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Abstract: Social media news pages and online news portals have 

significantly grown in popularity among the users across the globe for 

accessing the latest and important news. Unlike traditional newspapers, 

online news portals and social media provide the news round the clock and 

can be accessed from any location free of cost. However, the internet sources, 

especially the social media, have also become a dangerous tool for spreading 

misinformation and fake news causing severe damages to the life and 

property in the society. It has become imperative to find ways to distinguish 

authentic news from the misinformation on the internet to avoid social unrest 

and negative consequences. The current study makes the stance detection in 

news possible by extending the state-of-the-art COVAX reality dataset 

through the addition of two key features of a news body and a news summary. 

In addition, our study contributes a novel method comprising three different 

text summarization techniques (LEAD-3, sequence-to-sequence (Seq2Seq), 

and Bidirectional Encoder Representations from Transformers (BERT)) to 

authenticate the online news content. The BERT model consistently 

outperformed the other two models by achieving the best precision value 

(89.57%), Recall (91.84%), F-measure (90.64%) and BERT score (0.833). 

Our findings also prove the feasibility of using the transformer-based model, 

ELECTRA-Large, to combat the spread of fake news with 89.07% accuracy.  

 

Keywords: BERT, Text Summarization, Fake News Detection, Stance 

Detection, NLP 

 

Introduction  

Fake news has spread widely in last few years and 

has posed a significant challenge to societies 

worldwide. The rapid spread of misinformation has 

undermined trust in traditional and non-traditional 

news sources. As a result, there is a need to combat the 

side effects of fake news propagation through the use 

of machine learning and NLP techniques (Chen, Lai, & 

Lian, 2023) (Ruffo et al., 2023) (Ahmed et al., 2023) 

(Devarajan et al., 2023). 

The text summary is the task of condensing text 

content into a precise version while emphasizing the 

main points. Human-written summaries can produce 

pieces of text that are not in the source. Therefore, there 

is a need to create an AI model that can summarize text 

as close to a human-written summary as possible. In the 

context of fake news detection, abstractive text 

summarization techniques are employed to generate 

informative and coherent summaries that capture the 

essence of the original news articles (Onah, Pang, & 

El-Haj, 2022). 

Our research focuses on the development and 

evaluation of an ML-based model for the fake news 

detection. The model leverages a diverse set of NLP 

features, such as linguistic, stylistic, contextual, and 

abstractive summaries. The objective is to construct a 

predictive model that can discern between authentic 

and fake news articles, thus providing a foundation for 



Saad Ahmed et al, Journal of Computer Science 2025, 21(11): 2570-2580 

DOI: 10.3844/jcssp.2025.2570.2580 

 

2571 

the development of more robust and efficient fake news 

detection systems (Elyassami et al., 2022). 

This research paper focuses on a comprehensive 

approach to fake news detection by integrating multiple 

techniques, including BERT, stance detection, and 

sequence-to-sequence attention models. The primary 

objective is to construct a powerful model that can 

effectively identify fake news articles by extracting 

essential information, analyzing the generated 

summaries, and detecting the stance portrayed in both 

the news title and the AI-generated news summary. 

The BERT model is employed to enhance the fake 

news detection process. This model leverages the 

extracted summaries and utilizes transformer-based 

mechanisms to capture the interdependencies between 

different parts of the text. By considering contextual 

relationships and dependencies, the model can discern 

rules that indicate fake news and improve the accuracy 

of the detection process.   

Objectives 

Our study aims to achieve the following goals: 

• A new and all-encompassing approach for 

identification of fake news by enriched COVAX-

Reality dataset. 

• To create a model that uses text summarization 

with stance detection by utilizing BERT between 

the generated summary and the news headline. 

• A valuable addition to current initiatives aimed at 

curbing the propagation of fake news by offering a 

detailed examination of both context of news 

stories and the content. 

• An extensive evaluation of three techniques - 

Seq2Seq, LEAD-3 and BERT, using BERT Score 

and ROUGE metrics, along with an analysis of 

precision, F1-score, and recall. 

Literature Review 

We explore the text summarization techniques 

related work in this section. We focus on various deep 

learning techniques that are used to summarize the text. 

Furthermore, it also highlights the techniques used for 

stance detection and summary evaluation. (Saha Joy et 

al., 2022) focus on detecting COVID-19 related fake 

news. 

The authors used (SVM) Support Vector Machine 

(Zhang, 2001) and achieved a high F1-score of 93.32% 

for classification of fake and real news. The authors 

also utilized ensemble methods and a heuristic 

algorithm to detect fake COVID-19 tweets, 

incorporating username and link domains. Multiple 

models, such as Bidirectional Encoder Representations 

from Transformers (BERT), Convolutional Neural 

Network (CNN) (Gu et al., 2018), and Long Short-

Term Memory (LSTM) (Hochreiter & Schmidhuber, 

1997) were employed in detecting fake news using the 

Covid 19 Fake News dataset. Language models like 

BERT (Devlin & Chang, 2018), ALBERT (Soricut & 

Lan, 2019), and XL- NET (Yang et al., 2019) were 

utilized in another re- search study to detect COVID-

19 fake news.  

The authors emphasized the importance of detecting 

misinformation related to global epidemics and 

proposed five different models, with RoBERT (Liu et 

al., 2019) performing the best; It achieved precision of 

97%, recall of 99%, and F1 scores of 98%. The model 

was able to achieve 99% precision, 96% recall, and 

98% F1 scores for the fake class. Additionally, a hybrid 

model combining BERT and ALBERT showed 

promising results (Hande et al., 2021)]. 

(Petrescu et al., 2023) introduced the EDSA-

Ensemble model, a novel approach that uses event 

detection with sentiment analysis for sentiments 

extraction from social networks. The model integrates 

network analysis and machine learning, bridging the 

gap between two isolated communities – NLP and the 

network analysis. The evaluation of sentiment analysis 

algorithms indicates that employing an ensemble 

model with multiple models and text preprocessing 

techniques improves sentiment detection results. The 

proposed EDSA- Ensemble model outperforms 

individual models and accurately determines the 

overall sentiment of an event. Future work involves 

enhancing the model with additional Sentiment 

Analysis models based on CNN and Generative 

Adversarial Networks (GAN) (Creswell et al., 2018), 

and expanding the text preprocessing module with 

various word and transformer embedding methods, 

e.g., FastText (fastText, 2019), GloVe (Global Vectors 

for Word Representation) (Pennington, Socher, & 

Manning, 2014), to identify and mitigate hate speech 

and misinformation spread in communities. 

(Suryavardan et al., 2023) focus on the publication 

of a substantial real-world dataset that includes both 

text and image inputs, aiming to advance machine 

learning approaches for multimodal fact verification. 

The authors conduct data analysis and release baseline 

models to highlight the challenges and potential for 

improvement in this field. The study suggests enriching 
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the dataset with the reasoning behind the classification 

of fake news and exploring the use of synthetic data to 

add complexity to the refute category. The baseline 

results demonstrate the effectiveness of using a Vision 

Transformer (ViT) (Zlatkova, Nakov, & Koychev, 

2019) for extracting visual features and a Sentence-

BERT (SBERT) (Jindal et al., 2019) for textual 

features, achieving a F1 score of 0.6499. The 

comparison of different models highlights the 

significance of images in the task and the improvement 

obtained by using the ViT model over the ResNet 

(Singhal et al., 2019) model. 

In research related to text summarization and its 

evaluation techniques, (Liu et al., 2020) discuss the 

differences between two types of summaries: human-

written and computer-generated. It emphasizes the 

importance of creative ability in computer-generated 

summaries to make them more similar to human-

written summaries. The effectiveness of deep learning 

models, particularly in text summarization tasks, is 

heavily influenced by the quality, structure, and 

representativeness of the datasets used for training and 

evaluation. The lack of abstractive datasets in Chinese 

long text summarization is highlighted, with the 

existing dataset being extractive in nature, leading to 

the generation of unoriginal summaries. The authors 

propose a new dataset called CLTS+ that addresses 

these limitations by paraphrasing reference summaries 

and correcting factual inconsistencies. They also 

present an inherent metric based on co-occurrence 

words to assess the dataset quality. The authors 

summarize their contributions, including the creation 

of the CLTS+ dataset and an analysis of its proper- ties, 

as well as the evaluation of baselines and out-of-

domain data. The CLTS+ dataset shows promise in 

improving the creative ability of models and can serve 

as a benchmark for automatic text summarization in 

Chinese. 

(Hsu et al., 2018) provide an overview of related 

research works in neural network-based extractive 

summarization and abstractive summarization. 

Extractive summarization methods utilize neural 

networks to select sentences based on sentence vectors, 

while abstractive summarization methods use 

attention-based encoders to generate summaries. The 

paper also discusses the challenges of extractive 

methods in terms of readability and highlights various 

techniques employed in abstractive methods, such as 

pointer networks and attention constraints. 

Additionally, the paper introduces the concept of 

hierarchical attention and proposes a unified model that 

combines the strengths of both abstractive and 

extractive approaches. The model incorporates 

sentence-level attention from extractive methods and 

word-level attention from abstractive methods. An 

inconsistency loss function is introduced to enhance the 

cooperation between these two levels of attention. 

Experimental results demonstrate that the proposed 

model achieves superior results in terms of ROUGE 

scores, informative-ness, and readability compared to 

other baselines on the Daily Mail/CNN dataset. 

The authors in (Islam et al., 2021) address the 

critical challenge of fake news detection on social 

media by proposing a novel three-step approach that 

leverages natural language processing and machine 

learning techniques. Firstly, it involves stance 

detection to assess the alignment of the news article’s 

title with its content. Then it checks the credibility of 

the author. Finally, numerous machine learning 

algorithms, including decision random forest, trees, 

support vector machine (SVM) and logistic regression 

are employed to classify news as real or fake. The SVM 

algorithm yielded the highest accuracy of 93.15%. It 

also serves as a groundwork for future research in the 

domain fake news detection, as it offers a unique three-

step approach that has not been explored previously. 

Additionally, the research suggests the potential 

development of a commercial tool for tagging news as 

fake and providing credibility ratings. 

Another similar approach (Qaiser et al., 2023) on 

fake news detection discusses the growing problem of 

misinformation and fake news in the digital age, 

emphasizing its impact on various aspects of society. 

The research aims to use three machine learning 

algorithms (Passive Aggressive Classifier (PAC) 

(Crammer et al., 2006), Naïve Bayes(NB) (Xu, 2018), 

SVM), three deep learning models (Recurrent Neural 

Net- work (RNN), CNN, Bidirectional LSTM (Liu, 

Sun, Lin, & Wang, 2016)) and transformer based 

models (ELECTRA-SMALL, BERT, and ELECTRA-

LARGE (Clark, Luong, Le, & Manning, 2020)) 

are used to analyze the data set’s performance. The 

proposed methodology involves three main phases: 

dataset extension, data pre-processing, and an 

inference engine. The dataset is enhanced with real-

time news, combining fake and real news samples. Data 

pre-processing includes removing special characters, 

stop words, and lemmatization to improve data quality. 

The inference engine uses various machine learning, 

deep learning models, and transformer-based models to 

classify news articles as fake or real. Results indicate 

that the ELECTRA LARGE model out- performs other 

deep learning methods, achieving an impressive 

85.11% accuracy. 
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Table 1: Structured Literature Review 

Authors Focus Area Techniques/Models Used Dataset/Source Key Findings 

Saha Joy et 

al., 2022 

Fake news 

detection 

(COVID-19) 

SVM, ensemble methods, heuristic 

algorithms, CNN, BERT, LSTM, 

RoBERTa, ALBERT, XLNet 

COVID-19 Fake 

News Dataset 

RoBERTa achieved 98% F1, 

hybrid BERT+ALBERT also 

promising 

Petrescu et al., 

2023 

Sentiment 

analysis from 

social networks 

EDSA-Ensemble model (event 

detection + sentiment), CNN, 

GAN, FastText, GloVe 

Not specified EDSA-Ensemble outperforms 

individual models; future work to 

improve hate speech detection 

Suryavardan 

et al., 2023 

Multimodal fact 

verification 

Vision Transformer (ViT), SBERT, 

ResNet 

New real-world 

dataset (text + 

image) 

ViT + SBERT yielded better 

macro F1 (0.6499) than ResNet; 

visual input is crucial 

Liu et al., 

2020 

Chinese text 

summarization 

Dataset: CLTS+; co-occurrence-

based metric for evaluation 

CLTS+ Dataset improves creativity and 

factual correctness in long-text 

summarization 

Hsu et al., 

2018 

Extractive & 

abstractive 

summarization 

Unified model: sentence-level + 

word-level attention, pointer 

networks, hierarchical attention 

CNN/Daily Mail Proposed model outperforms 

baselines in ROUGE, readability, 

informativeness 

Islam et al., 

2021 

Fake news 

detection (social 

media) 

Three-step NLP + ML approach: 

stance detection, author credibility, 

SVM, decision trees, RF, LR 

Not specified SVM highest accuracy (93.15%); 

proposed commercial tool for 

fake news tagging 

Qaiser et al., 

2023 

Fake news 

detection 

ML: PAC, Naïve Bayes, SVM; DL: 

RNN, CNN, BiLSTM; 

Transformers: BERT, ELECTRA 

SMALL/LARGE 

Real-time 

enhanced dataset 

ELECTRA LARGE achieved 

85.11% accuracy; best among all 

models 

Wang, 2017 Text 

summarization 

techniques & 

evaluation 

Graph-based (TextRank, 

LexRank), ML (SVM, clustering), 

DL (RNN, CNN, LSTM), 

Transformer (BART, PEGASUS, 

LongT5), GANs 

Review paper Comprehensive taxonomy and 

technical breakdown of ATS 

approaches; challenges in 

hallucination, evaluation metrics, 

and future directions 

Table 1 summarizes the current related literature 

review for the research. In addition, this (Wang, 2017) 

comprehensive survey explores the evolution and 

methodologies of automatic text summarization (ATS), 

focusing on extractive, abstractive, and hybrid 

techniques. It categorizes summarization based on 

document type, summary style, domain, and language, 

and presents traditional and modern methods like 

graph-based models (TextRank, LexRank), ML 

algorithms (SVM, clustering), and deep learning 

models (LSTM, RNN, CNN).  

Abstractive summarization approaches such as 

Seq2Seq, GANs, PEGASUS, LongT5, and BART are 

discussed in-depth, along with evaluation techniques 

including ROUGE, BERT Score, and cosine similarity. 

The paper highlights challenges like resource 

consumption, hallucinations in generative models, and 

the need for improved creativity and semantic 

coherence. 

Materials and Methods 

The suggested model described this module that 

was developed for training and tuning data using the 

extended version of the COVAX-reality dataset 

In Figure 5, the primary elements of the architecture 

are shown, and the comprehensive description of the 

components are as follows: 

1. COVAX-Reality dataset enrichment 

2. Text summarization 

3. Stance detection using text similarity 

4. News Detection 
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Fig. 1. A Sample of the dataset showing the features of the dataset. 

 
Fig. 2. Dataset Enhancement Process

 

COVAX-Reality Dataset Enrichment 

Many datasets are available that contain data related 

to fake and real news (Wang, 2017; Shu, 

Mahudeswaran, Wang, Lee, & Liu, 2020). The dataset 

has proven effective in research applications, with 

many researchers achieving higher accuracy. The main 

problem of these datasets is that the majority of the 

dataset contains data about general news items. This 

research study mainly focuses on the COVID-19 

vaccination news and very few datasets were available 

that deals with COVID-19 vaccination news. Due to 

this, the COVAX-Reality dataset is prepared, it 

specially provides the news about COVID-19 

vaccination. A novel data set, COVAX-Reality (Qaiser 

et al., 2023) was chosen for this work. The dataset 

includes the following five features: "Id," "Title," 

"Link," "Author," and "Label." There are 2050 records 

in the dataset, 1210 of which are classified as legitimate 

news, while the rest of the records are false news. This 

dataset is dedicated to only COVID-19 vaccine-related 

news. All the news records were crawled from various 

trusted resources, such as PolitiFact, KESQ, Forbes, 

Snopes, Rappler, Boomlive, USA Today, the New 

York Times, CNN, etc. The news statements in the 

dataset were manually labeled as fake or real news. The 

fact-checking websites such as PolitiFact and Snopes 

was used to mainly collect fake news and the real news 

were mainly collected from the well-known news 

platforms like BBC, CNN, Rappler, and New York 

Times. 

Table 2. Dataset Overview 

Feature Description 

ID A unique identifier allocated  

Statement News title 

Link URL of article 

Date Date of advertisement of news 

Body Description of the news  

Summary Summary of news article  

Label Tag of the news article 



Saad Ahmed et al, Journal of Computer Science 2025, 21(11): 2570-2580 

DOI: 10.3844/jcssp.2025.2570.2580 

 

2575 

To enhance the quality and diversity of our original 

dataset, i.e., COVAX-Reality, it is enhanced by adding 

two additional features. One feature is the body of the 

news statement, and another feature is the summary of 

the news body. The description of the dataset is 

depicted in Table 2. 

A subset of the few records in the dataset is 

showcased in Figure 1. The news crawler was created 

to extract the body of each headline from the news link. 

The extended version of COVAX- Reality enables us 

to perform stance detection, which is the first basic step 

in fake news detection.  

In 2016, an online challenge named as Fake news 

challenge was initiated. The main motive of this 

challenge was to find new methods and approaches to 

detect the falsehood news. Stance detection was 

identified as the basic step to detect the news is fake or 

real. Stance detection is a technique which utilizes 

cosine similarity and finds whether news headline and 

body are both relevant. Figure 2 demonstrates the 

detailed process of dataset enhancement. Moreover, to 

transform the text of the news body into a summary, 

several text models for summarization such as 

(Seq2Seq with Attention, and BERT), (Baseline (Lead-

3), were applied. The BERT model provided the 

incomparable results among all the summarization 

models. Properties of the fake news and real news are 

enlisted in the table 3. 

Table 3. E-COVAX Reality Dataset Properties 

News Property Description 

Total Count 2050 

Real Count 1210 

Fake Count 840 

Real News 

Sources 

BBC, CNN, Rappler, New York 
Times, etc. 

Fake News 

Sources 

PolitiFact, Snopes and etc. 

Text Summarization 

Language processing still has a lot to learn about 

summarizing lengthy texts. Automatic summary is 

critical since people have less patience and time to read 

lengthy texts. Large materials like stories, journal 

papers, news pieces, and even bigger texts like books 

may all be summarized automatically, which has 

important uses in this area. Extractive (Belwal, Rai, & 

Gupta, 2023) and Abstractive (Kouris, Alexandridis, & 

Stafylopatis, 2022) are two broad categories that might 

be used to group together existing summarization 

techniques (Allahyari et al., 2017).  

To make text summarization on news articles, three 

different methods have been adopted, which are outlined: 

1. Lead-3: Lead-3 (Moratanch & Chitrakala, 2017) uses 

extractive approach to make summary. The first three 

phrases in a document are chosen as the summary in 

the Lead-3 technique of summarizing. The Lead-3 

baseline employs the first few phrases of a text as the 

summary since it thinks that they provide the most 

crucial information. This summarization model is 

easy to implement. Moreover, it does not require high 

computational resources. 

2. Seq2Seq: Seq2Seq (Sutskever, Vinyals, & Le, 2014) 
follows an abstractive summarization model. In the 

sequence-to-sequence framework, encoder and 

decoder are the two components of recurrent neural 

network (RNN) (Sherstinsky, 2020). The RNN 

encoder which carries a single-layer bidirectional 

LSTM unit, reads the input sequence token by token 

and creates a series of hidden states that encoder 

which represents the input. The decoder’s hidden 

states are created sequentially, one at a time by RNN 

decoder, resulting in the output sequence that serves 

as the summary. 

3. BERT: BERT (Vaswani et al., 2017) can be used as 

an ex- tractive and abstractive summarization model. 
In this work, BERT is an abstractive model for 

summarization. Following are the steps BERT uses to 

summarize the news body, steps are depicted in Fig. 

3. 

a. Text preprocessing: By using Sentence Piece 

text preprocessing has been done. In this step, text is 

further divided into BERT-compatible tokens. 

b. Input Preparation: This step often adds special 

tokens, such as the [CLS] (classification) token at the 

start of the input and the [SEP] (separator) tokens to 

indicate the division between text segments. This step 

converts the input data into the appropriate format 

required by the BERT model. 

c. Input Encoding: Encoded representations are 

generated by passing the preprocessed input through 

the BERT model, which creates contextualized 

embedding for each token based on its surrounding 

context. For additional processing, you can acquire the 

[CLS] token’s final hid- den states or those of other 

pertinent tokens. 

d. Summarization: This step produces an abstract 

summary by inputting the encoded representations 

from the BERT encoder into a transformer-based 

decoder. Each summary token is auto regressively 

generated by the decoder based on the encoded 

representation.  
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Fig. 3. Complete process of BERT text summarization

Table 4.  

Models Precision Recall F-Score 

BERT 89.573% 91.844% 90.645% 

Seq2Seq 82.544% 80.365% 81.444% 

Lead-3 55.356% 51.914% 53.593% 

e. Summarization Post-Process: This step 

provides the final version of the generated summary. If 

the summary contains any un- wanted special tokens, it 

eliminates all those tokens. Moreover, length 

constraints are imposed in this step. 

Stance Detection via Text Similarity 

In this module, it is determined whether the 

summary and the news headline are similar. To assess 

their relevance, the BERT model is utilized, as it is 

commonly employed to measure contextual similarity 

between two different texts. 

In this module, it is determined whether the 

summary and the news headline are similar. To assess 

their relevance, the BERT model is utilized, as it is 

commonly employed to measure contextual similarity 

between two different texts.  

If the news body summary and headline are not 

identical, one can move on to the next module, which 

is news detection; if not, the model identifies the news 

under scrutiny as fake news. 

News Detection 

To identify and detect the news in fake or real 

categories. A Transformer based ELECTRA-Large 

(Clark, Luong, Le, & Manning, 2020) model is used. 

As mentioned in the introduction, this research work is 

an extension of our previous work, in prior research, 

several different models were applied to the COVAX- 

Reality dataset. Among all the models we tested, the 

ELECTRA-Large transformer-based model provided 

the best accuracy and precision score. So, the obvious 

choice for the current study is ELECTRA-Large 

Model.  

Evaluation Results 

The evaluation of this approach is divided into two 

segments, news classification evaluation results and 

text summarization evaluation results. 

Text Summarization Evaluation Results 

In the initial phase, an evaluation was made 

between the news body text and the summary, whether 

the summarized text is accurate or not. For this, 

ROUGE metric (Lin, 2004) and Bert score (Zhang, 

Kishore, Wu, Weinberger, & Artzi, 2019) are used to 

measure the quality of the summary that the system has 

produced. To implement the Rouge metric, the 

following steps have been followed: 

• Tokenization, removal of stop words, and 

punctuation cleaning were applied to both the news 

body and its corresponding summary text. 

• The ROUGE score was calculated for each pair of 

news body and summary. 

• This study specifically utilizes the ROUGE-1 

metric for performance evaluation. 

• Finally, the ROUGE score (average) across all 

made news bodies and summaries was computed to 

assess overall effectiveness. 
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The Rouge metric result is calculated and shown in 

Table 4 and BERT Score is also calculated for the 

evaluation of the text summary module. In Table 5, It 

is depicted that BERT gives 0.8335 BERT score which 

is the best result among all three models. After 

evaluating the text summary using two different 

matrices, it is concluded that out of the three 

techniques, BERT produces the most observable 

results. 

Table 5. BERT Score 

Models Bert Score 

BERT 0.8335 

Seq2Seq 0.7215 

Lead-3 0.5203 

Result of News Classification 

In the final phase, an evaluation is conducted to 

categorize the news as either fake or real. To assess the 

impact of enriched features (new body and summary) 

ablation study was conducted and the following 

observations have been made: 

Impact of News Body: Addition of the news body has 

significantly made an impact on model performance.  

Impact of News Summary: This feature has also made 

some improvement in the model performance but not 

as impactful as the news body.  

Overall impact of news body and summary: The 

inclusion of these two features significantly improves 

the overall performance of the model, demonstrating 

that incorporating both the news body and summary 

provides a valuable contribution to this research.  

To visually represent the model's performance, a 

confusion matrix for the ELECTRA-Large model was 

generated, with the corresponding confusion matrix is 

displayed in Figure 4. This matrix displays the true 

negatives, true positives, false negatives, and false 

positives, providing insight into the model’s 

classification accuracy. Formulas used for calculations 

are:  

 

The results indicate that ELECTRA-Large achieved 

a precision of 88.47%, an accuracy of 89.07%, a recall 

of 88.20%, and an F1-score of 87.45%. Table 6 shows 

the results, while the complete framework of the 

suggested model is presented in Figure 5. 
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Fig. 5. Framework of Revealing Fake News  
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Table 6. The ablation study results (Enriched COVAX Reality dataset) 

Feature used Accuracy Precision Recall F1 Score 

Statement 85.110% 86.152% 83.585% 84.892% 

Statement + Body 86.751% 87.253% 85.884% 86.463% 

Statement + Summary 85.264% 86.644% 84.782% 85.374% 

Statement + Body + Summary 89.075% 88.468% 88.192% 88.456% 

Conclusion 

This study extends the COVAX-Reality dataset 

through the integration of two novel features: the 

complete news body and its corresponding summary. 

These additions are intended to facilitate the task of 

stance detection, which constitutes a critical 

preliminary phase in the identification of 

misinformation. To this end, three distinct text 

summarization techniques were systematically 

evaluated to generate the summaries from the news 

content. Among all the summarization models we 

tested, the performance of BERT model was 

consistently better than others, producing the highest 

BERT score. Therefore, by using the BERT model, a 

news summary has been generated. Afterwards, 

comparisons have been made between the news 

summary and the news headline. If both are different, 

news will be declared fake news; otherwise, news will 

be classified as real and proceed towards the next step 

of the architecture, which is news detection. 

The proposed approach did not address one of the 

important aspects which is the fake news explainability 

(De Magistris, Russo, Roma, Starczewski, & Napoli, 

2022), that is, Why the news is classified as counterfeit 

remains a critical question. In the future, the FNEC 

model can be enhanced and made more interpretable by 

developing an explainable version, enabling a better 

understanding of the factors leading to the detection of 

fake news. 
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