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ABSTRACT
In this paper, we present a multi-task learning framework
consisting of two interrelated components for the joint mod-
eling of stance classification and rumor veracity prediction
on Twitter. The proposed hierarchical framework models
a conversation sequence using a graph attention network,
leveraging a BERT-based word representation augmented
with user credibility information. The lower component of
the framework models the conversation sequence of a claim
in addition to the BERT-based user content representation to
predict the stance of the underlying tweets. It employs a mod-
ified graph attention network, which models a conversation
thread by finding tweets path-to-root conversation sequences.
Further, the learned stance representation is augmented with
the users’ credibility information and content representation
to predict rumor veracity. The experimental evaluation re-
sults over two benchmark datasets show that the proposed
approach outperforms the state-of-the-art methods.

KEYWORDS
Multitask Learning, Stance Detection, Rumor Veracity pre-
diction, Joint Learning
ACM Reference Format:
Muhammad Abulaish, Anuj Saraswat, and Mohd Fazil. 2023. A
Multi-Task Learning Framework using Graph Attention Network
for User Stance and Rumor Veracity Prediction. In International
Conference on Advances in Social Networks Analysis and Mining
(ASONAM’23), Nov 6-9, 2023, Kusadasi, Turkiye. ACM, New
York, NY, USA, 5 pages. https://doi.org/10.1145/3625007.3632289

1 INTRODUCTION
The open nature and large-scale spreading potential of On-
line Social Networks (OSNs) have facilitated the anti-social
elements in performing mischievous activities like rumor, fake
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news, hate speech, and spamming generally using fake profile
and socialbots [8–10]. The anti-social elements use social en-
gineering to conduct illicit activities [1]. The user-generated
content on OSNs includes plenty of unverified information.

In this study, we define rumor as a piece of information
whose truth value is still undefined [20]. A rumor can be false
rumor, true rumor, or unverified. A rumor is labeled as fake
news if it originates from a news publishing agency. There
are growing cases of real-life incidents where rumor lead to
lynchings and communal riots. Therefore, identification and
segregation of rumors are vital for establishing and building
the trust of general users on OSN platforms. There are well-
known and established debunking services like snopes.com
and altnews.com, which are tirelessly working to debunk
the fake news and rumors. However, these services generally
follow a manual procedure, which is resource-intensive and
financially infeasible. Due to the abundance of rumors on
OSNs, the development of automated methods for predicting
the veracity of information is vital and essential. However,
most of the early approaches generally use feature engineering-
based classification models for rumor veracity prediction [2, 4].
Many studies also found that user attitude embedded within
the replies of a claim contains useful features to label its
veracity [25]. Our proposed approach presents a two-level
graph attention network-based multi-task neural network
model, wherein the lower part of the framework assigns the
stance label to each tweet engaged in a rumor conversation
thread. Further, stance representations are aggregated and
concatenated with content representation and user credibility
vector for veracity prediction of the conversation thread.

An unreliable social media post ignites controversy among
other users who react to it. The replies contain implicit and
explicit clues, which can be leveraged to predict the claim’s
veracity. The stance embedded in user responses can be either
deny, support, query, or comment with respect to the posted
claim. The existing stance detection model use either the
sequential [13, 26] or the temporal [22] organization of the
conversation thread. In a multi-task neural network model,
[23] exploited the conversation structure but aggregated the
signals from all the neighbors of a target tweet. Unlike [23],
our proposed approach employs the path to root context using
the conversation sequence of a tweet rather than using all the
neighboring tweets. Hence, our approach incorporates the
context of a tweet using all the earlier tweets of its conversa-
tion sequence. All tweets of the sequence can not be equally
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important and should be assigned variable weights based on
importance. Therefore, we model the textual content of each
response in addition to their underlying conversation struc-
ture into a latent space using the graph attention network
(GAT). To the best of our knowledge, the proposed approach
is the first multi-task learning framework employing GAT for
joint modeling of stance classification and rumor veracity pre-
diction tasks. Unlike existing sequential- and temporal-based
methods, our approach employs both content and context
incorporated through conversation sequence for learning the
representation of target tweet. Further, stance detection is
vital because rumor classes have different stance distribution
and evolution [17, 23].

1.1 Rumor Stance Detection and Veracity
Prediction

Stance detection is the identification of a user’s view on OSN
posts related to a topic of interest. . The researchers also
utilize the stance of user responses for veracity prediction
of claims on OSNs. We group the existing stance detection
approaches into two categories – feature engineering- and
deep learning-based approaches. Mendoza et al. [18] analyzed
the user stances when confronted with a rumor. Authors
in [20] used content- and network-based features to classify
users as a supporter or refuter of a claim. Likewise, [24] used
linguistic features to train classifiers for stance prediction on
Twitter. The authors classified a set of crisis-related tweets
into affirmative and denial classes. The existing literature
has several other feature engineering-based approaches using
different set of features for rumor stance detection [3, 19].
Additionally, the existing literature has several approaches
for stance detection using label propagation, and sequential
classifiers [11, 26].

1.2 Joint Prediction of Stance and Veracity
The existing literature also has methods employing user
stances as features in rumor veracity prediction [6, 16]. How-
ever, joint prediction of both stance and rumor veracity in
a unified model is understudied. Ma et al. [17] presented a
multi-task learning architecture to learn a unified feature rep-
resentation employing task-invariant features. Additionally,
the model also learns the task-specific feature representation.
The model in [14] learns a shared representation of stance and
rumor veracity features. It also includes task-specific layers to
learn the task-specific representations. The existing literature
has various multi-task learning schemes for joint modeling of
stance and rumor veracity prediction tasks [12, 14, 15]. Wei
et al. [23] jointly modeled the stance detection and rumor
veracity prediction problem in a hierarchical fashion. Our
proposed approach is also a hierarchical model, but it does
not employ aggregation-based structure modeling. Rather,
it uses conversation sequence-based structure modeling em-
ploying the attention mechanism to assign a variable weight
to each of the contributing tweets of the sequence depending
on their importance.

2 PROPOSED FRAMEWORK
Figure 1 illustrates the architecture of the proposed model,
which consists of two components. The lower component
learns the stance representation of each tweet of a conversa-
tion thread which is employed by the upper component for
rumor veracity prediction through concatenating the user and
content features. The bottom component considers structural
information of the conversation thread and learns stance fea-
tures using the GAT layer employing attention strategy. The
output from the GAT layer is concatenated with additional
content-based features including the punctuation count, con-
tent similarity with the source, and parent tweet, along with
a set of category-specific cue words. The concatenated vector
forms the stance feature. We use SBERT [21] to generate the
representation of each tweet of the thread. Next, the encoded
representation is concatenated with stance features and given
to the top component, which along with the user credibility
vector determines the veracity of the conversation thread.

2.1 Stance Detection
2.1.1 Conversational-GAT: Attention-aware Stance Prediction.
The input to this bottom component is a conversation thread
C in the form of nodes (tweets), i.e., C={t1, t2, . . . , t|N |}.
First, each tweet ti: i∈1, |C| of C is encoded using SBERT
embedding to find its embedding representation denoted
by eti∈Rd, where d represents the embedding dimension.
Further, eti of each tweet of C is given to the BiGRU layer
to observe the encoded content-based feature representation
ti ∈ Rd′

, where d′ represents the dimension of BiGRU layer-
based feature representation. Similarly, all the tweets of C
are encoded C={t1, t2, . . . , t|N |}.

The stance feature representation of each tweet ti is com-
puted based on the sequence of conversation up to the tweet
using a graph attention layer employing the multi-head at-
tention strategy. For a target tweet ti, we use the sequence
of conversation representing the path up to the root because
these tweets are informative, unlike original GAT, which
learns the hidden representation based on all the neighboring
tweets. Therefore, the stance feature representation of ti is
learned based on the sequential structure of its conversation
sequence up to the source node.

The conversation thread C is modeled using a graph GC =
V, E, where V represents the tweets (nodes) of C and E is
the edge set between tweets based on reply relationship. The
edge set is converted into an adjacency matrix A∈ R|N |×|N |
where Aij=1 Next, the adjacency matrix is converted into a
path-to-root matrix Ap, as given in equation 1, where PR is
a function to convert an adjacency matrix into a path-to-root
matrix Ap. In Ap, diagonal elements are zero, which will
void the effect of the target tweet ti. Therefore, to elevate the
importance of ti itself, an identity matrix is added to Ap, as
given in equation 2.

Ap = PRA (1)
Ap = Ap I (2)
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Figure 1: Architecture of the proposed framework

Finally, the BiGRU-based encoded set
C={t1, t2, . . . , t|N |}: ti∈ Rd′

of N tweets of C is given
to a graph attention layer, which produces a new set of node
features C′

= {t′
1, t′

2, . . . , t′
N }: t′

i ∈ Rd, where d represents
the dimension of the newly encoded representation which is
same as the initial dimension. Further, we apply a shared
linear transformation using weight matrix W∈Rd×d′

to
all the tweets of C. Next, self-attention, a, is employed
to calculate the attention coefficients, eij , using equation
3, where eij represents the importance of tweet tj to
tweet ti after applying the a. The attention mechanism
a : Rd×Rd→R comprises of a single layer feed-forward neural
network employing a Leaky Relu activation function.

eij = a{Wti, Wtj} (3)
The graph attention layer uses the graph structure into

the mechanism by using masked attention to compute the
attention coefficients (eij) for the tweets (nodes) that are
in the neighborhood of ti in the graph. However, we exploit
tweets which are on the conversation sequence path-to-root,
as opposed to using all neighboring nodes of ti. We calculate
eij for nodes j ∈ Ni , where Ni is the set of nodes in the
path from ti to the root node. Attention coefficients are
normalized using the softmax function defined in equation
4, where ·T represents matrix transposition and || represents
concatenation operation.

aij =
exp

(
LeakyReLU

(
aT Wti||Wtj

))

k∈ Ni
exp

(
LeakyReLU

(
aT Wti||Wtk

)) (4)

t′
i = σ

(
j∈ Ni

aijWtj

)
(5)

The final output features are a linear combination of the
attention coefficients and respective features. We have used
a multi-headed attention to stabilize the process of self-
attention and to perform the linear transformation described
above using K independent attention mechanisms. There-
after, features are concatenated to get the resulting output
feature, as given in equation 6. Finally, at GAT layer, the
output of the multi-headed attention is averaged to get the
final representation of the tweets of C.

t′
i = ||Kk=1σ

(
j∈ Ni

ak
ijWktj

)
(6)

t′
i = σ

( 1
K

K

k=1 j∈ Ni

ak
ijWktj

)
(7)

2.1.2 Additional Features. To enrich the representation
of the output feature from GAT, we concatenate some
informative additional features to it. First, we calculate each
tweet’s Cosine similarity with source and previous (parent)
tweets. We also concatenate the punctuation count, hashtag
count, is tweet a source tweet? and is tweet a reply tweet?.
We also use various rumor indicating words and count their
occurrence belonging to support, deny, query, and comment
categories of stances, creating four sets of signal words
having 43, 52, 55, and 13 words. Next, for each tweet ti of
C, we apply softmax to the stance features to get the stance
probabilities and their respective labels.

si = softmaxt′
iε R

4, iε1, N (8)

2.2 Rumor Veracity Prediction
2.2.1 Stance-aware GRU. This layer couples the et from
SBERT with the stance feature learned from the bottom
component, to capture the temporal evolution of stance in
the conversation thread. Given a conversation thread C =
{t1, t2, ...., tN }, we concatenate the encoded tweet feature
and stance feature for each tweet and pass it as an input to
a GRU layer to learn the hidden representation, as defined
in equation 9.

hi = GRU
(
eti || si, eti−1

)
, i∈ 1, N, (9)

2.2.2 User Credibility Vector. Authors in [4, 15] highlighted
that credibility of users posting the content is crucial in
determining the veracity of the content. Therefore, we use
a set of 7 users’ profile and activity-based features like is
verified and has a profile description. The value of these
features is normalized using Z-score normalization.

2.2.3 Rumor Verification. This integrates the user-credibility
vector u={u1, u2, . . . , uN }, i∈ 1, N with the output of the
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Table 1: A brief statistics of datasets

Dataset #CT #tweets
Rumor label statistics Stance label statistics

True False Unverified S D Q C
RumorEval 325 5568 145 74 106 1004 415 464 3685
PHEME 1972 31430 1008 393 571 - - - -

stance-aware GRU to create a rumor feature vector for ve-
racity prediction task. Equation 10 defines it for an example
tweet ti.

vi = {hi || ui}, i∈ 1, N (10)
Further, we perform a max-pooling operation over the

rumor feature vectors of C to compute a final rumor vec-
tor v = maxpoolingv1, v2, ...., vN . The final feature vector
embeds the global information of stance evolution, user-
credibility, and content features. Finally, v is passed to a
FCC layer, followed by a softmax function for prediction.

3 EXPERIMENTAL SETUP AND RESULTS
3.1 Dataset and Evaluation Metrics
We evaluate the proposed approach over two benchmark
datasets – RumorEval [5] and PHEME [27]. We use the Ru-
morEval dataset for the evaluation of both the stance and
rumor veracity prediction tasks. The second dataset PHEME
has 1972 rumorous conversation threads, which are labeled as
either true, false, or unverified denoting their veracity. We use
only the English version of the PHEME dataset and perform
leave-one-out cross validation. Table 1 presents a brief sta-
tistics of both the datasets, where S, D, Q, and C represent
the Support, Deny, Query, and Comment stance categories,
respectively and CT stands for conversation threads. We
evaluate the proposed approach using the macro-averaged F1
score and accuracy metrics due to class imbalanced-dataset

3.2 Stance Evaluation Results
BranchLSTM:. It is an LSTM-based neural network ar-

chitecture to process the sequential branches of conversation
threads. The input to the LSTM layer also includes hand-
crafted features. The LSTM layer is followed by several dense
layers and a softmax layer for output prediction.

Affective + SVM:. It extracts four categories of features
including affective- and dialog-act-based features and trained
SVM as a mutli-class classifier.

Temporal Attention: It is an attention aware CNN-LSTM
model, which incorporates the context of a tweet using its
neighboring tweets.

Conversational GCN:. In this, the stance prediction com-
ponent employs a novel graph convolution operation to model
the structural property.

Table 2 presents the comparision results for stance de-
tection. It shows that our approach performs best in terms
of macro-averaged F1. All the existing methods either fail
or show very poor performance in predicting deny stance,
whereas our approach shows the best performance. However,

Table 2: Performance evaluation results for stance detection
over RumorEval dataset, where Fs, Fd, Fq, and Fc denote
the F1 score of support, deny, query, and comment stance
categories, respectively. A dash represents that the value of
the respective evaluation metric is zero.

Approach Macro-F1 Fs Fd Fq Fc Accuracy
BranchLSTM [13] 0.434 0.403 0.000 0.462 0.873 0.784
Affective+SVM [19] 0.470 0.410 0.000 0.580 0.880 0.795
Temporal Attention [22] 0.482 - - - - 0.820
Conversational GCN [23] 0.499 0.311 0.194 0.646 0.847 0.751
Proposed approach 0.508 0.428 0.260 0.494 0.849 0.750

Table 3: Comparative performance evaluation results for rumor
veracity prediction

Approach
RumorEval PHEME

Macro-F1 Accuracy Macro-F1 Accuracy
BranchLSTM [13] 0.491 0.500 0.336 0.454
NileTMRG [7] 0.539 0.570 0.339 0.438
MTL2 [14] 0.558 0.571 0.376 0.441
MTL3 [14] - - 0.396 0.492
Hierarchical-PSV [23] 0.588 0.643 0.361 0.433
Shared LSTM + Attention [15] 0.638 0.606 0.418 0.483
Proposed Approach 0.825 0.821 0.514 0.676

in terms of Fq, Fc, and accuracy, comparison approaches
perform better. The better performance in predicting support
and denying stances is important because they are the good
indicators of rumor veracity [23]. The Conversational-GAT
component effectively encodes each tweet based on its con-
versational sequence along with the attention strategy. The
attention aware aggregation of information from the sequence
enables the learning of powerful and discriminative stance
features.

3.3 Rumor Veracity Evaluation Results
NileTMRG:. It first learns a bag-of-word representation

and further concatenate other features. Next, a linear SVM
classifier is trained for prediction.

MTL2 (Stance + Veracity): It has a shared LSTM layer
to learn a unifying representation employing the common
features of all the tasks. It also has task-specific layers to
learn the discriminatory feature representation.

MTL3 (Detection + Stance + Veracity): It is like MLT2,
but includes one more task of rumor detection.

Hierarchical-PSV:. It uses graph convolution operation-
based stance features, stance evolution, along with content
representation for rumor veracity prediction.

Shared LSTM + Attention: It jointly predict stance and
rumor veracity. However, it does not present results for stance
detection. It uses a shared LSTM layer for unifying represen-
tation and two task-specific layers.

Table 3 presents the comparative results for rumor verac-
ity prediction. In this table, MTL3 results over RumorEval
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dataset is not presented because it contains only rumor-
ous threads (no potential rumors). The table shows that
our framework performs significantly better in comparison
to state-of-the-art models. Hierarchical-PSV [23] learns the
tweet representation aggregating information from all the
neighbors assigning equal weight to all. On investigating the
evaluation results between multi-task and single-task learn-
ing approaches, we found that jointly learning improves the
performance due to the feedback from one task (independent)
to the second task (dependent). The best performance by
MTL3 establishes that as the number of tasks is increased,
the performance improves due to the inter-relation between
the tasks. Further, the only multi-task approach [15] which
uses the attention mechanism shows the best performance
among the comparison approaches. It establishes the efficacy
of graph attention for better context representation.

4 CONCLUSION AND FUTURE WORK
In this paper, we have presented a multi-task learning frame-
work to jointly model the prediction of user stance and rumor
veracity in a conversation thread using structural, content,
and temporal dynamics information. The proposed frame-
work employs the novel GAT architecture with path-to-root
conversation sequence of a target tweet to learn stance feature
through a multi-head attention strategy, and uses SBERT
for better context incorporation. The generated tweet rep-
resentation along with the stance dynamics is augmented
with the users’ credibility information and content-based
features for rumor veracity prediction. The experimental
evaluation results over two benchmark datasets show that
the proposed framework outperforms the existing state-of-
the-art approaches for stance and rumor veracity prediction.
Enhancement of the proposed framework with structural
features and its evaluation over larger datasets seems one of
the future directions of research.
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