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Abstract

The spread of misinformation through social media poses sig-
nificant threats. Recent models using text and graph features
have shown promising results in specific misinformation de-
tection scenarios. However, these data-driven models heav-
ily rely on training data that share similar distribution with
inference data, limiting their applicability to misinformation
from emerging or previously unseen domains, known as out-
of-distribution (OOD) data. Tackling OOD misinformation is
a challenging yet critical task. To address the challenge, we
propose theCausal Subgraph-orientedDomainAdaptive mis-
information Detection (CSDA) model. Based on a causal anal-
ysis, CSDA extracts invariant substructures from news propa-
gation graphs that generalise to OOD data, using a graph neu-
ral network-based mask generation process. It uses refined
training objectives to ensure high-quality subgraphs. It is fur-
ther powered by contrastive learning for few-shot scenarios,
where a limited amount of OOD data is available for train-
ing. Extensive experiments on public social media datasets
demonstrate that CSDA effectively handles OOD misinfor-
mation detection, achieving a 1.23%→12.23% accuracy im-
provement over other state-of-the-art models, covering OOD
news domains in politics, entertainments, health, etc.

Introduction
The rapid spread of misinformation on social media has been
empirically shown to cause significant societal harm, rang-
ing from public health risks to political polarisation and ero-
sion of institutional trust. Large-scale observational studies
demonstrate that false information spreads faster, deeper,
and more broadly than true information on social plat-
forms, largely due to social reinforcement rather than con-
tent quality alone (Vosoughi, Roy, and Aral 2018). During
the COVID-19 pandemic, misinformation about vaccines,
treatments, and mortality rates was found to undermine pub-
lic health responses and intensify the so-called “infodemic,”
overwhelming society’s ability to identify reliable informa-
tion (Cinelli et al. 2020; Zarocostas 2020). Similar dynamics
have been observed in political contexts, where misleading
claims and rumours propagate through coordinated user in-
teractions and contribute to misinformation cascades during
elections and breaking events (Allcott and Gentzkow 2017;
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Shu et al. 2017). Crucially, such misinformation often arises
in response to novel or rapidly evolving events, where his-
torical data provides limited coverage. As a result, detection
models trained on past data domains frequently fail to gen-
eralize to emerging topics, highlighting the need for robust
approaches that can handle distributional shifts inherent to
real-world social media environments.
While early studies (Ma and Gao 2020; Gong et al. 2023b)

frequently used the term fake news, or rumours, that term
has since become recognized as imprecise and politically
charged, prompting a shift, in academic research, toward
more neutral terminology such as misinformation. In line
with prior work, we define misinformation as “verifiably
false or misleading information that is presented as factual,
irrespective of whether the intent behind its creation or dis-
semination is malicious” (Shu, Wang, and Liu 2019; Nakov
and Da San Martino 2021). This definition encompasses ru-
mors, false claims, and misleading narratives that circulate
widely on social media platforms.
Graph-based misinformation detection methods, which

leverage Graph Neural Networks (GNNs) to model news
propagation patterns (Gong et al. 2023a), have recently at-
tracted significant attention. Despite their success, exist-
ing GNN-based approaches generally assume that training
and testing data are drawn from the same data distribu-
tion (i.i.d.), an assumption that rarely holds true in prac-
tice (Li et al. 2022). New events often give rise to novel
propagation behaviours, causing substantial data distribution
shifts. From an empirical perspective, most existing meth-
ods minimise average training errors and exploit correlations
present in the training set (the in-distribution data) (Liu et al.
2021). However, such data often contains domain-specific
biases. For example, (Zhang et al. 2024) observed that the
veracity of political news could be spuriously correlated
with specific keywords (e.g., news mentioning the “White
House” or “rainbow” being disproportionately classified as
true). Models trained on such biased correlations fail to
generalise and hence perform poorly on out-of-distribution
(OOD) news (Li et al. 2022).
To detect misinformation across different news domains

(e.g., politics and sports), early studies (Ma, Gao, and
Wong 2018; Bian et al. 2020) attempted to capture content-
independent propagation patterns. However, later work (Min
et al. 2022) revealed that propagation dynamics them-
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Figure 1: Illustration of invariant subgraphs and our invariant subgraph-based model (bottom). The white (visible) and grey
(invisible) colors indicates the visibility of the variables.

selves may vary by domain, limiting the effectiveness
of such strategies. More recently, domain adaptation ap-
proaches (Lin et al. 2022; Li et al. 2023) have been proposed
to transfer trained models to new domains with limited la-
belled data. While promising, these methods require super-
vision from the target domain, which is often unavailable or
costly to obtain.
In this paper, we adopt a causality-based invariant learn-

ing approach. Each propagation graph can be regarded as a
mixture of two components: an invariant subgraphC, which
captures domain-invariant and label-aware structures, and a
domain-biased subgraph B (abbreviated as biased subgraph
in the rest of the paper), which encodes domain-specific and
other spurious information. These two components are ini-
tially entangled. Our key insight is that not all nodes and
edges contribute equally to generalisation: only invariant
subgraphs provide stable and sufficient information that can
be used for identifying misinformation across unseen do-
mains (Figure 1). By explicitly disentangling invariant sub-
graphs from biased subgraphs, we can achieve robust gener-
alisation without requiring extensive labelled OOD data.
Based on this intuition, we propose the Causal Subgraph-

oriented Domain Adaptive misinformation Detection model
(CSDA). CSDA introduces a mask generator that partitions
each propagation graph into invariant and biased subgraphs,
employing dual encoders for representation learning. To en-
sure that predictions rely primarily on the invariant signals,
we design disentangling training objectives that enforce in-
variance and sufficiency representations, while constraining
the influence of biased subgraphs. At inference, only the
invariant branch is used to produce domain-robust predic-
tions. When a small number of labelled OOD samples are
available, CSDA further enhances cross-domain alignment
through supervised contrastive learning.

In summary, our contributions are as follows:

• we propose CSDA, a zero-shot misinformation detec-
tion model that disentangles domain-invariant subgraphs
from domain-specific biased subgraphs in news propaga-
tion graphs leveraging causal analysis;

• we extend CSDA to a few-shot setting, introducing a su-
pervised contrastive objective to align causal represen-
tations across domains when limited OOD samples are
available, and we

• undertake extensive experiments on six real-world
datasets (including two used as training data and three as
OOD testing data to simulate the real-world unseen mis-
information detection). We demonstrate that CSDA con-
sistently outperforms state-of-the-art baselines, achiev-
ing absolute accuracy gains of 1.23%–12.23%.

Related Work
Misinformation Detection. Traditional misinformation
detection methods have explored news content, social con-
text, and social environment aspects. Content-based meth-
ods learn content or stylistic features from textual or multi-
modal news content (Feng, Banerjee, and Choi 2012),
and may leverage external knowledge sources for fact-
checking (Samarinas, Hsu, and Lee 2021). While effective
in controlled settings, such approaches are often sensitive to
topic and domain shifts, as linguistic cues and factual refer-
ences vary substantially across events.
Social context-based methods exploit user features (Shu,

Wang, and Liu 2019) and user interactions observed during
news propagation. These include both sequence-based mod-
els (Ma et al. 2016; Khoo et al. 2020) and graph-based ap-
proaches (Bian et al. 2020; Gong et al. 2023b) that encode
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propagation structures using neural networks. These meth-
ods assume that propagation patterns learned from histori-
cal data remain predictive at inference time. However, later
studies show that propagation dynamics themselves can vary
across domains and events, limiting cross-domain generali-
sation.
Environment-based methods such as FANG (Nguyen

et al. 2020) explicitly model associations across multiple
news domains to extract broader contextual signals. While
these approaches capture domain-level regularities, they typ-
ically rely on correlations present in observed environments
and do not explicitly distinguish between domain-invariant
and domain-specific propagation structures.
Cross-domain misinformation detection aims to train a

model in one domain (the source domain) and apply it
to another (the target domain). Existing methods can be
broadly categorised into sample-level and feature-level ap-
proaches. Sample-level methods identify domain-invariant
samples and assign them larger training weights (Silva et al.
2021; Yue et al. 2022), while feature-level methods focus
on extracting or reweighting domain-independent represen-
tations. For example, (Mosallanezhad et al. 2022) utilise re-
inforcement learning to select invariant attributes, and ad-
versarial domain adaptation methods (Ganin and Lempitsky
2015; Min et al. 2022; Li et al. 2023) train domain discrimi-
nators to encourage indistinguishable representations across
domains.
In contrast to these approaches, our CSDAmodel does not

assume access to target-domain data or labels, nor does it
attempt to align entire representations across domains. In-
stead, it explicitly disentangles propagation graphs into in-
variant invariant subgraphs and domain-specific biased sub-
graphs, enabling robust zero-shot generalisation to address
challenges inherent in previously unseen news domains.

Graph Out-of-Distribution (OOD) Generalisation. De-
spite the success of graph machine learning, most graph-
based methods rely on the assumption that training and test-
ing data are drawn from the same distribution. When this as-
sumption is violated, performance degradation is commonly
observed. Recent graph OOD generalisation methods ad-
dress this issue through data-centric strategies (Feng et al.
2020; Park et al. 2022; Wu et al. 2022a; Zhao et al. 2022;
Li et al. 2024), which modify training graphs to improve
robustness, and invariant learning approaches (Chen et al.
2022; Miao, Liu, and Li 2022; Wu et al. 2022b; Liu et al.
2023; Yu, Liang, and He 2023; Gui et al. 2024), which aim
to identify stable feature–label relationships across environ-
ments.
These methods have demonstrated effectiveness in do-

mains such as molecular graphs and computer vision, where
the label is assumed to be causally determined by spe-
cific graph substructures (e.g., a molecular motif or an im-
age region) (Fan et al. 2022; Chen et al. 2022; Han et al.
2022). Under this assumption, isolating invariant substruc-
tures leads to improved generalisation.
However, this causal assumption does not hold in misin-

formation detection. In social media, the veracity of a news
item is fixed by real-world facts and instead influences how

users react and propagate the content. As a result, directly
applying existing graph OOD methods such as CIGA (Chen
et al. 2022) or G-mixup (Han et al. 2022), which are in-
cluded as baselines in our experiments, fails to capture the
inverted causal structure of news propagation and leads to
suboptimal performance.
CSDA explicitly models this inverted causality by treat-

ing the propagation graph as a consequence of the news ve-
racity and disentangling invariant invariant subgraphs from
environment-dependent biased subgraphs. This distinction
explains why CSDA differs fundamentally from prior graph
OOD methods and achieves superior performance in cross-
domain misinformation detection.

Preliminaries
Problem Formulation. Unseen domain misinformation
detection seeks to transfer a model trained on a labelled in-
distribution dataset to an out-of-distribution (OOD) dataset,
which may be unlabelled or contain only a limited number
of labelled samples.
Formally, given an in-distribution dataset Din =

{(Gin
k , yink )}nin

k=1 drawn from distribution P , the goal is
to detect misinformation in an OOD dataset Dout =
{Gout

k }
nout
k=1 sampled from a different distribution P →

→=
P . Both datasets share the same label space, i.e., y ↑

{True, Fake}. The task is to learn a classifier f from Din

that generalises effectively to Dout.
Each news item is represented as a propagation graph

G = ↓X,A↔, where the node set X contains the source post
and all associated replies or reposts, and the adjacency ma-
trix A encodes the propagation relations. Node features are
initialised using text embeddings derived from a pre-trained
language model such as BERT.

Data Preparation. For each news item from bothDin and
Dout, the propagation graph Gk = ↓Xk,Ak↔ is extracted
and modelled as an undirected acyclic graph. The node set
Xk = {x0, x1, x2, . . . , x|Xk|} contains all posts including
the source news post x0 and all associated comments/reposts
{x1, x2, x|X|k} which can be used to provide supportive in-
formation regarding the post veracity. Each post’s embed-
ding is initialised using a pre-trained BERT model (Devlin
et al. 2019) to compute the text embeddings.
The adjacency matrix Ak = {ωij , i, j ↑ [1, |Ck|]} is

the set of propagation behaviours where an edge exists (i.e.,
ωij = 1) between node i and node j if there is a reply/repost
relationship.

Causal Analysis
Structural Causal Model
It is known that OOD generalisation is impossible without
assumptions on the environments Eall (Chen et al. 2022).
Thus, inspired by (Chen et al. 2022; Fan et al. 2022), we
first formulate the data generation process with a structural
causal model and latent variable model (Chen et al. 2022),
to characterise the distribution shifts that could happen on
the misinformation propagation graphs.
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Figure 2: SCM representing the joint data generation in real
news. The white (visible) and grey (invisible) colors indi-
cates the visibility of the variables.

We employ Structural Causal Models (SCMs) to for-
malise the key aspects of the misinformation detection prob-
lem and to clarify the interactions among its underlying fac-
tors. Our analysis focuses on the role of propagation sub-
structures and their potential to support robust generalisa-
tion.

As shown in Fig. 2, in the context of news propagation
generation, we consider five variables: the causal invariant
subgraph C, the biased subgraph B, the observed whole
propagation graph G, the news label Y and the latent en-
vironment variable E (e.g. news topics, events and propa-
gation platforms). From a data generation perspective, the
veracity label Y influences the propagation process, giving
rise to both domain-invariant substructures (C) and domain-
specific substructures (B). This causal relationship differs
from that assumed in prior works such as (Chen et al. 2022;
Fan et al. 2022), where the invariant subgraph is assumed to
determine the label, i.e., C ↗ Y . This discrepancy arises
from differences in application scenarios. In those settings,
graphs represent objects such as molecular structures or
MNIST superpixel graphs, where intrinsic properties of the
graph (e.g. molecular attributes) can be attributed to specific
subgraphs (e.g. sub-molecules). In contrast, in the social me-
dia news context, the veracity of a news item is fixed by
real-world facts, and users are assumed to behave differently
depending on that veracity, resulting in propagation patterns
conditioned on Y (Y ↗ C, Y ↗ B).

Moreover, in addition to the news veracity label Y , parts
of the propagation graph are also influenced by an addi-
tional latent environment variable E. This phenomenon is
common in practice, as certain misinformation-related pat-
terns are only present in specific domains, such as political
debates in political contexts or propaganda narratives dur-
ing the COVID-19 pandemic (Nakov and Da San Martino
2021). We refer to these environment-dependent structures
as biased subgraphs B.

Together, C and B constitute the observed graph G. Al-
though the biased subgraphs B are also correlated with the
label Y , they are strongly confounded by the environment
variable E. The complete structural causal model is illus-
trated in Fig. 2. Traditional GNN-based misinformation de-
tection approaches (Bian et al. 2020; Gong et al. 2023b)
typically learn correlations between Y and G, which in-
evitably leads to reliance on the biased subgraphs B and
consequently poor generalisation to unseen domains.

Formalisation
In this section, two assumptions are derived from existing
work (Chen et al. 2022; Fan et al. 2022) to serve as the theo-
retical foundation of our proposed model. We also elaborate
the SCM for the news propagation graph generation process
in two assumptions.

Assumption 1 (Graph Generation Structural Causal
Model).

Gc := fGc
gen(C), Gb := fGb

gen(B), G := fG
gen(Gc, Gb),

where fGi
gen is the graph generation function of graph Gi ↑

{Gc, Gb, G}. The assumption is derived from (Chen et al.
2022) and assumes that the invariant subgraph Gc and bi-
ased subgraph Gb causally originate from causal invariant
variable C and domain-biased variable B individually, and
are seperate subset of the whole graph G.
The Assumption 1 is the foundation to split the graph into

two non-overlapping subsets for domain invariant learning.

Assumption 2 (Our Structural Causal Model).

C := finv(Y ), B := fbias(Y,E), G := fG
gen(C,B),

where the finv is the domain-invariant graph generation,
fbias is the domain-biased graph generation, and fgen cor-
responds the whole graph generation in Assumption 1. The
Assumption 2 is the formulation of the SCM in Fig.2.
To enable a GNN to learn and extract the information

about C from G, we propose a framework CSDA with mask-
ing mechanism exactly aligned with Assumption 1, and
training objectives aligned with Assumption 2. The idea is
that a neural network can learn a reasoning process better if
its computation structure aligns with the process better (Xu
et al. 2019, 2020).
Specifically, the alignment can be achieved by designing

a masking mechanism attempting to split the original graph
into invariant and biased, two non-overlapping subgraphs.
The training objectives can be designed to train the mask-
ing by optimising the classification on both two subgraphs
but keep the invariant branch dominant. A detailed instan-
tiation is given under Disentangling Training Objectives of
Proposed Model.

Proposed Model
In this section, we present CSDA, an invariant subgraph-
oriented framework for unseen misinformation detection.
The core idea is to disentangle news propagation graphs into
causally domain invariant subgraphs and domain-specific
biased subgraphs, and to base predictions primarily on the
invariant component. The architecture of CSDA is illustrated
in Figure 3.
Given a batch of propagation graphs, a mask generator

assigns a binary mask to each node and edge, thereby par-
titioning the graph into an invariant subgraph C and a bi-
ased subgraphB. The two subgraphs are encoded separately
using individual graph encoders, producing embeddings zc
and zb.
This design directly reflects the causal analysis in previ-

ous Causal Analysis. First, by predicting labels only fromC,
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the model encourages domain invariance, i.e., predictions
that remain stable across environments. Second, the biased
branch and hinge loss act as constraints so that C alone is
sufficient for prediction, approximating the property of con-
ditional sufficiency. Finally, robustness is achieved through
data augmentation on B, ensuring that predictions remain
unchanged when B is permuted, which corresponds to the
idea of counterfactual stability.
The overall training objective combines cross-entropy,

contrastive, and hinge losses to disentangle C and B while
enforcing these properties. During inference, only the invari-
ant branch is used for final prediction, ensuring that outputs
are based on domain-invariant and sufficient substructures.
CSDA is trained on in-distribution data Din and evaluated
on unseen out-of-distribution data Dout in a zero-shot man-
ner. When a few labelled OOD samples are available, these
can be incorporated with supervised contrastive learning to
further enhance robustness.

Mask Generator
Our mask generator learns a mask to help split each propa-
gation graph G (i.e., Gk – now we further drop the subscript
‘k’ as long as the context is clear) into an invariant subgraph
Gc and a biased subgraph Gb. This is achieved by comput-
ing node importance scores (denoted as ωi for node i) and
edge importance scores (denoted as εij for the edge between
nodes i and j) in the propagation graph G. The aim is to
measure the probability of a node or an edge belonging to
an invariant subgraph.
The mask generator takes graph G (i.e., its features) as

input and outputs the importance of its nodes and edges.
A Graph Isomorphism Network (GIN) (Xu et al. 2018) is
utilised to encode the graph and map the node featuresX to
node embeddingsH for the model’s graph structure learning
capability, as defined below:

Z
(l+1) = MLP(l)

((
AZ

(l) + (1 + ϑ(l))Z(l)
))

, (1)

where l = 0 or 1, Z(0) is the initial node features X, A
is the adjacent matrix of the graph without normalization,
ϑ(l) is a learnable scalar controlling the contribution of the
central node representation,MLP(l)(·) denotes a multi-layer
perceptron at layer l, and ϖ is the activation function inside
MLP(l). Z(0) is initiated as the node feature inputX.
After obtaining the graph’s node features from GIN out-

putH = {h1,h2, . . . ,hN}, where N is the size of the node
set and hi represents the embedding for the i-th node, the
node and edge importance scores are computed using an
MLP:

ωi = ϖ(MLP([hi])),εij = ϖ(MLP([hi,hj ])), (2)

where ϖ is the activation function.
Since the invariant and the biased subgraphs are defined

as two non-overlapping substructures of G, the probability
of a node and an edge belonging to a biased subgraph can be
established by (1↘ ωi) and (1↘ εij), respectively.

Using the importance scores, we construct an invariant
graph mask Mc = [ω,ε] and a biased graph mask Mb =

[(1 ↘ ω), (1 ↘ ε)]. Finally, the input propagation graph G

is decomposed into an invariant subgraph Gc = {Mc ≃ G}

and a biased subgraph Gb = {Mb≃G}, where≃ is the filter-
ing operation on graph G with the corresponding masks. The
masks emphasise distinct regions of the propagation graphs,
enabling subsequent GNN-based graph encoders to concen-
trate on different segments of the graphs.

Graph Encoder
Two subgraph encoders realised as a 2-layer of stacked GC-
NII (Chen et al. 2020) are used to encode the invariant
and the biased subgraphs. Given a graph’s node features
X = {x1,x2, . . . ,xN} and its adjacency matrix A, the
graph embeddings are computed through GCNII by:

Z
(l+1) = ϖ

(
(D̃↑1/2ÃD̃↑1/2

Z
(l) + Z

(0))(In +W(l))
)
,

(3)
where l = 0 or 1,Z(0) is the initial node featuresX, Ã is the
adjacent matrix of the graph with self-loops, D̃ is the degree
matrix of Ã, In is the identity mappig from GCNII,W(l) is
the learnable parameter matrix, and ϖ is the activation func-
tion. Z(0) is initiated as the node feature input X.

As shown in Figure 3, two parallel subgraph encoders are
used to encode the invariant subgraph Gc and the biased sub-
graph Gb into an invariant embedding zc and a biased em-
bedding zb. These embeddings will subsequently be fed into
news classifiers for loss calculation and misinformation pre-
diction.

Classification Module
The classification module (CM) is responsible for predict-
ing the news veracity based on the extracted graph embed-
dings. It is composed of an MLP that uses a softmax func-
tion. Given the graph embedding Z , e.g. the invariant graph
embedding zc, the CM computes the prediction through:

pred = softmax(MLP(Z)). (4)

Since CSDA focuses on classifying news according to
causal features, we design an invariant CM and a biased CM
in the model. They do not share the parameters and have dif-
ferent input dimensions according to model design. During
model training, these two CMs are jointly trained to optimise
CSDA to capture invariant information accurately. For model
inference, only the prediction results from the invariant CM
are used to detect misinformation. More details about the
use of the outputs of these two CMs are presented in the
next subsection.

Disentangling Training Objectives
The invariant and biased subgraphs are initially entangled
in the observed propagation graph. If optimisation is per-
formed solely with prediction loss, the model may converge
to trivial solutions (e.g., treating the entire graph as causal),
which results in sub-optimal generalisation. In particular,
training on the full graph allows domain-specific biases to
dominate, leading to overfitting on in-distribution (ID) data
and degraded performance on OOD data. To disentangle
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Figure 3: Architecture of CSDA, which is trained with batches of news propagation graphs. A mini-batch of propagation graphs
are masked by the Mask Generator and divided into invariant and biased subgraphs. Then, the two branches of subgraphs
are encoded using two independent graph encoders to produce invariant and biased embeddings. Afterwards, the invariant
embedding is forwarded to an MLP classifier for veracity prediction. Meanwhile, the biased embedding is utilised as part of
model optimisation for accurate subgraph extraction.

the invariant and biased subgraphs while optimising predic-
tion accuracy, we integrate three complementary objectives
in addition to the standard cross-entropy loss: contrastive
learning, data augmentation, and hinge regularisation.

Loss of the invariant branch. The invariant classifier is
trained with a cross-entropy objective:

L
c
ce = CE(yc, y), (5)

where yc denotes the causal prediction and y is the ground-
truth label. However, Lc

ce alone cannot ensure faithful sepa-
ration of invariant and biased subgraphs.
To encourage high-quality invariant subgraph extraction,

we introduce a contrastive loss to exploit distributional
structure. The key intuition is that invariant subgraphs are
label-dependent and should yield similar embeddings for
samples with the same label. For two in-distribution samples
n andm with identical labels, the contrastive loss is defined
as:

L
in
CL = ↘

1

N in

Nin∑

n=1

1

Nyin
n

Nin∑

m=1

1[n↓=m]1[yin
n =yin

m ]

log
exp

(
sim(oinn , oinm )/ϱ

)

∑Nin

k=1 1[n↓=k] exp(sim(oinn , oink )/ϱ)
,

(6)

where N in is the number of ID samples in a batch, Nyin
n

is
the number of samples sharing label yinn , oinn is the causal
representation of sample n, sim(·) denotes cosine similar-
ity, and ϱ is a temperature parameter. This loss promotes
clustering of invariant embeddings within the same class.

Loss of the Biased Branch. Relying solely on contrastive
learning may still encourage the model to treat the entire
graph as causal. To address this, we explicitly regulate the
biased subgraph. The motivation of the biased branch is to
optimise the masking mechanism. As shown in Fig.1, there
are causal links Y ↗ B ↗ G ✁ and Y ↗ C ↗ G ✂.
To train the masking weights to split the whole graph into
invariant and biased subgraphs (i.e. C ⇐ G ↗ B), we need
to optimise both the invariant and biased branch classifica-
tion, as links ✁, ✂ indicating label Y influences both C and
B. The link ✁ has been optimised through loss (4) and (5),
whilst link ✂ is to be optimised in this branch.
In practice, we expect the trained model to infer label Y

throughC but notB. TheB only helps to improve the mask-
ing. Following prior work such as (Lee et al. 2021; Fan et al.
2022) to train the masking mechanism efficiently, we adapt
a data augmentation approach to form two concatenated em-
beddings:

Z = [detach(zc), zb], Ẑ = [detach(zc), permute(zb)],

where zc and zb are the invariant and biased embeddings,
respectively. Gradient detachment detach() prevents biased-
branch optimisation from affecting the invariant branch’s
gradient calculation. Z is forwarded to the biased classifier
to produce prediction yb, while Ẑ with permuted biased em-
beddings yields ŷb with permuted labels ŷ. This design en-
courages the biased branch to focus exclusively on biased
features.
Next, to prevent the model from being dominated by the

biased subgraphs (e.g. the whole graph is classified as bi-
ased), we adopt a restricted hinge loss (Chen et al. 2022):
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L
b
ce =

1

N
CE(ŷb, ŷ) 1[CE(yb, y) ⇒ CE(ŷb, ŷ)], (7)

which back-propagates only when the joint (causal+biased)
prediction is no worse than the biased-only prediction. This
ensures that biased information does not subsume the invari-
ant subgraph.

Overall Objective. The total loss function of CSDA is ex-
pressed as:

L = L
c
ce + L

b
ce + ς · L

in
CL, (8)

where ς controls the relative weight of the contrastive objec-
tive. This composite loss enforces invariance and sufficiency
of the invariant subgraph while constraining the influence of
domain-specific biases.

Model Fine-tuning with OOD Data
CSDA can be trained solely on in-distribution (ID) dataDin.
In practice, however, a small number of labelled OOD sam-
ples may also be available. In such cases, CSDA can be fur-
ther fine-tuned to better adapt to the target domain. This sub-
section describes how fine-tuning is performed through an
additional supervised contrastive objective.
When OOD samples are provided, the goal is to enhance

cross-domain alignment of the causal representation space.
Specifically, we encourage embeddings of ID and OOD
samples with the same veracity label to be close, while en-
suring separation across different labels. This design rein-
forces the invariance of causal representations, ensuring that
the predictive relationship P (Y | C) remains stable across
domains.
Formally, we introduce an additional supervised con-

trastive loss. For an OOD sample n and an ID sample m
sharing the same label, the loss is defined as:

L
out
CL = ↘

1

Nout

Nout∑

n=1

1

Nyout
n

Nin∑

m=1

1[yout
n =yin

m ]·

log
exp

(
sim(ooutn , oinm )/ϱ

)

∑Nin

k=1 exp
(
sim(ooutn , oink )/ϱ

) ,

(9)

where Nout and N in are the numbers of OOD and ID sam-
ples in the batch, respectively; Nyout

n
is the number of ID

samples sharing the same label as OOD sample n; ooutn , oinm ,
and oink denote the corresponding causal representations ex-
tracted by CSDA; and ϱ is the temperature hyperparameter.
This loss explicitly draws together embeddings of samples
with the same veracity across domains, reinforcing causal
sufficiency and discouraging reliance on domain-specific bi-
ases.
The overall fine-tuning loss of CSDA is thus updated to:

L
→ = L

c
ce + L

b
ce + ς · L

out
CL, (10)

where ς is the same weighting coefficient as in Equation 8.
This formulation enforces that invariant embeddings are
both invariant across domains and sufficient for prediction,
thereby improving generalisation to unseen environments.

Experiment
Experimental Settings
Datasets Five public datasets collected from Twitter
(now called X) and Weibo (a Chinese social me-
dia platform like Twitter) are utilised in the exper-
iments: (1) Twitter (Ma, Gao, and Wong 2017),
(2) Weibo (Ma et al. 2016), (3) Twitter-COVID19 (Lin
et al. 2022), (4) Weibo-COVID19 (Lin et al. 2022)
and (5) PHEME (Kochkina, Liakata, and Zubiaga 2018).
Twitter and Weibo are open-domain datasets. They
cover a variety of topics except COVID-19 and are
used as the main training set. Twitter-COVID19 and
Weibo-COVID19 only contain news related to COVID-19,
which represent the OOD data. PHEME contains hybrid top-
ics news collected from Twitter (now X).
To showcase the effectiveness of CSDA, two set of ex-

periments are designed. In the first set of experiments, the
models are trained on in-distribution data (e.g., Twitter)
and tested on OOD data (e.g., Twitter-COVID19), to
simulate the scenario where no prior knowledge about
the OOD data is available. In the second set of ex-
periments, a few OOD samples (i.e., 80 data sam-
ples of Twitter-COVID19 and Weibo-COVID19) are
utilised to help optimising the models together with in-
distribution data (e.g., Twitter), to simulate the sce-
nario where we have a small number of manually labelled
OOD samples. The remaining OOD data (e.g, 80% of
Twitter-COVID19) are used for model testing.

Baselines We compare with 14 models including recent
models DELL (Wan et al. 2024), UCD-RD (Ran and Jia
2023), CADA (Li et al. 2023), and graph OOD generalisa-
tion methods G-mixup (Han et al. 2022), CIGA (Chen et al.
2022).
Baseline models that are trained with in-distribution data

only include: LSTM (Ma et al. 2016) which uses an LSTM-
based model to learn feature representations of relevant
posts over time;CNN (Yu et al. 2017) uses a CNN model
for misinformation identification by modelling the relevant
posts as a fixed-length sequence; RvNN (Ma, Gao, and
Wong 2018) which learns the propagation of news by ex-
ploiting a tree structured recursive neural network; PLAN
(Khoo et al. 2020) which uses a Transformer (Vaswani
et al. 2017)-based model for misinformation detection by
capturing long-distance interactions between tweets (source
posts and associated comments);RoBERTa (Liu et al. 2019)
which encodes the text information of a news item and clas-
sifies the news based on the text classification;BiGCN (Bian
et al. 2020) which models news propagation by represent-
ing social media posts as nodes in a graph, and then it
utilises a GCN-based model to encode the graph and clas-
sifies whether a given news item is true or fake;GACL (Sun
et al. 2022) which enhances BiGCN by generating adver-
sarial training samples and training with contrastive learn-
ing; SEAGEN (Gong et al. 2023b) which models the news
propagation process by encoding the temporal propagation
graph with a temporal graph network (TGN) and a neu-
ral Hawkes process; UCD-RD (Ran and Jia 2023) which
uses prototype-based contrastive learning to initialise pro-
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Source
Twitter Weibo

Inf-Time Train-Time GPU-Memory
Twitter-COVID19 Weibo-COVID19 PHEME Twitter-COVID19 Weibo-COVID19 PHEME

Method Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 (ms) (s/epoch) (bach-128)

LSTM 0.412 0.383 0.463 0.414 0.560 0.565 0.510 0.388 0.416 0.422 0.550 0.320 2-4 7 3MB
CNN 0.406 0.368 0.445 0.402 0.425 0.512 0.498 0.389 0.421 0.410 0.568 0.280 2-4 7-8 526MB
RvNN 0.436 0.430 0.514 0.482 0.580 0.551 0.540 0.391 0.479 0.493 0.571 0.574 2-4 8 42MB
PLAN 0.455 0.454 0.532 0.496 0.392 0.550 0.573 0.424 0.384 0.372 0.522 0.447 1-3 6-7 67MB
RoBERTa 0.479 0.481 0.623 0.585 0.416 0.523 0.603 0.602 0.680 0.676 0.544 0.401 0.5-1 1 15MB
PLAN-IRM 0.567 0.310 0.501 0.004 0.561 0.447 0.567 0.512 0.658 0.653 0.626 0.239 1-3 8-10 15MB
RoBERTa-IRM 0.703 0.624 0.610 0.740 0.408 0.541 0.531 0.137 0.709 0.717 0.617 0.152 0.5-1 1 15MB
BiGCN 0.468 0.451 0.569 0.508 0.385 0.544 0.616 0.415 0.612 0.561 0.545 0.527 5-6 18 150-200MB
SEAGEN 0.494 0.471 0.555 0.495 0.499 0.521 0.578 0.485 0.586 0.519 0.566 0.574 38-40 50 450-500MB
GACL 0.541 0.541 0.601 0.513 0.417 0.550 0.621 0.505 0.688 0.681 0.475 0.370 25-30 60 180-220MB
UCD-RD 0.665 0.610 0.631 0.566 0.492 0.519 0.591 0.477 0.689 0.617 0.581 0.402 21-24 33 200-240MB
G-mixup 0.395 0.289 0.549 0.543 0.382 0.301 0.388 0.291 0.431 0.350 0.499 0.503 1-2 5 50-80MB
CIGA-GCN 0.492 0.488 0.672 0.660 0.394 0.408 0.542 0.541 0.694 0.681 0.596 0.583 2-3 5-6 220-270MB
CIGA-GIN 0.475 0.465 0.627 0.570 0.408 0.355 0.450 0.400 0.732 0.702 0.499 0.496 2-3 5-6 250-300MB
CSDA (ours) 0.713 0.660 0.701 0.655 0.584 0.601 0.697 0.692 0.741 0.765 0.671 0.567 7-9 20 350-450MB

Table 1: Zero-shot misinformation Detection on Multiple Targets (Acc: Accuracy; F1: F1 score on misinformation detection;
Inference/Train Time measured per sample / per run; GPU Memory measured as peak usage).

totypes via in-distribution samples, and then it aligns the
OOD data features with the corresponding prototypes. In ad-
dition to these traditional misinformation detection methods,
we also compare with textual OOD generalisation methods
(PLAN-IRM, RoBERTa-IRM (Arjovsky et al. 2019)) and
graph OOD methods including G-mixup (Han et al. 2022),
CIGA (Chen et al. 2022).
Baseline models trained with both in-distribution and

low-resource OOD data include: ACLR (Lin et al. 2022)
which utilises adversarial contrastive learning to transfer
pre-trained BiGCN (Bian et al. 2020) models from a source
domain to a target domain for misinformation detection;
CADA (Li et al. 2023) which serves as a plug-in module that
adapts pre-trained models from a source domains to a tar-
get domain based on label-aware domain adversarial neural
networks (Ganin and Lempitsky 2015). In our experiments,
CADA uses BiGCN, RoBERTa, SEAGEN and GACL as the
pre-trained models. The web-retrieval and Large Language
Model (LLM) prompt-based methods DELL (Wan et al.
2024) and RAG-based method FIRE (Xie et al. 2025) are
also compared.
All baselines and CSDA are implemented in Pytorch1 and

trained using an A100 GPU. The baseline models use the
default hyperparameter settings from their original papers.
Hyperparameter ς, ϱ of the CSDA model are set to 0.2, 0.1
respectively in the experiments. The hyperparameters are se-
lected empirically based on a grid search. The parameter
sweeping results are shown in Fig. 4.

Results
Table 2 and Table 1 present the model performance on
the four dataset settings (from Twitter, Weibo to
Twitter-COVID19, Weibo-COVID19.
In Table 1, the models are categorized into two groups.

1https://pytorch.org/

Method Twitter-COVID19 Weibo-COVID19

Acc T-F1 F-F1 Acc T-F1 F-F1

CADABiGCN 0.681 0.621 0.725 0.716 0.552 0.792
CADARoBERTa 0.711 0.540 0.790 0.839 0.783 0.878
CADASEAGEN 0.669 0.383 0.785 0.662 0.471 0.752
CADAGACL 0.641 0.511 0.716 0.684 0.402 0.786
ACLR 0.741 0.607 0.799 0.897 0.847 0.917
DELL 0.446 0.384 0.497 0.800 0.743 0.852
FIRE 0.482 0.402 0.511 0.891 0.899 0.882
CSDAFine-Tuned 0.772 0.767 0.797 0.922 0.884 0.940
↔ (%) +4.18 +26.36 -0.25 +2.79 +4.37 +2.51

Table 2: Few-shot misinformation detection on Twitter-
COVID19 (trained on Twitter) and Weibo-COVID19
(trained on Weibo) (Acc: Accuracy; T-F1: F1 score on true
news; F-F1: F1 score on misinformation).

The upper group consists of sequence-based models (LSTM,
CNN, RvNN, PLAN, and RoBERTa), while the bottom
group includes graph-based models (BiGCN, SEAGEN,
GACL, UCD-RD, G-Mixup, CIGA, and CSDA). Overall, the
graph-based models outperform the sequence-based ones,
underscoring the effectiveness of leveraging propagation
graphs for misinformation detection. Among the graph-
based models, CSDA consistently achieves the best perfor-
mance across both datasets in terms of accuracy and F1
scores.
Baseline models that do not account for OOD data gen-

erally exhibit poor performance. These models are trained
on open-domain in-distribution datasets and are therefore
biased by domain-specific information. UCD-RD seeks to
align the representations of in-distribution and OOD news
samples belonging to the same class. However, it fails to ad-
dress domain biases, making it less effective than CSDA. The
graph OOD generalization method, CIGA, demonstrates
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significant improvements only on the Weibo-COVID19
dataset, whereas G-Mixup fails to deliver any notable im-
provements. This may be because these methods are de-
signed for more sophisticated graph structures and are less
suited to news propagation graphs, which feature simpler
structures but more complex node attributes.
Our experimental setting further considers cross-platform

and cross-language transfer by training models on the
English Twitter data and testing on the Chinese Weibo-
COVID19 data, and vice versa. This setting introduces sub-
stantial distribution shifts stemming from differences in lan-
guage, user populations, and platform-specific propagation
dynamics, where most baseline methods exhibit pronounced
performance degradation. In contrast, CSDA shows consis-
tently smaller performance drops, indicating that invariant
propagation subgraphs generalise more robustly across plat-
forms and languages than domain- or language-specific cor-
relations.
As shown in Table 2, when labelled OOD data is avail-

able, the baseline models (BiGCN, RoBERTa, SEAGEN
and GACL) powered by CADA can learn features from the
OOD data and achieve better accuracy than their vanilla
versions. ACLR, which is designed for domain adaptation,
achieves even better performance. However, these models
are still outperformed by CSDA using fine-tuning with a
performance improvement of 2.79 ⇑ 4.18%. DELL has
good performance on the Weibo-COVID19 dataset but per-
forms poorly on the Twitter-COVID19 data set, showing
both promising results and limitations of LLMs in misin-
formation detection, providing potential for future work.

Significance Test
Table 3 is the performance with invariance under 5 prede-
fined random seeds (0, 42, 43, 2025, 2026). We select the
transfer from Twitter dataset to Twitter-COVID19
and Weibo-COVID19 (simplified as Twitter19 and
Weibo19 in Table 3) they are representative enough to
simulate the cross-domain, corss-platform scenarios. The
CSDA has significant superior performance on Twitter19’s
accuracy, F1 than CIGA-GCN (p < 0.01) and RoBERTa-
IRM (p < 0.05). But CSDA has inferior performance’s F1
score. This can be resulted from the imbalanced label dis-

Figure 4: Parameter sensitivity analysis.

Method Twitter19 Weibo19

Acc F1 Acc F1

CIGA-GCN 0.492±0.035 0.488±0.039 0.672±0.009 0.660±0.036
RoBERTa-IRM 0.703±0.042 0.624±0.058 0.610±0.011 0.740±0.017
CSDA 0.713±0.032 0.660±0.019 0.701±0.010 0.655±0.018

Table 3: Transfer Evaluation from Twitter to Twitter19 and
Weibo19 (Acc: Accuracy; F1: F1 score).

tribution. CSDA has better precision and recall on true-label
data but perform poorly on false-label data.

Case Study

Successful Example. To further illustrate the inter-
pretability and effectiveness of CSDA, we conduct a
case study using the Twitter and Twitter-COVID19
datasets. Specifically, the mask generator trained on
Twitter is applied to unseen Twitter-COVID19 sam-
ples to disentangle causal from biased subgraphs. As shown
in Table 4, the source news item that mimics an official tone
receives a near-zero node score, reflecting that its linguistic
content alone is insufficient to determine veracity. In con-
trast, user comments that provide factual reasoning (e.g., cit-
ing rigorous testing protocols in South Korea) are assigned
higher importance scores, while irrelevant or promotional
content is down-weighted. A similar pattern is observed in
the second example, where community responses effectively
highlight the falsity of the news despite its credible surface
tone.
This differentiation demonstrates that CSDA’s mask gen-

erator is capable of elevating domain-invariant, causally rel-
evant information while suppressing spurious or domain-
specific cues. Consequently, the invariant encoder focuses
on subgraphs that generalise across domains, thereby yield-
ing robust OOD detection performance.

Failure Analysis Drawn from all cross-domain detection
shown in Table 1, our analysis identifies two fundamental
failure modes in cross-domain rumor detection. First, GNN-
based models exhibit pronounced structural overfitting to
propagation topology. Specifically, models trained on deep
and narrow propagation trees (average depth ⇑4, width ⇑9
nodes per level) degrade severely when exposed to shal-
low yet highly expansive viral cascades (average depth ⇑2,
width ⇑19 nodes per level), a pattern commonly observed
in COVID-19 misinformation. The fixed three-layer archi-
tecture is implicitly tuned to the depth characteristics of the
training distribution and consequently fails to adapt to out-
of-distribution propagation structures. Second, semantic do-
main shifts manifest as substantial distortions in the embed-
ding space, including a 27.5% increase in feature norms, po-
larity inversions across dimensions, and a 44% reduction in
variance captured by the leading PCA components. These
observations indicate that the learned representations lack
robustness across temporal and topical domain shifts.
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News, Comments, Node Scores and Edge Scores
Source news: The World Health Organization confirmed that
Covid-19 is deadlier than the seasonal flu, but does not transmit
as flu... [Node Score: <0.001] [Label: FAKE]
Comment 1: Need to buy a lot of masks contact me. [Node
Score: 0.154] [Edge 0↑1 Score: 0.152]
Comment 2: Because of their more rigorous testing proto-
cols, South Korea’s mortality rate of 0.6% is the most accurate.
[Node Score: 0.393] [Edge 0↑2 Score: 0.515]
Comment 3: Why don’t you look at implementing #Covid 19
travel health cards that confirm the person has been. . . [Node
Score: 0.514] [Edge 0↑3 Score: 0.462]
Comment 4: WHO is also omitting mild cases from their stats.
[Node Score: 0.556] [Edge 0↑4 Score: 0.574]

Source news: Rumours are no less infectious than #coron-
avirus! This looks like a meticulous list, but a fake one too...
URL [Node Score: 0.100] [Label: True]
Comment 1: Yeah, this is fake coz you guys have totally dis-
allowed stores from delivering essent. . . [Node Score: 0.446]
[Edge Score: 0.554]
Comment 2: Why are police personnel beating up vegetable
vendors and delivery guys... [Node Score: <0.01] [Edge Score:
0.036]
Comment 3: We have forwarded your query to the xxx. You
can contact them on xxx-xxxxxx. [Node Score: 0.190] [Edge
Score: 0.809]

Table 4: Case study of CSDA’s successful examples. from
the Twitter-COVID19 dataset.

Ablation Study
Training Objective Ablation. To evaluate the contribu-
tions of different loss components and the invariant subgraph
extraction module, we conduct an ablation study with four
model variants, reported in Figure 5.

• Only L
c
ce: The model is trained using only the causal

cross-entropy loss. Without disentangling, the model
tends to overfit to domain-specific propagation patterns,
resulting in limited generalisation.

• +Lin
CL: Adding the contrastive loss improves represen-

tation consistency across samples with the same label,
leading to a clear performance gain.

• +Lb
ce (without hinge): Introducing the biased branch

loss without hinge constraints reduces performance. This
occurs because the biased classifier is optimised on both
invariant and biased embeddings indiscriminately, allow-
ing gradients from spurious correlations in the biased
branch to interfere with the invariant encoder. In the ab-
sence of hinge restrictions, biased-only predictions are
weighted equally, which dilutes the causal signal and im-
pairs OOD generalisation.

• Full model (with hinge loss): Incorporating the hinge
loss ensures that updates from the biased branch are
propagated only when they do not conflict with the in-
variant branch. This stabilises training and prevents bi-
ased signals from dominating. The final CSDA achieves
the best performance, confirming the necessity of the
hinge mechanism for effective disentanglement.

Figure 5: Ablation study under different training sources.

Overall, these results validate the design of the disentan-
gling training objectives. In particular, the hinge loss plays
a crucial role in balancing the optimisation of invariant and
biased branches, safeguarding the invariant encoder from be-
ing overwhelmed by spurious domain-specific features.

Model Component Ablation We evaluate CSDA under
two ablation scenarios: (i) replacing the graph encoders in
both branches with NN, GCN, and GIN, and (ii) comparing
soft masks with hard (binary) masks to assess the impact of
mask granularity.
The results in Table 5 show two clear trends. First,

CSDA consistently benefits from more expressive encoders,
with GIN achieving the best performance across all settings.

Setting Mask NN GCN GIN

Twitter ↑ Twitter-COVID19 Binary 0.580 0.535 0.656
Soft 0.628 0.693 0.713

Twitter ↑ Weibo-COVID19 Binary 0.645 0.626 0.677
Soft 0.665 0.697 0.701

Table 5: Ablation study on encoder choice and mask type.
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Second, soft masks uniformly outperform binary masks for
every encoder and transfer scenario, demonstrating the ad-
vantage of fine-grained importance weighting.
These findings suggest that both encoder expressiveness

and mask granularity are critical for effective causal–biased
subgraph disentanglement, ultimately leading to improved
cross-domain generalisation.

Conclusions
In this paper, we proposed CSDA, an invariant subgraph-
oriented framework for cross-domain misinformation detec-
tion. Unlike prior approaches that rely heavily on domain-
specific correlations, CSDA disentangles news propagation
graphs into invariant and biased subgraphs. By ensuring that
predictions depend on the invariant and sufficient invari-
ant subgraphs, the model achieves robust generalisation to
out-of-distribution domains. From a causal perspective, the
framework implicitly addresses counterfactual queries: if bi-
ased substructures were removed or altered, the prediction
would remain unchanged so long as the invariant subgraph is
preserved. This robustness is validated through extensive ex-
periments, where CSDA consistently outperforms sequence-
based and graph-based baselines across zero-shot and few-
shot settings. The additional fine-tuning strategy with lim-
ited OOD samples further enhances adaptability.
This work uses publicly available benchmark datasets that

have been widely adopted in prior misinformation studies
and are processed in accordance with their original licens-
ing terms, without attempting to infer additional personally
identifiable information. However, automated misinforma-
tion classification systems may be misused if model out-
puts—such as mask or node importance scores—are mis-
interpreted as indicators of user credibility or community
value. In addition, false positives, particularly during crisis
scenarios or rapid deployment, may suppress accurate infor-
mation or mislead decision-making. We therefore emphasise
that CSDA is intended as a decision-support tool and should
be deployed with appropriate human oversight and contex-
tual safeguards.
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