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ARTICLE INFO ABSTRACT

Keywords: This paper presents a joint learning framework for fake news detection, introducing an Enhanced BERT
Joint learning model that integrates named entity recognition, relational feature classification, and Stance Detection through
BERT ) a unified multi-task approach. The model incorporates task-specific masking and hierarchical attention
;in;antlcs mechanisms to capture both fine-grained and high-level contextual relationships across headlines and body text.
Fake news Cross-task consistency losses are applied to ensure coherence and alignment with external factual knowledge.
REC We analyse the average distance from components to the centroid of a news sample to differentiate genuine
NER information from falsehoods in large-scale text data effectively. Experiments on two FakeNewsNet datasets

show that our framework outperforms state-of-the-art models, with accuracy improvements of 2.17% and
1.03%. These results indicate the potential for applications needing detailed text processing, like automatic
summarisation and misinformation detection.

1. Introduction

The widespread dissemination of misinformation represents a pro-
found challenge in the contemporary digital era, where fake news
easily and quickly reaches a larger audience through social media.
Misleading narratives negatively impact social structures by interfering
with main events, for example, political and humanitarian [1,2], and
affect democratic ideals [3].

To fight this trend, numerous fact-checking organisations [4], such
as Snopes.com, FactCheck.org, PolitiFact.com, allocate substantial re-
sources to mitigate misinformation. However, their approach, which
relies mainly on domain experts to manually verify the accuracy of
news stories, cannot cope with the current volume and rate of fake
news. In this light, developing accurate automated fake news detection
systems has become a necessity. Researchers are currently making an
effort to achieve this goal; see, e.g. [2,5,6].

The first strategies adopted to implement automatic fake news
detection involve manually preparing large sets of features based on
various aspects, such as the content of the news-incorporating linguistic
features like syntax, grammar, and word usage-user profiles, and the
paths of news propagation [7,8]. These features are then used to train
Machine Learning (ML) classifiers to assess the authenticity of the
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news [9,10]. Certain studies have facilitated the identification of sig-
nificant network-based and user-profile features, as evidenced in [11],
which employed the XG Boost model to detect deceptive behaviour
on social networks. However, with these ML approaches, it is hard
to cover all the linguistic nuances in fake news, which usually spans
diverse topics, styles, and platforms [12]. They are also less effective
when dealing with well-written or complex fake news and require
contextual data to improve effectiveness. In addition, classic ML models
struggle with the evolving tactics of misinformation and the increasing
complexity of digital communication [13], making them unsuitable for
detecting intricate linguistic and contextual patterns [14].

Deep learning (DL) addresses these limitations by autonomously
learning to differentiate patterns within news content and propagation
paths [13,15]. However, standard deep learning models face several
challenges in fake news detection. One key challenge is handling long-
form news articles, where traditional models struggle due to issues
such as exploding gradients and inefficient feature extraction, leading
to reduced accuracy [16-19]. Another challenge is capturing the con-
textual dependencies between entities and their relationships, as fake
news often manipulates factual connections between individuals, or-
ganisations, and events [20]. Techniques such as gradient clipping and
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normalisation layers are commonly applied to mitigate some of these
issues, yet they remain insufficient for ensuring high accuracy across
diverse and complex misinformation patterns. While Recurrent Neural
Networks (RNNs) effectively process sequential text data, they suffer
from limitations in capturing long-term dependencies due to vanishing
gradients. Similarly, Convolutional Neural Networks (CNNs), which are
commonly used for text classification, struggle to model relationships
across distant words because their reliance on local connectivity pre-
vents them from fully understanding broader semantic structures [21].
The Extreme Fake News Detection (EFND) model represents a signif-
icant advancement by integrating textual, visual, and social contexts
using multimodal factorised bilinear pooling and a multilayer percep-
tron for classification [12]. Despite these advancements, existing neural
networks still struggle with misinformation detection because they fail
to jointly consider the complex relationships among entities, textual
inconsistencies, and stance variations within fake news articles [22].
The evolving nature of misinformation requires models that can analyse
news holistically while efficiently handling large volumes of data [23].

This paper introduces a novel Joint Learning for Fake News De-
tection (JLFND) framework built by extending the popular pre-trained
BERT [24], whose architecture is based on transformers and is well-
suited for modelling fake news data. Precisely, our JLFND model en-
hances the BERT large architecture by incorporating task-specific at-
tention masking and a hierarchical attention mechanism, collectively
improving the model’s ability to analyse both local and global con-
textual features of news content. The incorporation of Named Entity
Recognition (NER), Relational Feature Classification (RFC), and Stance
Detection (SD) within an integrated multi-task framework renders the
JLFND approach both comprehensive and robust for the detection of
fake news. This methodology not only demonstrates high accuracy
but also enhances the model’s adaptability to the dynamic challenges
presented by the evolving intricacies of misinformation.

The remainder of this article is organised as follows:

Section 2 report advances and background information pertinent
to this field;

Section 3 describes the methodology of this study;

Section 4 comments on the design process for the proposed fake
news detection system;

Section 5 describes the experimental setup;

Section 6 presents and discusses the results;

Section 7 concludes this work and highlights its contribution.

2. Related work

If DL represents a turning point for fake news detection, transform-
ers are the methods that have completely revolutionised this field.
Especially, BERT [24] is a milestone for most Natural Language Pro-
cessing (NLP) contexts, including fake news detection [25]. The studies
in [26,27] compared BERT with several ML models, including LSTM,
BiLSTM, and CNN-BiLSTM, and confirmed its superiority in three large
datasets, namely, CoAID, GossipCop, and PolitiFact. The results show
that BERT outperforms the other models, achieving the highest ac-
curacy and F1 scores across all datasets. Successors like Roberta and
ALBERT feature optimised training methods to reduce model size for
better performance [2]. Recent studies introduced models like FNDNS,
which use transformer architecture to improve fake news detection
and behaviour prediction [22]. Feature Gradient Method with Feature
Regularisation Adversarial Training enhances robustness against new
data [6]. Study [28] enhances misinformation detection on Twitter
with content features, while [12,29] combined linguistic and social con-
text for fake news classification. These methods depend on predefined
features, reducing adaptability to new topics, styles, or platforms [30].

Contemporary methods make use of even more advanced models
such as the HyproBERT model [15], which combines DistilBERT [31]
for embedding and tokenisation with a CNN, BiGRU [32,33], and
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CapsNet layers [34]. This integration led to a significant improvement
in accuracy and robustness. Researchers have explored auxiliary tasks
such as NER to enhance fake news detection, as demonstrated by
the study in [35], which shows that incorporating NER improves the
model’s ability to understand and classify content. Similarly, the study
in [36] suggests that using relational characteristics significantly in-
creases accuracy. These methods are effective but often require separate
models or layers, increasing computational costs. Our proposed model,
as outlined in Section 3, uses a streamlined approach with task-specific
attention masking within BERT’s architecture, eliminating the need for
additional layers and separate task-specific encoders as seen in multi-
component architectures like HyproBERT. This design lowers the model
complexity, reducing computational demands while maintaining task
flexibility and robustness in fake news detection.

Recent advancements in multi-modal fake news detection have
focused on integrating diverse data sources such as text, images, and
videos to improve classification accuracy. Wang et al. (2023) pro-
pose a transformer-based model for detecting fake news from positive
unlabelled data by leveraging both textual and visual features [37].
Qian et al. (2021) introduce a hierarchical multi-modal approach that
uses contextual attention mechanisms to enhance the detection of fake
news by combining various data modalities [38]. Wu et al. (2021)
present a co-attention network that simultaneously processes text and
images, capturing the interactions between them for more effective
detection [39]. Khattar et al. (2019) propose a variational autoen-
coder (VAE) model to integrate multiple modalities in a probabilistic
framework, improving performance under uncertainty [40]. Finally,
Wang et al. (2018) develop an event-adversarial neural network that
integrates event-specific information with multi-modal data to better
identify fake news [41]. Together, these works highlight the growing
importance of multi-modal approaches in addressing the challenges of
fake news detection.

Several Large Langue Models (LLMs) are gaining traction for the
fake news detection task. In [42], the authors combine active learn-
ing techniques with pre-trained LLMs to reduce data requirements
and computational costs while maintaining high detection accuracy.
In [43], an LLM agent is designed to detect fake news. The Knowledge-
Enhanced AutoPrompt (KEAP) method in [44] converts fake news
detection into a prompt learning task with T5-generated templates.
Using external entity knowledge, KEAP improves its ability to detect
fake news through prompt learning and enriched context.

Noteworthy studies that deserve mention incorporate Transformers
with Graph Convolutional Networks [45], employ the Graph Global At-
tention Network (GGAN) model [14] and other models like Similarity-
Aware Fake News Detection (SAFE) [46], or even develop expainable
systems such as use the Multifaceted Reasoning Network for Explain-
able Fake News Detection (MRE-EFND) [47] and the framework in [48],
which features a graph attention mechanisms.

This examination of the recent literature shows that challenges that
persist in fake news detection systems are attributable not only to the
intricacies of patterns in long text data, but also to known issues in
ML such as data imbalance. Current models often fail to capture the
linguistic and contextual nuances needed for a reliable classification,
as shown in the summary in Table 1.

3. Methodology

In ML jargon, the detection of fake news is a classic binary classifi-
cation problem, i.e., with only 2 classes ¢; (i € {0,1}), where each piece
of news can be fake (C,) or real (C;). Given a dataset of news articles,
the embeddings of the words in the articles are represented as vectors
in a high-dimensional space, denoted as d. The embeddings for a set of
news articles can be organised into a matrix N € R"*¢ where m is the
number of news items (articles) and d is the embedding dimensionality.
Each row of the matrix corresponds to the embedding of a specific news
article.
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Table 1

Literature review summary.
Ref. Model Contributions Limitations
[7] Bimodal (CNN & LSTM) captures sequential dependencies limited to short textual data
[49] Deep learning enhanced accuracy. high computational resources and overfitting
[30] NLP & NER i-domain and cross-domain analysis. poor on text style in lengthy news
[50] GAN & CNN uses diverse data sources Potential difficult standardisation
[51] Text preprocessing optimal preprocessing methods weak analysis for entity relationships
[52] BERT improved sentence embeddings poor validation in long dependencies
[53] Pre-trained LM high contextual understanding restricted to educational texts
[54] BERT models effective on specific contexts Turkish language only
[55] BiLSTM attention mechanisms high computational requirements
[56] ConvNet operates on the web specific for short web data
[6] fine-tuned BERT improved generalisation overfitting with extensive fine-tuning
[57] BERT-based blended approach complex, computationally demanding
[2] BERT + RoBERTa use of advanced models high computational requirements
[26] TF-IDF with MLP analysed key linguistic patterns reduced accuracy
[26] BiLSTM CNN-LSTM preprocessing pipeline lacks interpretability

Our goal is to propose a model M that can be trained on the matrix
N to learn a function f : R? — {0,1}, where d is the embedding
dimensionality and the model predicts the class ¢, = M(N;) = f(N;)
for each article i, with N; representing the embedding of the ith article.

Word weights play an integral role in assessing the truthfulness
of content, and we propose a new way to improve this process by
integrating NER and RFC into a unified joint learning framework based
on BERT.

3.1. The employed BERT model and its modification

Our Enhanced BERT model, based on the BERT large architec-
ture,! [58,59] is the core component in our joint learning framework
for fake news detection. This model has been structurally modified
from the traditional BERT to handle the contextual complexities of fake
news by incorporating 24 transformer layers, each with 16 attention
heads and 1024 hidden units. These architectural enhancements allow
Enhanced BERT to capture both local and global dependencies in the
input, enabling it to process diverse and contextually rich news content.

A distinguishing feature of our enhanced BERT implementation is
the incorporation of task-specific attention masking directly within its
multihead attention layers, eliminating the need for a separate Shared
Task Presentation (STP) encoder as prior studies [60]. This approach al-
lows the model to focus selectively on the portions of the input relevant
to each task, such as named entities for NER, relational phrases for RFC,
and coherence indicators for SD. By embedding task-specific masking
directly into the BERT architecture, our model maintains a stream-
lined structure while remaining flexible enough to adapt to various
tasks. This built-in task-specific masking optimises attention distribu-
tion across layers, enhancing task-specific focus without requiring addi-
tional encoding layers. This integrated approach preserves information
clarity and maintains BERT’s streamlined structure. By embedding task-
specific masking directly, it optimises attention distribution, enhancing
task-specific focus without extra encoding layers.

To further capture the complex features of fake news, we incor-
porate a hierarchical attention mechanism that operates at both the
headline (sentence level) and the news body (document level). At
the headline level, the model identifies key phrases or terms within
the headline, capturing critical details that are often indicative of
deceptive or misleading information. At the document level, attention
focuses on broader narrative consistency across the news body, which
is particularly valuable for stance detection. This broader scope enables
the model to evaluate the alignment between a headline and the body
of an article, helping to identify inconsistencies that may signal mis-
information. This two-tiered attention mechanism — focusing on both
headline-specific details and overall document coherence — enables

1 https://www.kaggle.com/datasets/xhlulu/huggingface-bert

Enhanced BERT to detect patterns of fake news at multiple levels of
abstraction. The hierarchical attention can be represented as:

Qpeadiine - K.
Attention}*t<e = softmax (M o)
Vi
Qbod -KT
; y * Sbod
AttentiondoU™ent = softmax ody @
body,j \/d_
k

where Eq. (1) denotes the attention weight for the ith word in the
headline, and Eq. (2) represents the attention weight for the jth word
in the news body. Here, T is the total number of tokens in the sequence.
This setup ensures that attention weights at the headline level focus on
sentence-specific cues, while those at the body level capture the overall
narrative.

The two-tiered attention mechanism enables the model to identify
deceptive key phrases in headlines and maintain narrative consistency
in the news body. This further improves Enhanced BERT’s ability to
detect fake news by analysing both linguistic details and overarch-
ing narrative structures, allowing it to identify fake news patterns at
various levels of abstraction.

The self-attention mechanism in Enhanced BERT is further refined
through a binary masking matrix M, which controls the attention scores
between words by dynamically adjusting their relevance for each task.
The similarity between words i and j in the input is computed by the
modified attention mechanism:

QK™
dy

In this configuration, the constant C (a large negative value, e.g.,
—10%) effectively excludes irrelevant word pairs from the attention
mechanism by setting their scores close to zero when M, ; = 0, while
allowing regular score computation when M;; = 1. This selective
attention mechanism enables Enhanced BERT to focus on contextually
relevant text, enhancing interpretability and performance by priori-
tising named entities in NER tasks and aligning headlines with body
content in stance detection tasks.

To mitigate the substantial memory demands associated with long-
form content when using Enhanced BERT, we employ sequence han-
dling techniques such as truncation and segment-level processing.
These not only allow for better management of memory consumption
while preserving model performance but also mitigate gradient explo-
sions, which are likely to occur when using transformers to process
extensive content.

Overall, Enhanced BERT’s combination of task-specific attention
masking, hierarchical attention, and refined self-attention mechanisms
makes it uniquely capable of capturing both fine-grained details and
broader contextual relationships within text. This setup allows the
model to deliver context-sensitive embeddings that effectively support
fake news detection, enabling it to differentiate between real and fake
content with high accuracy across varied and complex news scenarios.

Sim(i, j) = softmax +M;; —xC 3)
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Table 2

Features of the FakeNewsNet dataset repository.
Features PolitiFact GossipCop

Fake Real Fake Real

Total news articles 432 624 6,048 16,817
News articles with text content 353 400 785 16,765
News articles with social engagements 342 314 4,298 2,902
Articles with social engagements and news content 286 202 675 2,895
No. of tweets with replies 6,686 20,720 3,040 2,546
No. of tweets with likes 18,453 52,082 10,685 2,264
No. of tweets with retweets 13,226 42,059 7,614 5,025
Total no. of tweets 116,005 261,262 71,009 154,383

In the following sections, we refer to this model as our Enhanced
BERT and describe our approach for constructing the task-specific
masking matrix M in Section 4. This strategy enables Enhanced BERT
to provide targeted attention, improving its effectiveness in fake news
detection by leveraging contextually rich, task-specific embeddings.

3.2. Datasets

This study employs the FakeNewsNet data repository,” [61] includ-
ing the PolitiFact dataset® and the GossipCop dataset,* both of which
are acknowledged as standard benchmarks for the detection of fake
news. PolitiFact contains actual and false statements by public and
political figures in the U.S. Established in 2009, GossipCop enables
actual news and false rumours in entertainment, focusing on celebrity
gossip. Details on the datasets are displayed in Table 2.

To annotate the entities in the news articles, we used a pre-trained
BERT-based NER model® °, which is capable of identifying entities
such as persons, organisations, and locations in text. This model was
fine-tuned on our FakeNewsNet dataset to improve its performance
on domain-specific entities, ensuring accurate identification of relevant
entities within the context of news articles. For the RFC task, we lever-
aged several tools, including the spaCy-Transformers library, which
integrates transformer-based models like BERT for relation extraction.”
Similarly, the RFC model was fine-tuned on our dataset to classify
relationships between identified entities, capturing the intricate rela-
tionships often present in fake news, such as exaggerated or misleading
connections between entities. Details on the datasets are displayed in
Table 2.

The evaluation of performance on our dataset is conducted using
metrics such as Accuracy (a), the F1 score, precision x, recall (p), and
the Area Under the (receiver operating characteristic) Curve (AUC).

4. The proposed joint learning framework

The purpose of JLFND is to advance the detection of fake news by
processing text through multi-task learning with Enhanced BERT as a
unified encoder. Unlike prior models that rely on STP-encoder, JLFND
achieves task specialisation through task-specific attention masking
within BERT’s architecture, making it adaptable for NER, RFC, and
SD tasks. Each task contributes a unique perspective: NER identifies
key entities, RFC examines entity relationships, and stance detection
checks for coherence between headlines and content. Our methodology
leverages cross-task consistency and external knowledge validation,
enabling robust, multi-dimensional fake news detection.

2 https://github.com/KaiDMML,/FakeNewsNet

3 https://github.com/KaiDMML/FakeNewsNet/blob/master/dataset/
politifact_fake.csv

4 https://github.com/KaiDMML/FakeNewsNet/blob/master/dataset/
gossipcop_fake.csv

5 https://huggingface.co/dslim/bert-base-NER

6 https://github.com/weizhepei/BERT-NER

7 https://github.com/explosion/spacy-transformers

4.1. Architecture & general framework overview

The JLFND model in Fig. 1 leverages Enhanced BERT to provide
context-rich embeddings that support a multi-task learning approach
for the classification of fake news. By capturing both local and global
dependencies, Enhanced BERT processes complex syntactic and seman-
tic structures within a high-capacity 1024-dimensional hidden space.
This structure allows JLFND to address three distinct yet intercon-
nected tasks: NER, RFC, and SD, providing a comprehensive analysis
framework to detect fake news.

During the fine-tuning process, the BERT model is trained on a
dataset 3.2 consisting of text sequences from news articles, each paired
with a true/false label indicating whether the article is real or fake.
These text sequences are tokenised, and the BERT model generates rich
contextual embeddings for each token. True/false labels play a crucial
role in guiding model learning, as they are used in the final classifi-
cation task to determine the authenticity of the news. Specifically, the
labels directly influence the computation of the loss function, typically
using cross-entropy loss, which is minimised during backpropagation.
The embeddings generated by BERT are fed into separate classification
heads for each task: NER, RFC, and SD. For NER, the embeddings
help detect named entities, such as people or organisations. For RFC,
embeddings are used to identify relationships between these entities,
while for SD, embeddings are used to assess alignment and coherence
between the headline and body of the article. Ultimately, the final
classification—whether the article is real or fake—is predicted based
on these task-specific embeddings, with the true/false labels playing a
critical role in guiding the overall training process.

The Enhanced BERT model first tokenises the input text x into
a sequence of tokens {w;,w,,...,w,}, where each token w; is trans-
formed into an embedding h; € RY. These embeddings pass through
all 24 layers of Enhanced BERT, where each layer progressively refines
the representations through self-attention and feed-forward transforma-
tions. This process generates a set of final contextualised embeddings
Higpens = {A1, pf0al, - pfinal}y - capturing nuanced semantic and syn-
tactic information for each token. The embedding of the [CLS] token,
denoted as hgg‘sﬂ, serves as a summary representation of the entire input
text, essential for the final classification decision.

Once BERT generates contextualised embeddings for the input se-
quence, these embeddings are utilised across the three task-specific
heads: NER, RFC, SD. Each task-specific head applies a linear classi-
fier to the corresponding token or sequence embeddings to produce
predictions tailored to its objective. The NER head classifies tokens as
entity types, the RFC head identifies and labels relationships between
entities, and the SD head computes the semantic coherence between the
headline and the body of the news article. These task-specific outputs
are further aggregated to guide the final fake news classification,
leveraging multi-task learning to enhance model robustness.

Algorithm 1 illustrates the training of the general framework. A
detailed explanation of each step of the pseudocode is provided in the
remainder of this section.


https://github.com/KaiDMML/FakeNewsNet
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https://github.com/KaiDMML/FakeNewsNet/blob/master/dataset/politifact_fake.csv
https://github.com/KaiDMML/FakeNewsNet/blob/master/dataset/gossipcop_fake.csv
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Fig. 1. Proposed model architecture diagram.

Algorithm 1 JLFND Pseudocode
Require: Dataset N = {N,, N,,...,N,,} and labels C = {¢|,¢,, ....¢c,,}

1: Initialise Enhanced BERT > Section 3.1
2: Tokenise dataset

3: Prepare NER tag > BIEOS
4: for each epoch do

5: for each sequence S; in N do

6: Tokenise sequence S; with [CLS] and [SE P] tokens

7: Encode S; with Enhance BERT

8: Prepare MASKygr & MASKggc > Section 4.3
9: Obtain NER and RFC attention-focused embeddings

10: Calculate NER output > Section 4.4
11: Calculate RFC output > Section 4.5
12: Calculate stance detection score > Section 4.6
13: Compute joint loss > Section 4.7

14: Backpropagate the gradients from the joint loss with respect
to all model parameters > Update the Enhanced BERT model
parameters, task-specific attention masks, and task classifiers

15: end for

16: end for

17: Use this trained model to predict label ¢ for unseen sequences

4.2. Multi-task learning heads

The proposed multi-task framework allows simultaneous learning
across tasks, improving overall model robustness while ensuring coher-
ence between the outputs.

4.3. Attention mechanism and task-specific mask matrices

In place of an STP encoder, JLFND uses task-specific mask matri-
ces within Enhanced BERT’s attention mechanism. These masks are
designed to selectively focus attention on relevant tokens for each
task, such as entity-related tokens for NER and relational phrases for
RFC. The mask value Mff’?k for each token pair (i,j) is determined
dynamically based on the task at hand. For example, in NER, the mask
matrix is updated to assign a value of 1 to token pairs that correspond
to named entities, and 0 to pairs that are unrelated to entities. In RFC,
the mask matrix highlights pairs of tokens that represent potential rela-
tionships between entities, such as those involving verbs or prepositions
connecting entities. In SD, the mask focuses on token pairs that connect
the headline and body of the news article. Irrelevant token pairs receive
a mask value of 0.

During the attention calculation, if the mask value M't.f‘.Sk is 1, the
token pair (i, j) is attended to normally. However, if the mask value is 0,
the attention score between these tokens is suppressed by adding a large
negative constant C (e.g., —10?) to the attention computation. This

prevents the attention mechanism from focusing on irrelevant token
pairs, ensuring that only the most relevant relationships are considered
during training.

Thus, the attention score for a given token pair is calculated as:

. task Q-KT task
Attent10n[‘ T= softmax< - + (Mi,j -1x C) 4)
k
This method ensures that the model dynamically adjusts its focus
based on the task-specific relevance of token pairs, improving task-
specific performance by focusing attention on the most important parts
of the text.

4.4. The NER task

The NER task detects essential entities such as people, organisations,
and locations in the text, which are crucial for the comprehension of the
narrative. Token embeddings H,..ns feed a linear classifier that labels
each token hfmal, computing entity type probabilities (Eq. (5)), where
Wyir and bygg are learnable parameters.

P(z;|hfMl) = softmax(Wygg a8 + bygg) (5)

Here, z; represents the predicted label for the ith token. The task
minimises the cross-entropy loss function, where y_; is the ground truth
label for the ith token, indicating the actual entity class for that token.

Lygr = - Z Z ¥, log P(z; | A (6)

i=1 zeZ
4.5. The RFC task

The RFC task identifies and classifies relationships between entities,
capturing exaggerated or misleading connections common in fake news.
For each pair of entities (e;, ¢;), a linear classifier predicts a relationship
r from a set R of possible relationships, with the probability com-
puted as shown in Eq. (7), where Wgpc and bpgc are the classifier’s
parameters.

P(rle;,e;) = softmax(Wggcle;; ;1 + brpc) @

1

In this equation, y,;; represents the ground truth label for the
relationship between the entities e; and e;, where r denotes the specific
relationship type. The cross-entropy loss function (Eq. (8)) is used for
all pairs of entities.

Lgpc = - Z Z Vrijlog P(rle;,e;) (8)

(i,j) reER
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Table 3

Hyper-parameter values for Enhanced BERT.
Hyper-parameter Value
Number of Hidden Layers 24
Dimensions of Encoder Layers 768
Learning Rate Starts at 2e—5
Batch Size 32
Anneal Factor 5
Patience 5
Feed-forward Layers Dimensions in Encoder 3072
Number of Epochs 40
Dropout Rate Variable, up to 0.2
Optimiser AdamW
Weight Decay 0.005
Max Sequence Length 128

Training Duration

Extended duration to accommodate 40 epochs
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Fig. 2. Words frequency and news length.

4.6. The SD task

The SD task assesses the coherence between a headline and the body
of the news content, identifying potential discrepancies. The stance
score s is computed as the cosine similarity between the headline
embedding Apeaqiine and body embedding Hyoqy projection matrices.
For this task, we employ the stance loss function in Eq. (9) to enhance
alignment for matching headline-body pairs and penalise discrepan-
cies.

Lyance = ., max(0, 1=y s) 9)

pairs
4.7. Combined loss function

The combined loss function Lg,, integrates task-specific losses for
NER (Eq. (6)), RFC (Eq. (8)), and SD (Eq. (9)) along with cross-task
consistency (Eq. (10)) and knowledge (Eq. (11)) loss functions.

Lconsistency = z |P(Zi|h,ﬁnal) - P(r|ei, ej)‘ (10)
ij

Leconsistency €nsures NER and RFC outputs remain consistent by align-
ing entity types and relationships, penalising any discrepancies.

Lknowledge = Z |P("|ei’€j - Pfact("|eiv€j)| an
ij

Linowledge €nsures model predictions match external factual knowl-
edge, avoiding contradictions. Pp(rle;,¢;) refers to the probability
distribution of an external knowledge base.

The combined loss function Lg,,; is computed as the weighted sum
of each component (Eq. (12)).

Lina = aLygr + ﬂLRFC + 7 Lstance + 6Lc0nsistency + ELknowledge 12)

The weights «, #, v, 8, and ¢ are adjusted through cross-validation
to balance the influence of each task and maintain consistency.

The task-specific mask matrices are dynamically adjusted during
the fine-tuning process to ensure that the relationship between enti-
ties, their corresponding types, and the headline-body coherence are
effectively learned and integrated.

5. Experimental setup

For the sake of replicability, we report the experimental and algo-
rithm settings, as well as some implementation details.

The framework is implemented in Python using the PyTorch pack-
age.

To increase performance, we fine-tuned the model parameters using
grid search and obtained the hyperparameter settings reported in Table
3. The NER and RFC tasks run simultaneously with randomly initialised
downstream layers to start training. Note that the learning rate is
initially 2x10~> and then decreases linearly over 40 epochs with a decay
rate of 4.75x 1077 per epoch. By the end of the 40th epoch, the learning
rate will reach 1 x 10=°, which ensures a smooth reduction in the
learning rate throughout the training process. Additionally, the anneal
factor is set to 5, meaning the learning rate is reduced by a factor of 5
during training. The patience parameter is set to 5 epochs, indicating
that if there is no improvement in validation loss for 5 consecutive
epochs, the learning rate will be reduced. To prevent overfitting, we
employed a dropout rate of up to 0.2, where up to 20% of the units are
dropped during training for regularisation.

We cleaned the data with NLTK,® and prepared it following a stan-
dard process in [62] which lowercases the text and removes stop words,
symbols, null values, and any unknown characters before tokenisation.
To address the class imbalance, we applied data balancing techniques,
such as SMOTE (Synthetic Minority Over-sampling Technique) [63], to
ensure a well-distributed dataset across classes. Fig. 2 visually shows

8 https://www.nltk.org/
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Table 4
Evaluation metrics for proposed model on Politifact and GossipCop Datasets.
Dataset Fake News Real News
a F1 T P a F1 T P
Politifact 0.94 0.95 0.94 0.93 0.96 0.95 0.94 0.93
GossipCop 0.98 0.98 0.98 0.97 0.99 0.99 0.97 0.98
| | | | |
0.98 0.98 0.98 0.99 0.99
0.98 - B ] B B ] B
0.97 0.98 | 0.98 |
0.97
0-96 | 0.96 | %:96 |
0.95 ’
0.95
0.94 0.94
L 0.94
0.94 0.94 |
0.93 0.93
T T T .\ T T T .\
o F1 ™ P o F1 ™ P

I Politifact | GossicCop ‘

(a) Fake News

I Politifact l GossicCop ‘

(b) Real News

Fig. 4. Evaluation metrics across the two datasets.

text frequencies by label, providing insights into data characteristics,
including news length across both datasets. Each dataset is divided into
training, testing, and validation subsets, following a 70%, 15%, and
15% distribution.

Fig. 3 presents the word clouds for each dataset, highlighting the
most common terms in real and fake news samples.

Training and experiments are performed on a cloud server using a
single A100 PCle GPU.

6. Results and discussion

Numerical results show good performance for JLFND in handling
long texts and capturing long-range dependencies on both datasets
(Table 4).

In the GossipCop dataset, the model achieved superior performance
in all metrics evaluated, with a notably high accuracy and F1 score of
0.99 in the detection of real news. We highlight this visually in Fig. 4.

We analyse the average distance from components to the centroid of
a news sample to differentiate genuine information from falsehoods in

large-scale text data. This is visualised using Kernel Density Estimate
(KDE) plots in Fig. 5, showing distance distributions for training and
testing splits of the GossipCop and Politifact datasets.

We were expecting slightly smaller distances for authentic news and
more considerable distances for fake news. Interestingly, the results
showed a significant difference in the mean distances for real and fake
news: GossipCop with 0.476 and 1.39, and Politifact with 0.06 and
2.03. The KDE plots show narrow distributions, indicating low variance
within each class and minimal overlap between real and fake news,
highlighting significant class separation. This consistent differentiation
across datasets and training-validation splits demonstrates the method’s
effectiveness in identifying fake news in long text sequences.

Fig. 6 shows a receiver operating characteristic curve with AUCs
of 0.93 and 0.97 for Politifact and GossipCop, respectively, indicating
near-perfect detection. The lower AUC for Politifact implies a slightly
higher misclassification rate than GossipCop. The confidence intervals
confirm the reliability of the results. Politifact’s AUC had a 0.95 con-
fidence interval of 0.91, 0.95, while GossipCop’s AUC of 0.97 had an
interval of 0.96, 0.98. The narrow intervals suggest reliable AUC values
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with minimal variability, reinforcing confidence in the model’s ability
to generalise to unseen data.

Fig. 7 indicates that the proposed model performs well in both
datasets with high training and validation accuracy and low loss values.
The proposed model fits the training data well and achieves a balance
between training and validation accuracy, indicating it has learned
the underlying patterns without overfitting. This is a result of several
factors, including our fine-tuning procedure of the hyperparameters.
The steady convergence of training and validation loss for both datasets
shows that the model is not overfitting and has high generalisability.

6.1. Impact of NER and RFC

Table 5 shows the significant impact of NER and RFC on model
performance.

Table 5 demonstrates the significant impact of NER and RFC on
model performance. To obtain reliable estimates of model performance
and standard deviation (std), we used a 70/15/15 dataset split, al-
locating 70% for training, 15% for validation, and 15% for testing.
We calculated std based on the results from multiple independent
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6.2. Cross dataset performance
Table 5
Performance analysis of NER and RFC. To assess model generalisation, we conducted a cross-dataset per-
Dataset JLEND JLEND_ngr JLEND _ggc JLEND _xgg-rrc formance analysis as shown in Table 8.
Politifact 0.91 + 0.05 0.82 + 0.03 0.84 + 0.05 0.76 + 0.04 When the model is trained on the Politifact dataset and evaluated
GossipCop 0.97 + 0.05 0.83 + 0.03 0.84 + 0.01 0.81 + 0.06

runs, ensuring robust evaluation by averaging outcomes across different
model initialisation.

Including both NER and RFC (i.e., our JLFND model) yields the
highest F1 scores (Politifact: 0.91 + 0.05, GossipCop: 0.97 + 0.05), high-
lighting the combined effectiveness of these components. Excluding
NER results in a noticeable decrease in performance, underscoring its
essential role in contextual understanding. Removing RFC also reduces
scores, indicating its importance, though less critical than NER. The
removal of both components significantly degrades performance, af-
firming their crucial role and showing that our method is well-designed
with no redundant components.

Table 6 shows the impact of increasing batch sizes on the perfor-
mance of the JLFND model in terms of F1 scores and processing times.
A batch size of 32 is optimal, achieving maximum F1 scores of 0.94
for Politifact and 0.98 for GossipCop. Increasing the batch size to 64
only marginally improves the F1 score for GossipCop while significantly
increasing the computation times in both datasets.

We also analysed the impact of varying sentence lengths and noted
fluctuations in performance across sentences comprised of 100, 300,
and 500 words. The majority of scholarly articles use a sentence
length of 100 words for Politifact and a maximum of 300 words for
GossipCop. However, our models demonstrate an ability to effectively
manage longer statements with considerable efficiency. As illustrated
in Table 7, the JLFND model exhibits enhanced performance with a
sentence length of 200 words for Politifact and maintains consistent
performance with 300 words for GossipCop, achieving an F1 Score of
0.86. Processing times, specifically 23 s for Politifact at 200 words
and 21 s for GossipCop at 300 words, exhibit stability across different
sentence lengths, highlighting the model’s efficiency and scalability.

on the GossipCop dataset, the model maintains a reasonable level of
performance when applied to a dataset with different characteristics.
When the model is trained on the GossipCop dataset and assessed on
the Politifact dataset, it shows enhanced performance metrics. This
implies that the model exhibits more effective generalisation when the
characteristics of the training and testing datasets are closely aligned.

The model exhibits robustness and adaptability, performing best
when training and testing data align closely.

6.3. Impact of input size on model performance

We assessed JLEND across input sizes, namely 128, 256, and 512
tokens using BERT Base to evaluate effectiveness at lower dimensions.
Smaller input sizes, such as 128 tokens, restrict the model’s ability to
capture longer contexts, whereas larger ones, like 256 or 512 tokens,
enable the model to incorporate more contextual information and
potentially enhance performance.

Our results, reported in Table 9, show that increasing the input size
to 256 tokens improves the accuracy of the Politifact dataset. At 512
tokens, the model’s accuracy and precision still increase, but there is a
significant drop in terms of recall, resulting in a worse F1. Similarly,
for the GossipCop dataset.

The Enhanced BERT model with a 768-token input performed ex-
cellently, achieving 0.94 accuracy for fake news and 0.96 for real news
on the Politifact dataset, and 0.98 and 0.99 on the GossipCop dataset,
respectively. Larger input sizes generally lead to better accuracy and
AUC, but there is a precision-recall trade-off. The 512-token model
achieved high precision but lower recall, indicating caution in iden-
tifying fake news, while the 128-token model had higher recall but
lower precision, showing an aggressive approach. The 256-token model
balanced precision and recall, offering a good compromise between
context length and efficiency.
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Table 6
JLFND evaluation at increasing batch sizes . Computational time 7 is reported in seconds.
Dataset c=16 c=32 o =064
F1 T F1 T F1 T
Politifact 0.83 29 0.94 34 0.95 53
GossipCop 0.91 20 0.98 25 0.96 50
Table 7
Performances at increasing sentence lengths 4. Computational time z is reported in seconds.
Dataset A =100 A =200 A =300
F1 T F1 T F1 T
Politifact 0.86 21 0.88 23 0.83 22
GossipCop 0.89 23 0.86 24 0.86 21
Table 8
Cross-Dataset analysis results.
Dataset Metrics
train test a F1 r p
Politifact GossipsCop 82.12 83.24 83.56 83.79
GossipsCop Politifact 88.97 89.10 89.19 89.15
Table 9
Evaluation at increasing input sizes.
Dataset Input size a b P F1 AUC
128 0.741 0.486 0.797 0.602 0.860
Politifact 256 0.821 0.630 0.708 0.674 0.872
512 0.852 0.856 0.631 0.763 0.882
768 0.940 0.940 0.930 0.950 0.930
128 0.835 0.574 0.770 0.628 0.851
GossinCo 256 0.884 0.638 0.723 0.743 0.863
pop 512 0.912 0.914 0.614 0.862 0.881
768 0.980 0.980 0.970 0.980 0.970

6.4. Ablation study

We report the results of the ablation analysis in Table 10 to evaluate
the impact of individual modules in diverse configurations of the JLFND
framework. These results are obtained by replacing our Enhanced BERT
module with alternative NLP models, including RoBERTa [64] (re-
ferred to as JLFNDg pgrta)> BILSTM [65] (referred to as JLFNDg;; gta)»
Text CNN [66] (as JLFNDqeiicnn)> Text RNN [67] (referred to as
JLFNDreirnn)> and standard BERT [24] (referred to as JLFNDgggy).
While TextCNN is traditionally employed for text classification tasks,
it has been included in our ablation study to evaluate its performance
in a multi-task setting within the JLFND framework. Although TextCNN
does not directly generate embeddings like BERT-based models, it
creates token-level representations used in classification. We assess how
this model performs for tasks like NER, RFC, and SD within JLFND.

We also examine JLFND when it is deprived of one of its modules
(indicated with a minus sign ‘~’ in Table 10) and the performances of
our Enhance BERT on its own and with the addition of relevant modules
(indicated with a plus sign ‘+ ’ in Table 10).

Our analysis highlights that the full JLFND model, which integrates
Task-Specific Masking, Hierarchical Attention (both sentence-level and
document-level), Multi-Task Learning, and Consistency Losses, always
achieves the highest performances. In the absence of Task-Specific
Masking, we observe a reduction in NER and RFC performance, as the
model cannot focus as effectively on task-relevant tokens. Removing
Hierarchical Attention, particularly the document and sentence levels,
deteriorates performances. Without Multi-Task Learning, tasks (NER,
RFC, SD) function separately, diminishing effectiveness by ignoring
inter-task dependencies. Omitting Consistency Losses decreases coher-
ence and factual alignment across tasks, particularly on the Politifact
dataset. The alternative models reveal the strength of our Enhanced
BERT in the JLFND framework. Standard BERT outperforms Text CNN
and Text RNN in terms of contextual understanding, while RoBERTa
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demonstrates robust performance, reflecting its architectural optimisa-
tions for NLP [64]. However, using Enhanced BERT yields the high-
est classification effectiveness across both datasets, underscoring the
value of its tailored components in handling complex relationships and
nuanced semantic structures in fake news detection.

6.5. Comparative analysis

We comprehensively compare baseline algorithms from Section 2,
including deep neural networks and state-of-the-art transformer mod-
els, to JLFND. Results are reported in Table 11.

6.6. Limitations and future improvements

While JLFND marks a substantial advancement in fake news de-
tection, there are several areas for potential improvement. Integrat-
ing external databases could enhance the model’s accuracy by cross-
referencing content with factual sources, particularly benefiting cases
that require complex, context-dependent analysis. Additionally, incor-
porating interpretability techniques, such as SHAP values or atten-
tion heatmaps, would make the model’s decision-making process more
transparent, which is essential for ensuring trust and reliability, espe-
cially in sensitive applications.

7. Conclusion

We introduce the JLFND framework and demonstrate that our
methodology outperforms its competitors in two widely used Fak-
eNewsNet data sets: Politifact and GossipCop. Our model achieves
state-of-the-art results, with accuracies of 0.94 and 0.98 on these
datasets, respectively.

Our approach is novel and incorporates several unique features:
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Table 10
Ablation study results on Politifact and GossipCop datasets.
Model Politifact GossipCop
a F1 a F1

JLFND 0.94 0.95 0.98 0.98

JLFND — Task-Specific Masking 0.91 0.92 0.95 0.96

JLFND — Hierarchical Attention 0.90 0.91 0.94 0.95

JLFND — Sentence-Level Attention 0.92 0.93 0.96 0.96

JLFND — Document-Level Attention 0.91 0.92 0.95 0.95

JLEND — Multi-Task Learning 0.89 0.90 0.93 0.93

JLFND - Consistency Losses 0.92 0.93 0.96 0.97

JLFND eyconn 0.86 0.87 0.88 0.89

JLFND ey rnn 0.89 0.89 0.90 0.91

JLFNDy;1ra 0.86 0.86 0.88 0.87

JLFNDg; srasact, 0.86 0.87 0.89 0.90

JLFNDggrr 0.88 0.89 0.91 0.91

JLFNDqperta 0.90 0.91 0.93 0.94

Enhanced BERT 0.91 0.92 0.95 0.96

Enhanced BERT + RFC 0.92 0.92 0.95 0.96

Enhanced BERT + Mask NER 0.93 0.92 0.97 0.97

Enhanced BERT + Joint learning 0.94 0.95 0.98 0.98

Table 11
Comparative analysis results (best result per metric per dataset in boldface).
Ref. Year Model Politifact GossipCop
a F1 T P a F1 b4 P

[46] 2020 SAFE 0.87 0.88 0.90 0.89 0.83 0.85 0.93 0.89
[11] 2022 XG Boost 0.92 0.91 0.91 0.92 0.91 0.91 0.91 0.90
[26] 2024 BERT 0.91 0.92 0.93 0.91 0.85 0.82 0.76 0.89
[42] 2024 Small-BERT 0.78 0.80 0.78 0.77 0.70 0.72 0.72 0.71
[45] 2024 GCNs-MT 0.85 0.84 0.80 0.92 0.97 0.97 0.97 0.96
[43] 2024 L-Agent 0.88 0.88 0.89 0.88 0.83 0.83 0.83 0.83
[14] 2024 GAT-GANM 0.83 0.85 0.85 0.86 0.95 0.96 0.95 0.95
[44] 2024 KEAP 0.92 0.91 0.91 0.92 0.91 0.91 0.91 0.90
[48] 2024 GraphSage 0.89 0.89 0.92 0.85 0.77 0.77 0.82 0.70
[26] 2024 PA Model 0.83 0.82 0.83 0.81 0.80 0.72 0.72 0.72
[47] 2024 MRE-FND 0.92 0.91 0.92 0.91 0.83 0.81 0.83 0.81
— JLFND 0.94 0.95 0.94 0.93 0.98 0.98 0.98 0.97

We use hierarchical attention mechanisms that capture both
sentence-level (headline) and document-level (body) context,
which is crucial for assessing the coherence between headline and
content.

A joint learning framework integrates RFC, NER, and SD tasks
with the Enhanced BERT model. This setup allows each task to
benefit from shared parameters and multitask learning, improving
model generalisation.

Task-specific masking matrices are used to refine attention
distribution, enhancing focus on relevant tokens for each task.
This is particularly effective for RFC and NER task performance.
We use cross-task consistency losses to ensure coherence and
alignment across tasks, enhancing the model’s ability to maintain
factual consistency.

A last contribution is made by analysing the average distance
of components to the centroid of a news sample, effectively
distinguishing genuine information from falsehoods in large-scale
text data.

Our findings suggest that JLFND is not only effective in fake news
detection but also shows promise for applications in other areas involv-
ing the processing of long texts, such as automatic text summarisation.

Currently, JLFEND has not been tested in a multi-class fake news clas-
sification setting, which would involve distinguishing subtle differences
between classes through more advanced analysis. We aim to address
this challenge in future work.
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