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Abstract

Fake news spreads widely on social media, leading to numer-
ous negative effects. Most existing detection algorithms focus
on analyzing news content and social context to detect fake
news. However, these approaches typically detect fake news
based on specific platforms, ignoring differences in propaga-
tion characteristics across platforms. In this paper, we intro-
duce the MPPEND dataset, which captures propagation struc-
tures across multiple platforms. We also describe the com-
menting and propagation characteristics of different platforms
to show that their social contexts have distinct features. We
propose a multi-platform fake news detection model (APSL)
that uses graph neural networks to extract social context fea-
tures from various platforms. Experiments show that account-
ing for cross-platform propagation differences improves fake
news detection performance.

Introduction

Fake news is defined as fake news that is deliberately cre-
ated and disseminated, typically with the intent to mis-
lead(Pennycook et al., 2018). The widespread propagation
of fake news on social platforms has had significant nega-
tive impacts on society. For instance, during the COVID-
19 pandemic, a plethora of fake news caused widespread
panic among the public, and incorrect treatment methods ad-
versely affected many lives (Aimeur et al., 2023; Rocha et
al., 2021). Many fact-checking sites! are dedicated to hav-
ing fact-checkers collect accurate information and compare it
with news appearing on the internet to identify fake news.
However, manual verification is too inefficient to keep up
with the vast amount of fake news. Therefore, there is an ur-
gent need for an effective model to automatically detect fake
news and curb the spread of fake news.

Currently, many studies mainly use content features and
propagation structure to detect fake news: Content feature
based models (Kaliyar et al., 2021; Wang et al., 2018; B. Ma
et al., 2017; Jin, Cao, Guo, Zhang, Wang, & Luo, 2017)
aim to detect fake news through language differences be-
tween news contents. Recent studies have explored more
fine-grained analyses of news content, such as (Nan et al.,
2021; Li et al., 2024) that categorize news into different event
domains for fake news detection. Some works incorporate
user interactions such as retweets and comments during the
propagation. These research model the spread of news as

ISuch as politifact.com, snopes.com etc.
*Corresponding author.
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Figure 1: An example of real-world news spreading across
multiple social media platforms, where we can observe a sig-
nificant disparity in how the credibility of the news is assessed
by the two platforms.

propagation sequence (Liu & Wu, 2018; Khoo et al., 2020) or
graph (Silva et al., 2021; Yin et al., 2024,?; Bian et al., 2020;
Cui & Jia, 2024) to learn sequential or topological structures
for better detection.

However, most works usually detect fake news based on
the specific platform and obtain limited performance. Some
works Voorveld et al. (2018) have shown the difference be-
tween various social media platforms. In the real world, a
piece of fake news often spreads across multiple platforms
through mechanisms such as retweets, that often provide
richer and complementary features for detection 1. There-
fore, a more detailed analysis and modeling of the propaga-
tion structure is necessary.

In this paper, to fill the gap in this area, we aim to conduct
an in-depth analysis of the characteristics of multi-platform
propagation and explore that these differentiated features aid
in detecting fake news. We collect a new fake news dataset
that gathers the propagation structure of a news claim across
various social media platforms. We list existing popular
fake news datasets below and compare them with our dataset
repository in Table 1. Based on our constructed dataset, we
further analyze the propagation characteristics across plat-
forms, revealing significant variations in both commonalities
and differences for fake news detection.

By analyzing our dataset, we find that user engagement ef-
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# Feature

Dataset Content  Single-platform  Multi-platform  # Social Platform Source  # Language
Propagation Propagation
FakeNewsNet (Shu et al., 2020) Vv v X X EN
Weibo16 (Jin, Cao, Guo, Zhang, & Luo, 2017) Vv v X Weibo CH
Weibo21 (Nan et al., 2021) Vv v X Weibo CH
Twitter16 (J. Ma et al., 2016) Vv v X X EN
MCFEND (Li et al., 2024) Vv v X Weibo CH
MPPFND (Ours) Vv v v X\ Youtube\ Reddit EN

Table 1: Comparison of our dataset with other popular fake news detection datasets.

fectively differentiates between the authenticity of news on
YouTube and X, whereas this feature does not show a signifi-
cant relationship with news authenticity on Reddit. Addition-
ally, the method of using comment sentiment to distinguish
news authenticity is applicable to X(Twitter) and Reddit, but
shows only moderate effectiveness on YouTube. Thus, it is
evident that differential modeling across various platforms is
necessary for detecting fake news.

To demonstrate that the platform-specific characteristics
we identified contribute to the detection of fake news, we pro-
pose a multi-platform detection model that leverages multiple
graph neural networks to extract features from propagation
structures across different platforms. Our experiments show
that the differences in propagation across platforms contribute
to improving the effectiveness of fake news detection models.

The contribution of this paper lies in: 1) We construct and
release a new MPPFND dataset for fake news detection with
multi-platform propagation. It contains 3,500+ claims, along
with 440,000+ user engagements across 3 mainstream social
platforms.? 2) We contribute empirical insights into propaga-
tion patterns across different social platforms for fake news
detection. Our findings reveal platform-specific and platform-
shared propagation patterns on news content, comment style,
and user engagement for fake news detection. 3) We evaluate
existing content- and propagation-based fake news detection
methods for multi-platform fake news detection and further
develop an adaptive propagation structure learning network
(APSL) to capture platform-adaptive structural features from
propagation across platforms for better detection.

Related Work
Fake News Detection

Previous works on fake news detection can be broadly cate-
gorized into content-based and propagation-based methods.

Content-Based Methods. Content-based detection identifies
recurring patterns and distinctive features in fake news by an-
alyzing news articles (Huang et al., 2023). This includes ex-
amining linguistic traits (Choudhary & Arora, 2021), unique
writing styles (Yu et al., 2017; Kaliyar et al., 2021), and emo-
tional nuances (Ajao et al., 2019; Giachanou et al., 2019;
Zhang et al., 2021). Recent studies have also focused on

2We release our dataset and code at
https://github.com/Zhaocongyuan/MPPFND-Dataset.

domain-specific features (Silva et al., 2021; Nan et al., 2021).
Additionally, some approaches extend the analysis to multi-
modal elements, such as images (Z. Chen et al., 2023; Z. Ma
et al., 2024).

Propagation-Based Methods. The spread of fake news on
social media has garnered significant attention. Some stud-
ies model the propagation process as a sequence (Liu & Wu,
2018; Lin et al., 2023), often using attention mechanisms to
capture long-range dependencies (Khoo et al., 2020; Lu & Li,
2020; Ran & Jia, 2023). Furthermore, fake news propagation
is sometimes modeled as a tree, making it suitable for graph
classification techniques (Tian et al., 2022; Wei et al., 2021;
D. Huetal., 2021; Sheng et al., 2022; Zong et al., 2024; Lu &
Li, 2020; Mehta et al., 2022). Some studies explore the role
of users in propagation (Dou et al., 2021; Wei et al., 2022),
while others focus on the structure of the propagation tree
(Cui & Jia, 2024).

Fake News Dataset

Content-centric Datasets initially include news metadata,
textual content, and supervised labels, forming the basis for
early fake news detection tasks (Ngrregaard et al., 2019;
Zellers et al., 2019). To reduce bias from semantic and lexical
content, factual evidence and multi-modal data are integrated,
enhancing the detection framework (Jiang et al., 2020; X. Hu
et al., 2023; Yao et al., 2023).

Propagation-based Datasets capture key propagation data,
such as retweets, comments, and likes, aiding fake news de-
tection by analyzing propagation patterns (Shu et al., 2020;
J. Ma et al., 2016; Jin, Cao, Guo, Zhang, & Luo, 2017). Nan
et al. (2021) constructs the large Chinese dataset Weibo-21,
adding domain tags to the news metadata and incorporating
propagation data. To address the limitations of single-source
datasets, Li et al. (2024) develops the multi-source bench-
mark MCFEND for Chinese fake news detection, using data
from social platforms, messaging apps, and traditional news.

However, previous works primarily focus on propagation
patterns within a single platform. In contrast, we introduce
MPPEND, a pioneering multi-platform dataset that offers
richer social context, laying the foundation for deeper inves-
tigation into fake news propagation characteristics.
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Fake News Detection with Multi-Platform
Propagation

Multi-platform fake news detection aims to detect fake news
using propagation structure information from multiple social
media platforms. To learn the intricate structure and inherent
characteristics between platforms, we first construct a fake
news dataset encompassing the propagation structures across
multiple platforms (short for MPPFND). Subsequently, we
conduct a thorough empirical analysis based on this dataset to
learn platform-specific and platform-shared propagation pat-
terns for fake news detection.

Dataset Construction

In this subsection, we describe the process of data collection
for our dataset.

Data Collection We utilize fact-checking websites>* to ob-
tain news contents and obtain the ground-truth label for fake
news based on annotations provided by expert fact checkers.
Then, to achieve multi-platform social engagements, we cre-
ate search queries based on the headlines to retrieve posts on
three popular social platforms (i.e., Youtube, X, Reddit). X
is a short-text social media platform, which are featured by
rapid information diffusion. Reddit are long-text social me-
dia platform that can contain rich information. YouTube, as
a video-sharing platform, hosts discussions that often include
richer video evidence. Additionally, we further fetch the user
engagements including comments, reposts and likes towards
these posts on the above social platforms. MPPFND encom-
passes 4965 data samples spanning two semantic topics and
three platforms.

Label Mapping Strategy The fact-checking platforms pro-
vide a variety of labels. Following Nan et al. (2021), we
convert this into a binary classification problem by using the
following label mapping strategy. For PolitiFact, which has
eight original labels in total, we designate mostly-true, half-
true, and true as True, while the remaining labels are marked
as False. For Snopes, which has twelve original labels, we
mark mostly-true and true as True, and the rest as False.

Analysis of Propagation Properties across Multiple
Social Platforms

To explore the differences across different social media plat-
forms, we conduct in-depth analyses based on our MPPFND
dataset.

Analysis of Propagation Statistics To investigate propa-
gation structures across platforms, we analyze the propor-
tion of news claims on multiple social media platforms, as
shown in Table 2. The spread of fake and true information
shows distinct platform-specific and common traits. For
example, fake news engagement is higher on YouTube and
X but lower on Reddit. Fake news also spreads across more

3https://www.politifact.com/
“https://www.snopes.com/

Domain #Total Nodes Tree-Width #Avg. Nodes
Youtube 450,711 774 273.99
Youtube (Fake) 404,348 774 304.48
Youtube (True) 46,363 600 146.26

X 11,059 96 6.00

X (Fake) 9,458 96 6.50

X (True) 1,601 55 4.13
Reddit 35,258 300 323.47
Reddit (Fake) 29,297 300 321.95
Reddit (True) 5,961 200 331.17

Table 2: Summary of data for various domains including total
nodes, tree-width, and average nodes per graph.
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Figure 2: (a) Comment similarity, (b) Comment length, (c)
News duplication, (d) Entity analysis.

platforms than true news, indicating broader reach. Skewed
distributions, such as fewer nodes on X, highlight potential
propagation bias in low-resource platforms for multi-platform
fake news detection. Figure 2c shows the distribution of news
across single and multiple platforms. Incomplete cross-
platform propagation data underscores the need for adap-
tive detection models. True news is more common on sin-
gle platforms, while fake news spreads more across mul-
tiple platforms. This suggests fake news has stronger cross-
platform diffusion capability, likely due to its sensational or
controversial nature, prompting more frequent sharing.

Analysis of Comment Style To further explore comment
styles across different platforms, we first analyze the length
of comments to determine whether users have fully expressed
their opinions. As shown in Figure 2b, we observe that: 1)
On X and YouTube, comments on fake claims are shorter
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Figure 3: Word cloud of comments in True and Fake claims.
Left: Fake claim comments on YouTube, Reddit, and X.
Right: True claim comments on YouTube, Reddit, and X.

than true claims, whereas this phenomenon is not observed
on Reddit. This reveals that discussions on Reddit are more
extensive and comprehensive than on other platforms. 2)
Not all comments across platforms contain sufficient dis-
criminative features for detecting fake news. Therefore, it
is necessary to use different models to extract the features of
comments from each platform.

Figure 3 illustrates the differences in keywords used across
various platforms. Specifically, X emphasizes short texts and
immediacy, hosting real-time discussions and sharing current
events more than Reddit and YouTube. In contrast, Reddit
and YouTube tend to feature more fragmented content, fo-
cusing on hot topics and current affairs. We also observe that
both Reddit and X feature discussions on COVID-19 vac-
cines and political figures (e.g., Biden and Trump). How-
ever, Reddit covers more topics related to the Ukraine con-
flict, Russia, and related actions. Both YouTube and X dis-
cuss COVID-19 vaccines, but YouTube places more emphasis
on topics related to doctors, countries, and beliefs. Through
entity analysis in Figure 2d, we found that comments on true
claims, in contrast to those on fake claims, often incorpo-
rate more detailed evidence and positive reinforcement,
including references to prominent figures (e.g., Trump, Putin,
Biden) or affirming terms (e.g., support, truth, believe). This
highlights a clear distinction between the nature of comments
on true versus fake claims. Notably, this trend is consistent
across all three platforms, pointing to shared patterns in how
information spreads.

Analysis of Comment Emotion and Echo Chambers To
explore the emotional tendencies of comments and quantita-
tively describe the platform’s Echo Chambers Alatawi et al.
(2021), we extract the emotional features of comments shown
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Figure 4: Emotion feature of each social platform comment
in news claim. Due to the prevalence of neutral emotions
across all platforms, we omit neutral emotions to highlight
differences.

in Figure 4. We find that emotional features on YouTube are
difficult to use in distinguishing the credibility of news. On
Reddit and X, there is a significant difference in the propor-
tion of comments expressing different emotions between fake
news and real news. However, on YouTube, this difference is
almost negligible.

The relevance of comments to news claims is shown in
Figure 2a. We find that Reddit exhibits a stronger Echo
Chamber effect. Comments on Reddit are highly relevant to
the claims themselves, followed by YouTube, whereas com-
ments on X show weaker relevance. On Reddit, comments on
fake claims are more relevant than comments on true claims;
on YouTube, the reverse is observed. This indicates that the
Echo Chamber effect on Reddit is more pronounced com-
pared to the other two platforms.

Adaptive Propagation Structure Learning
Network

In this section, we propose an efficient Adaptive Propagation
Structure Learning Network (APSL) for multi-platform fake
news detection. As shown in Figure 5, we use a text fea-
ture encoder to extract textual features from news articles and
comments. To capture platform-specific features, we design
a Platform Adapter for different nodes. Given the varying im-
pact of propagation characteristics across platforms, we em-
ploy a multi-platform propagation encoder to extract propa-
gation structure features. To focus on relevant comments, we
use a feature fusion module to integrate platform-specific tex-
tual and news claim features. Finally, a multilayer perceptron
(MLP) consolidates all features, and a Sigmoid function out-
puts the news authenticity probability, with the model trained
using cross-entropy loss.

Multi-platform fake news detection aims to detect fake
news using propagation structure information from multi-
ple social media platforms. Formally, given a labeled claim
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Figure 5: Overview of the proposed framework APSL.

dataset as D = {(c,s,y)}, where ¢ represents the news claim
and y represents the comments on the news claim, and s con-
tains the comment of the news claim. s = {s1,52,...,5n},
where m indicates the number of comments. The model aims
to predict the True or fake label of the news claim.

Text Encoder

We utilize two text encoders to extract semantic features from
the claim and its propagation on social platforms. Given the
news content of the claim ¢ and the j-th comment s’; on plat-
form k, we use the text encoder to extract text embedding of
claim and comments as ¢ and s'; .

Considering the significant differences in comments across
multiple platforms, we introduce a learnable vector p* to
adaptively capture specific semantic features on platform k.

The platform-adaptive representations can be computed as
follows:

§]j‘ = Softmax(W¥(p* . slj‘) +b%) (1)
where W¥ and b* are trainable parameters for platform k.

Multi-Platform Propagation Encoder

Graph Construction For a news claim, there are multi-
ple propagation graphs across different platforms.For plat-
form k, the propagatlon graph are denoted as G* = {VK EX}.

= {c,sk,s%,....s%,} denotes the set of nodes including the
clalm ¢ and its propagation s’f, ...,sﬁ,lk on the platform k. Mj
is the number of comments on the platform. Their initial
node embeddings can be computed with ¢ and §f‘ EF =
{e1,e2,...,e,,} denotes the set of edges, where the edges be-
tween nodes are built based on the relationships between re-
posts and comments.

Learning Platform-specific Propagation Structures In
addition, for different platforms, we train a separate GNN for
each platform to obtain the corresponding propagation fea-
ture representations, which allow us to learn latent structural
features from the propagation specific to each platform. We
use global add pooling to obtain hy.

Multi-Platform Propagation Fusion Module Consider-
ing that some social context features may be irrelevant to the
news claim, we use an attention mechanism to select the por-
tions that are pertinent to the news content. Specifically, after
obtaining features from different platforms, we use the tex-
tual features of the news claim c to guide the fusion of multi-
platform propagation features {h',h?,... h!”l}. The mecha-
nism then extracts the propagation features that are most rel-
evant to the news content. Finally, we concatenate them to
form the final propagation feature hg.

(hg)

dyi
hg

T

)hf 2)

= Softmax( "

Fake News Detector

We concatenate the claim representation ¢ and the propaga-
tion representations to fuse them into hy.

Based on the fusion representations, we use an MLP with
Sigmoid output to predict the true or fake labels of the news:

$ = Sigmoid(W¢(Concat(c, hy) +b?) 3)
where W¢ and b’ are learnable parameters.

Platform-aware Contrastive Learning

Due to the variability and noise in the comments, we aim to
capture the general features of each platform. Inspired by
the success of self-supervised contrastive learning (He et al.,
2020; T. Chen et al., 2020), we use contrastive learning to
automatically learn the general propagation features. The ob-
jective function is computed as:

8] |B] exp(stm(hk hk)/ T)
Lpcp = — il
ree= = L B E b loe

“)
where |B| is the batchsize, 1 is an indicator. k indicates a spe-
cific platform and T controls the temperature

This model is trained using a binary cross entropy loss
function for fake news detection denoted as L,.q. We com-
bine all of the loss functions together to jointly train our
model, and can be represented as follows:

Lpred + YLPCL (5)

where 7 is hyperparameter that controls the balance between
the two loss components.

Lfinal =

Experiments

Experimental Setups

Baselines We compare with content-based and
propagation-based fake news detection models. For
content-based models, we used BERT (Devlin et al., 2018),
RoBERTa (Liu et al., 2019), EANN Wang et al. (2018) and
gpt-4o-mini. The sequence model we use including GRU
(Cho et al., 2014) and Transformer (Vaswani et al., 2017).
The fake news detection model we use including BiGCN
(Bian et al., 2020), UPFD (Dou et al., 2021) and UPSR (Wei
et al., 2022).

3856



Model Accuracy Precision Recall F1
EANN 0.6367 0.6378 0.6359 0.6351
GPT-40 0.6946 0.6946 0.6944 0.6944
Backbone=BERT

Bert 0.6707 0.6841 0.6687 0.6629
Transformer 0.6766 0.6829 0.6752 0.6727
GRU 0.6467 0.6498 0.6456 0.6437
UPFD w/ GCN 0.6766 0.6819 0.6754 0.6733
UPFD w/ GAT 0.6766 0.6835 0.6752 0.6724
UPFD w/ SAGE 0.6846 0.6887 0.6835 0.6821
BiGCN 0.6766 0.6783 0.6759 0.6752
UPSR 0.6786 0.7013 0.6762 0.6674
APSL(Ours) 0.7046 0.7045 0.7045 0.7045
Backbone=RoBERTa

RoBERTa 0.6507 0.6595 0.6489 0.6441
Transformer 0.6607 0.6692 0.6590 0.6549
GRU 0.6547 0.6773 0.6521 0.6410
UPFD w/ GCN 0.6427 0.6473 0.6413 0.6385
UPFD w/ GAT 0.6587 0.6745 0.6565 0.6488
UPFD w/ SAGE 0.6727 0.6730 0.6729 0.6726
BiGCN 0.6453 0.6436 0.6448 0.6436
UPSR 0.6627 0.6663 0.6615 0.6598
APSL(Ours) 0.6846 0.6854 0.6850 0.6845

Table 3: Multi-platform fake news detection performance in
our dataset.

Implementations Considering the imbalance between true
and fake labels in the dataset, we sample news with negative
labels to ensure data balance. We randomly divide the data
into training, validation, and testing sets in a 7:1:2 ratio. The
dimension of word embedding vector is fixed at 768. The
temperature T is 0.1, and hyperparameter 7y is 0.3.We train the
model with Adam optimizer. We conduct three experiments
and report the average of the results.

Main Results

The results for fake news detection on the MPPFND dataset
with multi-platform propagation are shown in Table 3.
From the table, we have the following observations: 1)
Propagation-based methods generally outperform content-
based ones, highlighting the importance of propagation in
fake news detection. 2) Some propagation-based methods,
like the BIGCN model, incorporate multi-platform propaga-
tion but perform worse, possibly due to insufficient propa-
gation in the MPPFND dataset. UPSR improves the model-
ing of incomplete propagation, outperforming BiGCN. Our
APSL, by leveraging platform differences, models complex
platform propagation more effectively, leading to better per-
formance than existing methods. 3) Our model generally out-
performs others, suggesting that differentiated modeling of
comments across platforms is both useful and necessary for
fake news detection.

Ablation Study

Model Component Analysis We analyze the effects of dif-
ferent components in our model, introducing three variants:
one without platform-aware contrastive learning objective ,

Method Accuracy Precision Recall F1

APSL 0.7046 0.7045  0.7045 0.7045
w/o Platform Contrastive Learning 0.6986 0.7091 0.6970 0.6936
w/o Node Enhancement 0.6846 0.6874 0.6837 0.6827
w/o Platform Attention 0.6727 0.6730 0.6729 0.6726

Table 4: Results of Ablation study results on the MPPFND
dataset.

Dataset Platform Accuracy Precision Recall F1
APSL (Our Model) all 0.7046 0.7045  0.7045 0.7045
w/o Propagation 0.6707 0.6841 0.6687 0.6629
X 0.6427 0.6444  0.6433  0.6423
Single-Platform Reddit 0.6547 0.6546  0.6545 0.6545
Youtube 0.6766 0.6783 0.6759  0.6752
w/o X 0.6846 0.6882  0.6836 0.6823
Double-Platform w/o Reddit 0.6846 0.6874 0.6837 0.6827
w/o Youtube 0.6687 0.6806  0.6668 0.6615

Table 5: Results of using propagation across different social
platforms.

one without node enhancement, and one without platform
attention. The experimental results are shown in Table 4.
From the table, the variants obtain declined performance than
the full model, showing the effectiveness of each component.
The variant without Node Enhancement struggles to capture
platform-specific features, while the one without Platform At-
tention suffer from significant noise in user comments, lead-
ing to suboptimal detection results.

Effect of Modeling Propagation across Different Plat-
forms As shown in Table 5, we further evaluate the im-
pact of different platform propagation methods. As removing
propagation data on specific platforms, the detection perfor-
mance obtains different degrees of degradation, particularly
when large amounts of propagation data are missing (e.g., on
X and Reddit), leading to worse detection than models trained
only on news content.

Conclusion

This paper investigates fake news detection through propaga-
tion across multiple platforms. To this end, we introduce a
new fake news dataset and conduct an empirical study to ana-
lyze propagation patterns across different platforms. Through
semantic analysis and propagation feature analysis of the
dataset we collected, we summarize the commonalities and
differences in news propagation across different social me-
dia platforms, providing insights and a foundation for design-
ing a fake news detection model across multiple social media
platforms. To further demonstrate the contribution of multi-
platform propagation data to detection, we compare the de-
tection performance using data propagated on a single social
media platform versus data propagated across multiple plat-
forms. The results validate that multi-platform propagation
data helps improve the effectiveness of fake news detection.
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