [11]. Likewise, graph-based 
models have introduced another direction by analysing the links 
between news content, users, and social media interaction patterns 
[12].

Further, other studies have incorporated NLP and deep learn-
ing techniques to automate fake news identification and improve 
classification performance [13]. Feature engineering and explor-
atory data analysis (EDA) also remain crucial because the quality of 
data preparation directly influences model accuracy [14]. Ensem-
ble-based deep learning models, including Bi-GRU and Bi-LSTM ar-
chitectures, have shown good performance in fake news detection 
tests [15,16]. More inventive methods have turned textual data into 
image-based representations to improve feature extraction and 
classification. Transformer-based models have become increas-
ingly relevant because they provide higher contextual knowledge 
than typical machine learning models. BERT-LSTM models have 
been utilised for disinformation detection in mobile social me-
dia contexts [17]. Adversarial training approaches have also been 
utilised to improve model robustness against manipulated or de-
ceptive inputs [18]. Deep ensemble models integrating CNN and 
Bi-LSTM have achieved strong F1-scores in online false news de-
tection [19,20]. Sentence embeddings and deep learning have also 
been used to detect clickbait-style false information. Furthermore, 
temporal and textual elements have been implemented to improve 
rumour identification, suggesting that the timing and spread pat-
tern of information might support fake news categorisation [21].

Multilingual and Emerging Detection Approaches

Multilingual, cross-lingual, and multimodal techniques have 
been the focus of recent research studies on fake news identifica-
tion. The significance of language-specific models for non-English 
fake news detection has been demonstrated using Arabic trans-
former models to identify both human-written and generative ar-
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tificial intelligence (GenAI) misinformation [22]. The usefulness of 
multilingual transformer designs has also been utilised by apply-
ing ensemble transformer models, such as ELECTRA, mBERT, and 
XLM-RoBERTa, to Urdu fake news detection [23]. Combining tex-
tual and visual data can further increase classification accuracy, as 
demonstrated by multimodal models that include BERT and R-CNN 
features [24]. Because model performance is directly impacted by 
text preparation quality, standard NLP data preprocessing tech-
niques, such as tokenization, stemming, and vectorization, continue 
to be crucial to detect fake news and misinformation [25]. 

Several obstacles still exist despite these advancements, and 
many algorithms lose accuracy when dealing with brief, noisy, or 
informal information, but they do well on clean, structured data-
sets. Also, model fairness and biased predictions might be impacted 
by class imbalance. Further, a lot of studies only assess one model 
or one dataset, which makes it difficult to compare different areas 
fairly. Thus, logistic regression, random forest, SVM, LSTM, and Dis-

tilBERT are compared between three different datasets (i.e. Fake-
NewsDataset, WELFake, GossipCop) in this research study. Further-
more, the study uses SMOTE balance and preprocessing to provide 
an impartial and trustworthy assessment of transformer-based, 
deep learning, and conventional machine learning models for bina-
ry identification of fake news and misinformation.

Methodology and Methods

This research study implemented five different models instead 
of relying on one across three benchmark datasets to evaluate the 
effectiveness of various ML techniques for fake news detection, as 
shown in Figure 1. The selected models include logistic regression, 
random forest, SVM, LSTM and DistilBERT models.

Figure 1 exhibits the proposed model architecture, which has 
a combination that provides both traditional machine learning 
baselines and advanced deep learning architectures for a balanced 
comparison.

Figure 1: Architecture of Proposed Model.

Datasets and Data Preprocessing

The selected datasets for this research contain both real and 
fake news articles, labelled accordingly. The study datasets are: Fak-
eNewsDataset, Mendeley data repository dataset containing short 
news articles and claims, balanced across real and fake classes [26]; 
WELFake, a large-scale Kaggle data repository dataset combining 
multiple sources with long-form articles and rich information [27]; 
and GossipCop, a GitHub platform dataset focused on celebrity 
news, known for being more challenging due to shorter and less 
structured writing [28]. The false information and fake news detec-
tion challenge is structured as a binary classification problem. The 
merged dataset can be expressed as follows:

( ){ }{ }
{ }

1
, (1)

N
i i i

D x y
=

=

where D denotes the dataset, ix  is the 
thi  news article, iy  is 

the corresponding class label, and N represents the total number of 
news samples. The classification label is defined as:

0
(2)

1i

if the news article is real
y

if the news article is fake


= 


This formulation treats each article as an input text sample, 
with each label serving as the intended output for binary classifi-
cation. Since raw text often contains noise, a consistent data pre-
processing pipeline is applied, which involves the following steps: 
(1) Deduplication and removal of non-informative entries; (2) Text 
normalisation through lowercasing, punctuation stripping, and 
stop word elimination; (3) Lemmatization to standardise word 
forms; and (4) Tokenization for model-ready formatting. The data 
preprocessing pipeline converts each raw news article into a clean 
text representation.

( )' (3)i ix P x=
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where 
'
ix  represents the pre-processed version of the original 

article ix  and P (⋅) represents the preprocessing function, includ-
ing lemmatization, tokenization, stop-word removal, punctuation 
removal, and text normalisation. To mitigate class imbalance, the 
SMOTE technique algorithm was applied to ensure equitable rep-
resentation of both real and fake news instances during training, 
where SMOTE develops synthetic samples for the minority class 
by interpolating between a minority sample and one of its nearest 
neighbours [12].

{ } { }( ) (4)i inew nnx x x xλ= + −

Where { }newx  is the synthetic sample, ix  is a minority class sam-
ple, and { }nnx  is one of its nearest neighbours, while λ is a random 
number between 0 and 1.

Feature Engineering 

Different feature engineering methods are utilised depending 
on the model’s requirements. TF-IDF vectorization is used to con-
vert cleaned text into numerical features for logistic regression, 
random forest, and SVM. TF-IDF prioritises phrases that are rele-
vant in a document but are less common across the entire dataset. 
The TF-IDF score of a phrase t in document d can be calculated as:

( ) ( ) ( )
, , log (5)

1
NTFIDF t d TF t d

DF t
 

= ×   + 

where N is the total number of documents, ( )DF t  is the num-
ber of documents containing term t, and ( ),TF t d  is the frequency 
of term t in document d. To prevent division by zero, the +1 is uti-
lised.

For the LSTM model, the cleaned text is padded to a predeter-
mined length and transformed into token sequences. This enables 
the model to process the text in a sequential manner and identify 
word associations. The token sequence for each article can be rep-
resented as:

[ ]1 2 3, , ,..., (6)i mS w w w w=

where iS  represents the token sequence of the 
thi  article, 

1 2 3, , ,..., mw w w w  are word tokens, and m represents the maxi-
mum sequence length after padding.

The DistilBERT model processes the text using the DistilBERT 
tokenizer, which has a fixed sequence length of 128 tokens. Distil-
BERT, unlike TF-IDF, utilises contextual embeddings, which deter-
mine the meaning of each word based on surrounding words. Dis-
tilBERT’s tokenized input sequence formula is as follows:

[ ]1 2 3, , , ,..., , (7)i mT CLS t t t t SEP=

where iT  represents the tokenised input sequence of the 
thi  ar-

ticle, 1 2 3, , ,..., mt t t t  are sub-word tokens, and [CLS] and [SEP]. These 
are special tokens used for classification and sequence separation.

Model Training 

Each of the five models is trained separately on the three data-
sets to ensure a fair comparison. The purpose of training is to learn 
the relationship between the pre-processed news article and its 
class label. This learning process can be represented as:

( )'ˆ (8)
i

i x
y f

θ
=

where '
ix  is the pre-processed news article, fθ  represents the 

trained classification model, θ represents the model parameters, 
and ˆiy  is the predicted class label.

Logistic regression, random forest, and SVM models are trained 
with TF-IDF feature vectors. L2 regularisation is used in logistic re-
gression training to minimise overfitting. An ensemble of 100 deci-
sion trees is used by the random forest model to increase stability 
and lower volatility. Since the SVM model works well with high-di-
mensional text classification data, it employs a linear kernel. 

2
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Where w is the weight vector, C is the SVM penalty parameter, 
and  iξ  is the slack variable for classification errors or margin vi-
olations. A higher C penalizes classification errors more heavily, 
whereas a smaller C allows for more error tolerance and a wider 
margin. As a result, critical hyperparameters such as regularization 
strength, tree depth, and the SVM penalty parameter C are adjusted 
to improve model performance.

In the LSTM model, padded token sequences are processed 
through an embedding layer, then an LSTM layer, a dropout layer, 
and a dense output layer. The embedding layer translates tokens to 
numerical representations, whilst the LSTM layer detects sequen-
tial patterns in the text. Dropout is utilised to reduce overfitting, 
and early halting is done depending on validation loss. For the Dis-
tilBERT model, the pre-trained transformer model is run through 
the tokenized input. A classification layer receives the contextual 
representation produced by the classification token.

(10)i iz Wh b= +

where ih  represents the contextual output generated by Distil-
BERT, Wis the weight matrix, b is the bias term, and iz  is the output 
logit. The predicted probability of the fake news class is represent-
ed as:

( )'1 | (11)i i ip P y x= =

where ip  is the probability that the news article belongs to 
the fake class. The neural network-based models are trained using 
a binary cross-entropy loss function:

( ) ( ) ( )1

1 1 log 1 (12)N
i i i ii

L y p y p
N =

 = − + − −     
∑

where L represents the loss value, N represents the total num-
ber of samples, and iy  is actually the label, and ip  is the probabil-
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ity that is expected. This loss function helps the model distinguish 
between bogus and true news by penalising inaccurate predictions. 
Utilising the Hugging Face Transformers library, the DistilBERT 
model is optimised. The text is tokenized into up to 128-token se-
quences. The model is trained for three epochs using a weight de-
cay of 0.01, a learning rate of 5×10−5, and a batch size of 16. The 
best performing model is saved, and batching, padding, training, 
and validation are all handled by the Hugging Face Trainer.

Evaluation Metrics

The performance of the final model was assessed using the in-
dependent testing subset. The testing subset was not used for TF-
IDF fitting, SMOTE application, hyperparameter adjustment, early 
stoppage, or model choice. This guaranteed that the model’s accu-
racy, precision, recall, and F1-score represented its performance on 
unseen data. To assess the efficiency of the proposed false news de-
tection framework, various common classification measures were 
employed. These measures enable a fair comparison between deep 
learning models and conventional machine learning techniques 
and offer a thorough evaluation of model performance. Fake news 
detection is a binary classification job, and therefore, accuracy, pre-
cision, recall, and F1-score were used to assess each model’s perfor-
mance. Because they assess several aspects of classification quality, 
these metrics are frequently employed in research on text classifi-
cation and natural language processing [29].

Accuracy measures the overall proportion of correctly classi-
fied instances among all predictions made by the model. It provides 
a general overview of model performance and is calculated using 
the following formula: 

Accuracy = (TP + TN) / (TP + TN + FP + FN)	 (13)

where true positive (TP) represents fake news articles correctly 
classified as fake, true negative (TN) represents real news correctly 
classified as real, false positive (FP) represents real news incorrect-
ly classified as fake, and false negative (FN) represents fake news 
incorrectly classified as real [30]. While accuracy is useful for mea-
suring overall performance, it may not always provide a complete 
picture when dealing with imbalanced datasets. Therefore, addi-
tional evaluation metrics such as precision and recall are used to 
better understand classification behaviour.

Precision measures the proportion of correctly predicted posi-
tive instances among all instances predicted as positive. In the con-
text of fake news detection, precision indicates how many articles 
predicted as fake are fake [31]. Precision can be calculated as: 

Precision = TP / (TP + FP)			   (14)

A high precision score indicates that the model produces few-
er false alarms when identifying fake news. This is important in 

real-world practical applications where incorrectly labelling real 
news as fake may reduce trust in automated detection systems. Re-
call measures the proportion of actual positive instances that were 
correctly identified by the model. In fake news detection, recall rep-
resents how many of the actual fake news articles are successfully 
detected by the model. Recall is calculated as: 

Recall = TP / (TP + FN)				    (15)

A high recall value means that the model can detect most fake 
news instances, reducing the risk of misinformation spreading un-
detected. However, improving recall alone may sometimes increase 
false positives. To balance the trade-off between precision and re-
call, the F1-score is used. The F1-score is the harmonic mean of pre-
cision and recall and provides a balanced measure of classification 
performance [32]. It is calculated as: 

F1 Score = 2 × (Precision × Recall) / (Precision + Recall)	  (16)

The F1 score is particularly useful when evaluating models on 
datasets where both false positives and false negatives are import-
ant. In fake news detection, this metric helps determine whether 
a model can effectively identify misinformation while minimising 
incorrect classifications [33]. In addition to these evaluation met-
rics, statistical significance testing was examined to provide a more 
thorough comparison of models. This is significant because some 
models, such as logistic regression, SVM, and DistilBERT, produced 
remarkably similar findings on the FakeNewsDataset. In such in-
stances, a slight variation in accuracy should not be seen as con-
clusive evidence that one model is superior. McNemar’s test is ap-
propriate for comparing two classifiers on the same test set since 
it looks at cases in which one model properly identifies a sample 
while the other incorrectly classifies it. As a result, McNemar’s test 
is recommended for future validation of close model comparisons, 
particularly where stated accuracy and F1-score values are quite 
similar.

The evaluation results, as illustrated in Table 1, demonstrate 
that all models performed well overall, but their effectiveness dif-
fered among datasets. On the FakeNewsDataset and WELFake data-
sets, traditional ML models, including logistic regression, random 
forest, and SVM, proved high and consistent performance with 
accuracies between 95% and 97%, indicating their ability to han-
dle structured and balanced data effectively. However, on the noisy 
and unstructured GossipCop dataset, their accuracy fell to about 
80–82%. The LSTM model achieved 97% accuracy on WELFake but 
low on GossipCop, with just 76% accuracy and a poor F1-score of 
43%, indicating difficulties handling short or informal statements. 
In contrast, DistilBERT performed consistently across all datasets, 
particularly on the difficult GossipCop dataset, where it attained 
the highest accuracy of 85%.
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Table 1: Evaluation Metrics for Fake News Detection.

Models Datasets Accuracy F1 Score Precision Recall 

Logistic Regression 

FakeNewsDataset 97% 97% 97% 96%

WELFAKE 95% 95% 96% 95%

GossipCop 81% 82% 83% 81%

Random Forest 

FakeNewsDataset 96% 96% 96% 96%

WELFAKE 95% 95% 95% 94%

GossipCop 82% 76% 76% 77%

Support Vector Machine – SVM 

FakeNewsDataset 97% 97% 97% 97%

WELFAKE 96% 95% 96% 96%

GossipCop 80% 75% 74% 77%

LSTM 

FakeNewsDataset 77% 77% 82% 78%

WELFAKE 97% 97% 97% 97%

GossipCop 76% 43% 38% 50%

DistilBERT 

FakeNewsDataset 96% 95% 95% 94%

WELFAKE 98% 98% 98% 98%

GossipCop 85% 85% 84% 85%

Overall, these results confirm that while classical models are 
fast, reliable, and effective for well-structured data, they lack the 
contextual learning power required for noisy real-world text. Deep 
learning models, especially DistilBERT, consistently deliver superi-
or generalization and adaptability.

Discussions and Findings

The performance of logistic regression, random forest, SVM, 
LSTM, and DistilBERT models was evaluated on three benchmark 
datasets, which are summarised in Figure 2. 

Figure 2: Comparison of different Models.

The conventional machine learning models performed well 
on the FakeNewsDataset. With 97% accuracy, logistic regression 
and SVM outperformed random forest and DistilBERT. The se-

quence-based model performed less well on this dataset, as evi-
denced by LSTM’s 77%. This indicates that TF–IDF-based classical 
models can frequently manage structured datasets with distinct 
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lexical patterns. The DistilBERT model had the best accuracy of 
98% on the WELFake dataset, followed by LSTM at 97%, SVM at 
96%, logistic regression, and random forest at 95% accuracy. This 
suggests that additional contextual information is provided by lon-
ger and richer news stories, which helps transformer-based and 
deep learning models. The GossipCop dataset was the most chal-
lenging dataset. The performance of all models declined compared 
with the other datasets. The DistilBERT model achieved the stron-
gest result with 85% accuracy and 85% F1-score. Logistic regres-
sion achieved 81% accuracy, random forest achieved 82%, SVM 
achieved 80%, and LSTM achieved 76%. The weaker performance 
on GossipCop appeared to be due to shorter text, informal writing, 
celebrity-focused content, and a more ambiguous language pattern.

Based on error analysis experiments, misclassifications are 
more likely to occur in short, informal, or confusing articles. This 
problem was most evident in the GossipCop dataset, where celeb-
rity-related news frequently incorporates emotional terminology, 
clickbait-style phrasing, and insufficient contextual information. 
Traditional machine learning methods may misclassify such sam-
ples because TF-IDF features are primarily reliant on word-fre-
quency patterns and cannot completely comprehend context. The 
LSTM model also performed poorly on GossipCop, possibly due to 
the limited sequential information given in shorter texts. The Distil-
BERT model outperformed this dataset because its attention mech-
anism is more adept at capturing contextual interactions between 
words. However, DistilBERT may misclassify articles that require 
external factual verification, background knowledge, or source 
credibility assessments. 

Future evaluations should take out-of-sample testing circum-
stances into account to increase the proposed framework’s prac-
tical applicability in people’s everyday activities. While stratified 
training and testing divides provide a controlled experimental sce-
nario, real-world fake news detection systems are frequently used 
to deal with novel topics, unexplored domains, and evolving pat-
terns of disinformation. Cross-dataset evaluation, in which a model 
trained on one dataset is tested on another, is one practical case. 
For example, to investigate how effectively a model trained on Fak-
eNewsDataset or WELFake generalises to noisier celebrity-related 
content, it may be tested on GossipCop. A time-based split is an ad-
ditional situation in which more recent news articles are utilised 
for testing and older ones are used for training. Since misleading 
patterns evolve over time, this would more accurately reflect ac-
tual deployment. Determining where each model performs well 
or poorly can also be facilitated by domain-based testing, such as 
assessing political, health, entertainment, and general news inde-
pendently.

Conclusion

The effectiveness of several machine learning models and deep 
learning approaches has been evaluated in this research study for 
fake news detection across well-trusted datasets with diverse tex-
tual characteristics. The research findings indicate that while clas-
sical machine learning models remain reliable baseline approaches, 
their effectiveness is largely dependent on the structure and qual-

ity of the data. These models perform well when textual content 
follows consistent patterns, but their performance declines when 
dealing with shorter, informal, or noisy text commonly found in 
online media sources. Deep learning models offer improved con-
textual understanding, particularly when analysing longer articles 
where relationships between words can be learned more effective-
ly. The transformer-based DistilBERT model has outperformed the 
other models throughout all datasets processes, and in particular, 
the WELFake and GossipCop datasets. Traditional models, such as 
logistic regression and SVM, remained extremely competitive in the 
more structured FakeNewsDataset. Its contextual attention mech-
anism enables the model to capture semantic relationships within 
text more effectively than traditional feature-based methods, which 
allows it to better recognise complex false news and misinforma-
tion patterns. 

The findings of this study highlight the increasing importance of 
transformer-based NLP models in addressing the challenges posed 
by misinformation in modern digital environments. In addition to 
model selection, the results emphasise the role of careful prepro-
cessing and balanced datasets in improving the reliability of clas-
sification systems. While the proposed framework shows strong 
performance across multiple datasets, further advancements are 
necessary to improve the adaptability of fake news detection sys-
tems in real-world applications. Future research may focus on ex-
tending these models to multilingual environments, integrating 
multimodal information such as images and videos, and developing 
scalable real-time detection systems capable of analysing rapidly 
evolving online content. Such developments would contribute to 
more robust and practical misinformation detection frameworks 
that support trustworthy information dissemination in digital plat-
forms.
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